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Preface 

 

 
This book presented techniques and experimental results which have been pursued for 

the purpose of evolutionary robotics. Evolutionary robotics is a new method for the auto-
matic creation of autonomous robots. When executing tasks by autonomous robots, we can 
make the robot learn what to do so as to complete the task from interactions with its envi-
ronment, but not manually pre-program for all situations. Many researchers have been 
studying the techniques for evolutionary robotics by using Evolutionary Computation (EC), 
such as Genetic Algorithms (GA) or Genetic Programming (GP). Their goal is to clarify the 
applicability of the evolutionary approach to the real-robot learning, especially, in view of 
the adaptive robot behavior as well as the robustness to noisy and dynamic environments. 
For this purpose, authors in this book explain a variety of real robots in different fields. 

 For instance, in a multi-robot system, several robots simultaneously work to achieve a 
common goal via interaction; their behaviors can only emerge as a result of evolution and 
interaction. How to learn such behaviors is a central issue of Distributed Artificial Intelli-
gence (DAI), which has recently attracted much attention. This book addresses the issue in 
the context of a multi-robot system, in which multiple robots are evolved using EC to solve a 
cooperative task. Since directly using EC to generate a program of complex behaviors is of-
ten very difficult, a number of extensions to basic EC are proposed in this book so as to solve 
these control problems of the robot.  

Another important topic is a humanoid robot. In recent years, many researches have been 
conducted upon various aspects of humanoid robots. Since humanoid robots have physical 
features similar to us, it is very important to let them behave intelligently like humans. In 
addition, from the viewpoint of AI or DAI, it is rewarding to study how cooperatively hu-
manoid robots perform a task just as we humans can. However, there have been very few 
studies on the cooperative behaviors of multiple humanoid robots. Thus, in this book, sev-
eral authors describe the emergence of the intelligent humanoid behavior through the usage 
of EC. 

 There are many other interesting research topics described in this book, such as evolu-
tionary learning of robot parameters, evolutionary design, evolutionary motion control, evo-
lutionary morphology and evolutionary navigation planning.  

The developments in this book aim to facilitate the discovery of evolutionary framework 
in the sense that the empirical studies are mainly from the fields of real-world robotics do-
mains, e.g., Khepera, AIBO and humanoid robots. In other words, the principles of evolu-
tionary computation can be effectively applied to many real-world tasks. The presented suc-
cessful experimental results suggest that, in general, the proposed methodologies can be 
useful in realizing evolutionary robotics.  

 

                                                                                                                  Editor 
 

 Hitoshi Iba 

University of Tokyo 
Japan 
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A Comparative Evaluation of Methods for 
Evolving a Cooperative Team 

Takaya Arita1 and Yasuyuki Suzuki2

1Nagoya University, 2Goldman Sachs Japan Holdings 
Japan

1. Introduction  
Some problems can be efficiently solved only by teams consisting of cooperative 
autonomous players (robots). Many researchers have developed methods that do not
require human designers to define specific behaviors of players for each problem. The work 
reported in this chapter focuses on the techniques of evolutionary computation, which has
been regarded as one of the most promising approaches to solving such complex problems.
However, in using evolutionary computation for generating players performing tasks 
cooperatively, one faces fundamental and difficult decisions, including the one regarding 
the so-called credit assignment problem (Haynes et al., 1995). For example, if we can only 
evaluate the global performance of each team, how do we divide up the team’s performance
among the participating players? We believe that there are some correlations among design 
decisions, and therefore a comprehensive evaluation of them is essential, although several
researchers have proposed evolutionary methods for evolving teams performing specific
tasks. 
This chapter is organized as follows. In Section 2, we list three fundamental decisions and 
possible options in each decision in designing a method for evolving a cooperative team. We
find that there are 18 typical combinations available. Then, in Section 3, we describe the
ultimately simplified soccer game played on a one-dimensional field as a testbed for 
comparative evaluation of these 18 candidate methods. Section 4 reports on the results of the 
comparative evaluation of these methods, and Section 5 summarizes the work. 

2. Methods for Evolving a Team 
In general, three fundamental decisions are necessary when one designs an evolutionary 
computation method for generating players performing tasks cooperatively, and there may
be several combinations of the options in these decisions.
The first decision is: How many evolving populations are there? The answer is derived by 
considering whether or not the population structure depends on the number of teams in the
game, or the number of player roles in the game (Fig. 1). Suppose that the game is played by
2 teams each consisting of 3 players. We can assume an evolutionary computation with 2
populations corresponding 2 teams, with 3 populations corresponding 3 players, or with 6 
populations corresponding to 2 teams of 3 players. So, the typical options for the number of 
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the populations are 1, R, T and T*R (T: number of teams in the game, R; number of the 
player roles in the team). 

 
Figure 1. The four options for the population structure. a) The population represents all 
player roles in all teams. b) Each population represents one player role in all teams. c) Each 
population represents all player roles in each team. d) Each population represents one 
player role in each team 

The second decision is: What does each individual (genome) represent? Typical options are 
a player and a team. In the case where each genome represents a player, there can be two 
further options: all players in the team share one genome (“homogeneous players”) or all 
players are represented by different genomes (“heterogeneous players”). In the case where 
each genome represents a team, there can be two further options: whether or not the roles of 
the players represented in each genome are fixed. In the case where the roles of the player 
are fixed, for example, if a part of a genome represents a defender in the game, this part 
always represents a defender. 
The third decision is: How is the fitness function evaluated? One option is that fitness is 
evaluated for a team as a whole. In this case, if each genome represents a player, each player 
in a team is supposed to have the same fitness. The other option is that the fitness is 
evaluated for each player directly or indirectly. Direct evaluation of players in a cooperative 
team is sometimes a very difficult task, as in general altruistic behavior is important or 
essential in the establishment and maintenance of cooperation in population. Some methods 
for indirect evaluation have been proposed (Miconi, 2001). We adopt a method as this 
option in which the fitness of a player is defined as the decrease in the fitness of the team 
when the player is replaced by a predefined “primitive player” who has a minimum set of 
behavior rules. 
Therefore, there could be 18 available combinations for evolving players performing tasks 
cooperatively, as shown in Table 1.  

A Comparative Evaluation of Methods for Evolving a Cooperative Team 

 

3 

Population structure  
depends 

on Number of 

 T? R? populations 

Each genome represents Unit of fitness evaluation is Code name 

by direct evaluation  1-PHe-PD 
a player 

by indirect evaluation  1-PHe-PI heterogeneous players 

a team (same fitness in a team)  1-PHe-T 
a player 

homogeneous players a team (same fitness in a team)  1-PHo-T 

fixed player-roles a team  1-TFi-T 

No 1 

a team 
unfixed player-roles a team  1-TUn-T 

by direct evaluation  R-PHe-PD 
a player 

by indirect evaluation  R-PHe-PI 

No 

Yes R a player heterogeneous players 

a team (same fitness in a team)  R-PHe-T 

by direct evaluation  T-PHe-PD 
a player 

by indirect evaluation  T-PHe-PI heterogeneous players 

a team (same fitness in a team)  T-PHe-T 
a player 

homogeneous players a team (same fitness in a team)  T-PHo-T 
fixed player-roles a team  T-TFi-T 

No T 

a team unfixed player-roles a team  T-TUn-T 

by direct evaluation  TR-PHe-PD 
a player 

by indirect evaluation  TR-PHe-PI 

Yes 

Yes T*R a player heterogeneous players 

a team (same fitness in a team)  TR-PHe-T 

Table 1. Classification of the methods for evolving a team (T, number of teams in a game; R, 
number of player roles in a team) 

Many researchers treated this issue, although most of them focused on one or two methods 
of 18 combinations. Some significant studies are classified into one of these combinations as 
follows: 1-PHo-T is the simplest method, in which there is one population and all players in 
a team share one genome. Quinn et al. (Quinn et al., 2002) adopted this method, and 
successfully evolved  robots that work as a team, adopting and maintaining distinct but 
interdependent roles, based on their relative positions in order to achieve a formation 
movement task, although they were homogenous. Miconi (Miconi, 2001) adopted 1-PHe-PI, 
in which the fitness of each individual was determined as the decrease in fitness when that 
individual was not present in the team in the context of on-line evolution. Luke (Luke, 1998) 
evolved teams of soccer players through an adapted version of genetic programming: 
homogenous teams (1-PHo-T) and heterogeneous teams (1-TFi-T). Potter and De Jong 
(Potter & De Jong, 1994) proposed cooperative evolutionary algorithms, which can be 
classified into R-PHe-T, and tested them in the domain of function optimization, in which 
each population contained values for one parameter, and the fitness of a parameter was 
obtained by combining the current best parameters of the remaining populations. Our 
previous study (Asai & Arita, 2003) compared [1-PHe-PD], [1-PHe-T], [1-TFi-T], [R-PHe-PD] 
and [R-PHe-T] using a multirobot model in which not only control of behaviors, but also 
morphology (including selection and the arrangement of sensors/motors), evolved via 
ontogenesis. 
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3. Ultimately Simplified Soccer Game 
The ultimately simplified soccer game is defined as a testbed for comparative evaluation of 
these 18 candidate methods. It is a 2 vs 2 player game played on a one-dimensional cellular 
field (T=R=2 in Fig. 1), as shown in Fig. 2 (field: 1-20). The players are homogeneous except 
in their starting positions (left team: player 1 (field 8), player 2 (field 5); Right team: player 1 
(field 13), player 2 (field 16)), and each player makes a run, dribbles the ball, makes a shot at 
goal, or passes the ball to the other player of their own team. One of the actions is decided 
on based on the relative locations of all players and the ball (72 patterns). Action is taken in 
turn between 2 teams. Each step in the game is composed of 4 actions by all players. 

 
Figure 2. The ultimately simplified soccer game 

Multiple players can not be in one cell. The ball is always in a cell where a player resides. A 
moving action of a player with the ball means dribbling. Players move to either of the 
neighboring cells, but when a player moves to a cell with another player, the neighboring 
player is skipped over (a player cannot skip more than one other player). In this case, if the 
players are in opposite teams and one of them has the ball, the ball moves to the other 
player with a set probability (Psteal). If there is an opponent player between the passer and 
the receiver, the ball-passing becomes a failure with a set probability (Pcut), and in this case 
the ball moves to the cell where the opponent player resides. The success rate for shooting is 
antiproportional to the length between the player’s position and the goal irrespective of the 
presence of the opposing players. If a goal is scored, the game restarts with the initial player 
locations. If there is a failure, the game restarts after the ball moves to the opposite player 
nearer to the goal post.  
We expect two types of altruistic behavior which could lead to the emergence of cooperation 
in the game. One is passing the ball to the other player in the same team instead of dribbling 
the ball or taking a shot at the goal. The other type is running in the direction away from the 
goal. The former type of altruistic behavior is analyzed in Section 4.3. 

4. Evaluation 
4.1 Expression of the Players 
Each player selects next action deterministically based on the positional relationship of the 
players and the ball. In doing so, two opponent players are not distinguished. So to be 
precise, the genetic information of each player decides the next action of that player based 
on one of 48 patterns, where each pattern is associated with one of the four actions: 
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running/dribbling to the right; running/dribbling to the left; feeding (passing) the ball to 
the other player of their own team; taking a shot at goal. Therefore, each player is 
represented by 96 bits of genetic information. 

4.2 Evaluation Setting 
The evaluation is conducted in two steps: an evolution step and an evaluation step. In the 
evolution step, populations are evolved for 2000 generations using 18 methods 
independently. Each population has 40 individuals in all methods. A round-robin 
tournament of an ultimately-simplified game of 200 steps is held to evaluate the fitness in 
each generation. 
The parameters Psteal and Pcut are set to 0.8 and 0.4, respectively in both steps. These 
parameters were determined based on preliminary experiments mainly using [T-Pho-T], [T-
Tfi-T] and [TR-Phe-T]. The evolution of the players depended significantly on both 
parameters. In short, a large Psteal or a small Pcut evolved the passer-type players. In contrast, 
a small Psteal or a large Pcut evolved the dribbler-type players. We found that the above 
settings could generate many different kinds of players. 
With the <team-evaluated> option, the fitness is calculated as the number of goals the 
team scored minus the number of goals the opponent team scored. With the <direct-
player-evaluated> option, the fitness is calculated as the number of goals the player 
scored minus the opponent team’s goals divided by 2. Then tournament selection 
(repeatedly selecting the individuals with a higher fitness as parents by comparing two 
randomly chosen individuals), crossover with a 60% probability and one-point mutation 
with a 3% probability are adopted as genetic operators. With the <indirect-player-
evaluated> option, we use a primitive player designed a priori as follows. When a player 
keeps the ball, if they are behind the other team player they pass the ball to the other 
player, otherwise they shoot. When a player does not keep the ball, if they are behind the 
other team player, they move back, otherwise they move toward the goal. In the 
evaluation step, the best team is selected in each of the last 50 generations in the evolution 
step, and selected 50 times 18 selected teams conduct another round-robin tournament of 
1000 step games. 

4.3 Evaluation Results 
Fig. 3 shows the winning ratio of the teams evolved by 18 methods, each of which is the 
average winning ratio of the best 10 teams from 50 teams in the all-play-all tournament 
described above. Table 2 (the left-hand column in the results) also shows these results. Each 
pair of bars in Fig. 3 shows the results of the strategies with same options in genome 
representation and fitness evaluation except for the population structure option (upper 
white bars, <1/R-populations> options; lower black bars, <T /T*R-populations> options). 
It can be seen that the top three methods in this evaluation are <1-population, team-
represented with fixed player-roles, team-evaluated>, <T*R-populations, heterogeneous-
player-represented, team-evaluated>, and <1-population, homogeneous-player-represented, 
team-evaluated>. The winning ratios are 74.6%, 74.1% and 73.5%, respectively. An 
additional evaluation using a team consisting of two primitive players showed that its 
winning ratio was 16.0%. This ratio could be a measure for the performance of these 
methods. 
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Regarding the population structure, the <1/R-populations> option performed better than 
the <T/T*R-populations> option in general. This might be because of ill-balanced evolution, 
over-specialization, or circularity. The adoption of an asymmetric game as a testbed would 
make this tendency weaker. Regarding genome representation, the <homogeneous-player-
represented> option performed well in general. Also, the <team-represented with fixed 
player-roles> option performed well, although the <team-represented with unfixed player-
roles> option performed badly. Regarding fitness evaluation, the <team-evaluated> option 
performed well in general, as the fact that five of the top six methods adopt this option has 
shown. The performance of the <indirect-player-valuated> option depended largely on the 
other options. 
We observed an interesting separation of roles between the two players in the teams with a 
high winning ratio. For example, in some teams the forward player tended to play near the 
goal and the backward player tended to move in order to intercept the ball, and in some 
teams both players seemed to use man-to-man defence. 

 
Figure 3. The average winning ratio of the best 10 teams evolved by each of 18 methods 

Next we examined the relationship between altruistic behavior which could lead to 
cooperative behavior and the winning ratio. Here we focus on the following behavior 
pattern. A player with the ball passes to the other team player, who receives the ball without 
being intercepted and then successfully shoots a goal immediately or after dribbling. We 
termed this series of actions as an “assisted goal” (Fig. 4). Table 2 shows the assist ratio, 
which is the ratio of assisted goals to all goals, and the winning ratio of the teams evolved by 
18 methods. We see from this table that good performing teams also have a tendency to 
have a high assist ratio. In contrast, it is not necessarily the case that teams with a high assist 
ratio have a tendency to have a high winning ratio. This means that assisting behaviour 
defined above is a necessary requirement for the teams to perform well. 
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Figure 4. Two types of “assisted goals” 

 
Table 2. Average winning ratio and assist ratio 

It is a remarkable fact that the <indirect-player-evaluated> option made the assist ratio 
higher. For this option, we adopted a method in which the fitness of a player is the decrease 
in the fitness of team when the player is replaced by a primitive player. This method should 
generate a strong interaction between two players because it tends to result in large decrease 
when the player is replaced. Therefore, the teams generated by the indirect evaluation 
method have a higher assist ratio despite having a relatively low winning ratio. 

5. Conclusion 
This chapter has focused on the methods for evolving a cooperative team by conducting a 
comparative evaluation of 18 methods. We have found that some methods performed well, 
while there are complex correlations among design decisions. Also, further analysis has 
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shown that cooperative behavior can be evolved, and can be a necessary requirement for the 
teams to perform well even in such a simple game. These results could provide insights into 
the evolutionary design of multi-robot systems working in cooperative tasks. 
Evolutionary computation mimics the biological evolution of living organisms. We believe 
that the credit assignment problem, which is the focus of this chapter, could be solved more 
efficiently by developing the biological knowledge on the mechanism of the evolution of 
altruistic behavior, specifically on multi-level selection, a modern version of group selection 
(Ichinose & Arita, 2008). 
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1. Introduction  
Inspired by the Darwinian principles of evolution, genetic algorithms (GAs)  (Holland, 1975, 
Goldberg, 1989) are widely used in optimization. GAs encode all the variables corresponding 
to a candidate solution (the phenotype) in a data structure (the genotype) and maintain a 
population of genotypes which is evolved mimicking Nature's evolutionary process. 
Individuals are selected for reproduction in a way that better performing solutions have a 
higher probability of being selected. The genetic material contained in the chromosome of such 
"parent" individuals is then recombined and mutated, by means of crossover and mutation 
operators, giving rise to offspring which will form a new generation of individuals. The 
process is repeated for a given number of generations or until some stopping criteria are met. 
GAs are search algorithms which can be directly applied to unconstrained optimization 
problems, UOP ),( Sf , where one seeks for an element x  belonging to the search space 

S , which minimizes (or maximizes) the real-valued objective function f . In this case, the 

GA usually employs a fitness function closely related to f . However, practical 
optimization problems often involve several types of constraints and one is led to a 
constrained optimization problem, COP ),,( bSf , where an Sx ∈  that minimizes (or 

maximizes) f  in S  is sought with the additional requirement that the boolean function 

)(xb  (which includes all constraints of the problem) is evaluated as true. Elements in S  
satisfying all constraints are called feasible. 
The straightforward application of GAs to COPs is not possible due to the additional 
requirement that a set of constraints must be satisfied.  Difficulties may arise as the objective 
function may be undefined for some (or all) infeasible elements, and an informative measure 
of the degree of infeasibility of a given candidate solution may not be easily defined. Finally, 
for some real-world problems, the check for feasibility can be more expensive than the 
computation of the objective function itself. 
As a result, several techniques have been proposed and compared in the literature in order 
to enable a GA to tackle COPs. Those techniques can be classified either as  direct (feasible or 
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interior), when only feasible elements in S  are considered, or as  indirect (exterior), when 
both feasible and infeasible elements are used during the search process. 
Direct techniques include: a) the design of special  closed genetic operators, b) the use of 
special decoders, c) repair techniques, and d)  "death penalty". 
In special situations, closed genetic operators (in the sense that when applied to feasible 
parents they produce feasible offspring) can be designed if enough domain knowledge is 
available (Shoenauer & Michalewicz, 1996). Special decoders (Koziel & Michalewicz, 1999) - 
that always generate feasible individuals from any given genotype have been devised, but 
no applications considering non-linear implicit constraints have been published. 
Repair methods (Liepins & Potter, 1996, Orvosh & Davis, 1994) use domain knowledge in 
order to move an infeasible offspring into the feasible set. However, there are situations 
when it is very expensive, or even impossible, to construct such a repair operator, drastically 
reducing the range of applicability of repair methods. The design of efficient repair methods 
constitutes a formidable challenge, specially when non-linear implicit constraints are 
present. 
Discarding any infeasible element generated during the search process ("death penalty") is 
common practice in non-populational optimization methods. Although problem 
independent, no consideration is made for the potential information content of any 
infeasible individual. 
Summarizing, direct techniques are problem dependent (with the exception of the "death 
penalty") and actually of extremely reduced practical applicability. 
Indirect techniques include: a) the use of Lagrange multipliers (Adeli & Cheng, 1994), which 
may also lead to the introduction of a population of multipliers and to the use of the concept 
of coevolution (Barbosa, 1999), b) the use of fitness as well as constraint violation values in a 
multi-objective optimization setting (Surry & Radcliffe, 1997), c) the use of special selection 
techniques (Runarsson & Yao, 2000), and d) "lethalization": any infeasible offspring is just 
assigned a given, very low, fitness value (Kampen et al., 1996). 
For other methods proposed in the evolutionary computation literature see (Shoenauer & 
Michalewicz, 1996, Michalewicz & Shoenauer, 1996, Hinterding & Michalewicz, 1998, Koziel 
& Michalewicz, 1998, Kim & Myung, 1997), references therein, and the repository 
http://www.cs.cinvestav.mx/constraint/, maintained by C.A.C. Coello. 
Methods to tackle COPs which require the knowledge of constraints in explicit form have 
thus limited practical applicability. This fact, together with simplicity of implementation are 
perhaps the main reasons why penalty techniques, in spite of their shortcomings, are the 
most popular ones. 
Penalty techniques, originating in the mathematical programming community, range from 
simple schemes (like "lethalization") to penalty schemes involving from one to several 
parameters. Those parameters can remain constant (the most common case) or be dynamically 
varied along the evolutionary process according to an exogenous schedule or an adaptive 
procedure. Penalty methods, although quite general, require considerable domain knowledge 
and experimentation in each particular application in order to be effective. 
In previous work (Barbosa & Lemonge, 2002, Lemonge & Barbosa, 2004), the authors 
developed a general penalty method for GAs which (i) handles inequality as well as equality 
constraints, (ii) does not require the knowledge of the explicit form of the constraints as a 
function of the decision/design variables, (iii) is free of parameters to be set by the user, (iv) 
can be easily implemented within an existing GA code and (v) is robust. 
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In this adaptive penalty method (APM), in contrast with approaches where a single penalty 
parameter is used, an adaptive scheme automatically sizes the penalty parameter 
corresponding to  each constraint along the evolutionary process. 
In the next section the penalty method and some of its traditional implementations within 
genetic algorithms are presented. In Section 3 the APM is revisited and some variants are 
proposed, Section 4 presents numerical experiments with several test-problems from the 
literature and the paper closes with some conclusions. 

2. Penalty Methods 

A standard constrained optimization problem in nR  can be written as the minimization of a 

given objective function )(xf , where nRx ∈  is the vector of design/decision variables, 

subject to inequality constraints ppxg p ,1,2,= 0,)( K≥  as well as equality constraints 

qqxhq ,1,2,= 0,=)( K . Additionally, the variables may be subject to bounds 
U
ii

L
i xxx ≤≤ , but this type of constraint is trivially enforced in a GA. 

Penalty techniques can be classified as  multiplicative or  additive. In the multiplicative case, a 
positive penalty factor )),(( Txvp  is introduced in order to amplify (in a minimization 
problem) the value of the fitness function of an infeasible individual. One would have 

1=)),(( Txvp  for a feasible candidate solution x  and 1>)),(( Txvp  otherwise. Also, 

)),(( Txvp  increases with the “temperature” T  and with constraint violation. An initial 

value for the temperature is required as well as the definition of a schedule whereby T  
grows with the generation number. This type of penalty has received much less attention in 
the evolutionary computation community than the additive type. In the additive case, a 
penalty functional is added to the objective function in order to define the fitness value of an 
infeasible element. They can be further divided into: (a)  interior techniques, when a barrier 
functional )(xB  -which grows rapidly as x  approaches the boundary of the feasible 
domain- is added to the objective function  

)(1)(=)( xB
k

xfxFk +  

and (b)  exterior techniques, where a penalty functional is introduced  

 )()(=)( xkPxfxFk +    (1) 

 such that 0=)(xP , if x  is feasible, and 0>)(xP  otherwise (for minimization 

problems). In both cases, as ∞→k , the sequence of minimizers of the UOP ),( SFk  

converges to the solution of the COP ),,( bSf . 
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At this point, it is useful to define the amount of violation of the j -th constraint by the 

candidate solution nRx ∈  as  

⎩
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⎧

− otherwise)}({0,max
,constraintequality an for |,)(|

=)(
xg

xh
xv

j

j
j  

It is also common to design penalty functions that grow with the vector of violations 
mRxv ∈)(  where qpm +=  is the number of constraints to be penalized. The most 

popular penalty function is given by  

 β))((=)(
1=

xvkxP j

m

j
∑     (2) 

where k  is the penalty parameter and 2=β . Although it is easy to obtain the 

unconstrained problem, the definition of the penalty parameter k  is usually a time-
consuming problem-dependent trial-and-error process. 
Le Riche et al. (1995) present a GA based on two-level of penalties, where two fixed penalty 
parameters 1k  and 2k  are used independently in two different populations. The idea is to 

create two sets of candidate solutions where one of them is evaluated with the parameter 1k  

and the other with the parameter 2k . With 21 kk ≠ , there are two different levels of 
penalization and there is a higher chance of maintaining feasible as well as infeasible 
individuals in the population and to get offspring near the boundary between the feasible 
and infeasible regions. The strategy can be summarized as: (i) create pop×2  individuals 
randomly ( pop  is the population size); (ii) evaluate each individual considering each 
penalty parameter and create two ranks; (iii) combine the two ranks in a single one with size 
pop ; (iv) apply genetic operators; (v) evaluate new offspring ( pop×2 ), using both 

penalty parameters and repeat the process. 
Homaifar et al. (1994) proposed a penalty strategy with multiple coefficients for different 
levels of violation of each constraint. The fitness function is written as  

2

1=
))(()(=)( xvkxfxF jij

m

j
∑+  

where i  denotes one of the l  levels of violation defined for the −j th constraint. This is an 
attractive strategy because, at least in principle, it allows for a good control of the 
penalization process. The weakness of this method is the large number, 1)(2 +lm , of 
parameters that must be set by the user for each problem. 
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Joines & Houck (1994) proposed that the penalty parameters should vary dynamically along 
the search according to an exogenous schedule. The fitness function )(xF  was written as 

in (1) and (2) with the penalty parameter, given by α)(= tCk × , increasing with the 

generation number t . They used both 2 ,1=β  and suggested the values 0.5=C  and 

2=α . 
Powell & Skolnick (1994), proposed a method of superiority of feasible points where each 
candidate solution is evaluated by the following expression:  

),()()(=)(
1=

xtxvrxfxF j

m

j
θ++ ∑  

where r  is a constant. The main assumption is that any feasible solution is better than any 
infeasible solution. This assumption is enforced by a convenient definition of the function 

),( xtθ . This scheme can be modified by the introduction of the tournament selection 
proposed  in (Deb,  2000), coupled with the fitness function:  
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where maxf  is the function value of the worst feasible solution. As observed in the 
expression above, if a solution is infeasible the value of its objective function is not 
considered in the computation of the fitness function, instead, maxf  is used. However, Deb's  
constraint handling scheme (Deb, 2000) -which also uses niching and a controlled mutation- 
works very well for his real-coded GA, but not so well for his binary-coded GA. 
Among the many suggestions in the literature (Powell & Skolnick, 1993, Michalewicz & 
Shoenauer, 1996, Deb, 2000) some of them -more closely related to the work presented here- 
will be briefly discussed in the following. 

2.1 Adaptive penalties 
A procedure where the penalty parameters change according to information gathered 
during the evolution process was proposed by Bean & Hadj-Alouane (Bean & Alouane, 
1992). The fitness function is again given by (1) and (2) but with the penalty parameter 

)(= tk λ  adapted at each generation by the following rules:  
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 where ib  is the best element at generation i , F  is the feasible region, 21 ββ ≠  and 

1>, 21 ββ . In this method, the penalty parameter of the next generation 1)( +tλ  
decreases when all best elements in the last g  generations are feasible, increases if all best 
elements are infeasible, and otherwise remains without change. The fitness function is 
written as:  

⎥
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⎤
⎢
⎣

⎡
++ ∑∑ (x)h|(x)gλ(t)F(x)=f(x) j

p

j=
i
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Schoenauer & Xanthakis (1993), presented a strategy that handles constrained problems in 
stages: (i) initially, a randomly generated population is evolved considering only the first 
constraint until a certain percentage of the population is feasible with respect to that 
constraint; (ii) the final population of the first stage of the process is used in order to 
optimize with respect to the second constraint. During this stage, the elements that had 
violated the previous constraint are removed from the population, (iii) the process is 
repeated until all the constraints are processed. This strategy becomes less attractive as the 
number of constraints grows and is potentially dependent on the order in which the 
constraints are processed. 
The method proposed by Coit et al. (1996), uses the fitness function:  

α))()/(())()(()(=)(
1=

tvxvtFtFxfxF jj

m

j
allfeas ∑−+  

where )(tFall  corresponds to the best solution (without penalty), until the generation t , 

feasF  corresponds to the best feasible solution, and α  is a constant. The fitness function is 

also written as:  

α))()/(())()(()(=)(
1=

tNFTxvtFtFxfxF j

m

j
allfeas ∑−+  

where NFT (Near Feasibility Threshold) defines the threshold distance, set by the user, 
between the feasible and infeasible regions of the search space. 
A variation of the method proposed by Coit et al. (1996) is presented in (Gen & Gheng, 
1996a), where the fitness function is defined as:  
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and [ ]iii bxgxb −Δ )(0,max=)(  refers to the constraint violation. Based upon the same 
idea, Gen and Cheng (1996b), proposed an adaptive penalty scheme where the fitness 
function is written as:  
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where [ ])(,max= xbb i
max
i ΔΔ ε  is the maximum violation of the constraint i  and ε  is a 

small positive value to avoid dividing by zero. 
Hamida & Schoenauer (2000), proposed an adaptive scheme using: (i) a function of the 
proportion of feasible individuals in the population, (ii) a seduction/selection strategy to 
mate feasible and infeasible individuals, and (iii) a selection scheme to give advantage for a 
given number of feasible individuals. 

3. The Adaptive Penalty Method 
The adaptive penalty method (APM) was originally introduced in (Barbosa & Lemonge, 
2002). In (Barbosa & Lemonge, 2003), the behavior of the penalty parameters was studied 
and further tests were performed. Finaly, in (Lemonge & Barbosa, 2004.), a slight but 
important modification was introduced leading to its present form. The method does not 
require any type of user defined penalty parameter and uses information from the 
population, such as the average of the objective function and the level of violation of each 
constraint during the evolution. 

  
Figure 1. A pictorial description of the function f  

The fitness function proposed in APM is written as: 
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and 〉〈 )(xf  is the average of the objective function values in the current population. In the 
Figure 1 feasible as well as infeasible solutions are shown. Among the 4 infeasible solutions, 
the individuals c and d have their objective function values (represented by open circles) less 

than the average objective function and, according to the proposed method, have f  given 

by 〉〈 )(xf . The solutions a and b have objective function values which are worst than the 

population average and thus have )(=)( xfxf . 
The penalty parameter is defined at each generation by:  
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and 〉〈 )(xvl  is the violation of the l -th constraint averaged over the current population. 
Denoting by pop  the population size, one could also write  
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The idea is that the values of the penalty coefficients should be distributed in a way that 
those constraints which are more difficult to be satisfied should have a relatively higher 
penalty coefficient.  
Besides been tested by the authors, the APM has also been used by other researchers in 
different fields (Zavislak, 2004, Gallet, 2005, Obadage & Hampornchai, 2006). 

4. Variants of the APM 
The adaptive penalty method, as originally proposed, (i) computes the constraint violations 

jv  in the current population, and (ii) updates all penalty coefficients jk  at every 

generation. As a result, those coefficients undergo (potentially large) variations at every 
generation as shown in (Barbosa & Lemonge, 2003). 
Despite its success, questions naturally arise concerning, for instance, the desirability of 
reducing the amplitude of those oscilations, and the possibility of reducing the computer 
time without compromising the quality of the results. 
In the following, some possible variants of the APM will be considered. 
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4.1 The sporadic APM 
One first variant of the APM corresponds to:  (i) compute the constraint violations jv  in the 

current population, (ii) update the penalty coefficients jk , but (iii) keep the penalty 

coefficients jk  fixed for f  generations. 

 The gains in computer time are obvious: step (i) is performed only every f  generations. Of 
course, one should investigate if convergence is negativelly affected. 

4.2 The sporadic APM with constraint violation accumulation 
A second variant considered here corresponds to: (i) accumulate the constraint violations 

jv  for f  generations,  (ii) update the penalty coefficients jk ,  and (iii) keep the penalty 

coefficients jk  fixed for f  generations  

 The gains in computer time are very small, but the oscilations in the jk  values can be 

reduced. 

4.3 The APM with monotonic penalty coefficients 

As the penalty coefficients should (at least theoretically) grow indefinitely, another variant 
corresponds to the monotonic APM: no jk  is allowed to have its value reduced along the 

evolutionary process: 

4.4 The APM with damping 
Finaly, one can think of reducing  the oscilations in jk  by using a weighted average 

between the current value of jk  and the new value predicted by the method:  

( ) current
j

new
j

new
j kkk θθ −+ 1= )()(  

where [0,1]∈θ . 

4.5 A compact notation  
A single notation can be introduced in order to describe the whole family of adaptive 
penalty techniques.  
The numerical parameters involved are: 
• The frequency f  (measured in number of generations) of penalty parameter updating,  

• The weight parameter [0,1]∈θ  used in the update formula for the penalty parameter.  
Two additional features are: (i) constraint violations can alternatively be accumulated for all 
the f  generations, or can be computed only every f  generations, and (ii)  the penalty 
parameter is free to vary along the process, or monotonicity will be enforced.  
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and 〉〈 )(xf  is the average of the objective function values in the current population. In the 
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The compact notation APM( accf , mθ ) indicates a member of the family of methods where 

the penalty coefficients are updated every f  generations, based on constraint violations 

which are accumulated (superscript acc ) over those f  generations, using the weight 

parameter θ , and enforcing monotonicity (subscript m ). Thus, the original APM 
corresponds to APM(1,1). 
The five members of the APM family considered for testing here are:   

Variant Description 

1     • The original APM: APM(1,1)  
2     • The sporadic APM: APM( f ,1)  

3     • The sporadic APM with constraint violation accumulation: APM( accf ,1)  

4 
    • The sporadic APM with constraint violation accumulation and smoothing: 

APM( accf ,θ )  

5 
    • The sporadic APM with constraint violation accumulation, smoothing, and 

monotonicity enforcement: APM( accf , mθ )  

 
In the experiments performed, the values =f  100 and =f  500 are used when 1000 and 

5000 generations are employed, respectively. Also, 0.5=θ  was adopted. 
Several examples from the literature are considered in the next section in order to test the 
performance of the variants considered with respect to the original APM. 

5. Numerical experiments 
Our baseline binary-coded generational GA uses a Gray code, rank-based selection, and 
elitism (the best element is always copied into the next generation along with 1 copy where 
one bit has been changed). A uniform crossover operator was applied with probability equal 
to 0.9 and a mutation operator was applied bit-wise to the offspring with rate 

0.004=mp . 

5.1 Test 1 - The G-Suite 
The first set of experiments uses the well known G1-G11 suite of test-problems. A complete 
description of each problem can be found, for example, in (Lemonge, & Barbosa, 2004). The 
G-Suite, repeatedly used as a test-bed in the evolutionary computation literature, is made up 
of different kinds of functions and involves constraints given by linear inequalities, 
nonlinear equalities and nonlinear inequalities. For the eleven problems, the population size 
is set to 100, 25 independent runs were performed, with the maximum number of 
generations equal to 1000 and 5000, and each variable was encoded with 25 bits. For the 
variant 5, the value of θ  is set to 0.5. The Tables 1 and 2 present the values of the best, mean 
and the worst solutions found for each function with respect to the five variants of the APM.  
The values presented in boldface correspond to the better solution among the variants. 
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Test-problem Best-known Variant Best Mean Worst 
g01 -15 1 -14.9996145 -14.9845129 -14.8267331 

  2 -14.9997983 -14.9988652 -14.9939536 
  3 -14.9997216 -14.9876210 -14.8305302 
  4 -14.9997582 -14.9986873 -14.9960541 
  5 -14.9996321 -14.9979965 -14.9891883 

g02 -0.8036191 1 -0.7789661 -0.6996669 -0.5728089 
  2 -0.7873126 -0.7250099 -0.5998890 
  3 -0.7925228 -0.7255508 -0.6244844 
  4 -0.7846081 -0.7191555 -0.6307588 
  5 -0.7838283 -0.7097919 -0.5855941 

g03 -1.0005001 1 -0.9972458 -0.7779740 -0.5027824 
  2 -0.9361403 -0.4968387 -0.0368749 
  3 -0.9803577 -0.4463771 -0.1012515 
  4 -0.9682280 -0.4168279 -0.0212638 
  5 -0.7666858 -0.3919809 -0.1462019 

g04 -30665.538671 1 -30665.3165485 -30578.5496875 -30387.6140423 
  2 -30664.6156191 -30578.3703906 -30458.6292214 
  3 -30663.9053552 -30577.5611718 -30432.1269937 
  4 -30664.4464089 -30573.7182031 -30369.9518043 
  5 -30662.5018601 -30591.6589843 -30358.6826419 

g05 5126.4967140 1 5127.3606448 5343.2514134 5993.0123939 
  2 5127.0852075 5341.0769391 5935.3076090 
  3 5126.7785185 5323.8655104 5935.3019471 
  4 5127.0852075 5290.0768500 5935.3076090 
  5 5128.8444266 5378.8769735 6102.9022396 

g06 -6961.8138755 1 -6957.5403309 -6913.0707583 -6868.6591021 
  2 -6951.1888908 -6901.2575390 -6705.1840698 
  3 -6958.1031284 -6879.5979882 -6296.5426371 
  4 -6954.9453586 -6906.1789453 -6797.2374636 
  5 -6961.4475438 -6805.2293359 -5237.1477535 

g07 24.3062090 1 24.7768086 27.7708738 35.6097627 
  2 24.8049743 28.0120724 28.0120724 
  3 25.0308511 28.4575817 44.1698225 
  4 24.5450354 27.8486413 36.8722275 
  5 24.7255055 29.8150354 63.5219816 

g08 -0.0958250 1 -0.0958250 -0.08768981 -0.0258067 
  2 -0.0958250 -0.06476799 -0.0013001 
  3 -0.0958250 -0.62599863 -0.0147534 
  4 -0.0958250 -0.65938715 -0.0255390 
  5 -0.0958250 -0.53489946 0.0123813 
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Test-problem Best-known Variant Best Mean Worst 
g01 -15 1 -14.9996145 -14.9845129 -14.8267331 

  2 -14.9997983 -14.9988652 -14.9939536 
  3 -14.9997216 -14.9876210 -14.8305302 
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  5 -0.7666858 -0.3919809 -0.1462019 

g04 -30665.538671 1 -30665.3165485 -30578.5496875 -30387.6140423 
  2 -30664.6156191 -30578.3703906 -30458.6292214 
  3 -30663.9053552 -30577.5611718 -30432.1269937 
  4 -30664.4464089 -30573.7182031 -30369.9518043 
  5 -30662.5018601 -30591.6589843 -30358.6826419 
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  4 5127.0852075 5290.0768500 5935.3076090 
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Test-problem Best-known Variant Best Mean Worst 
g09 680.6300573 1 680.7376315 682.0270142 690.4830475 

  2 680.7722707 681.5344751 685.8184957 
  3 680.7343755 681.4195117 683.1598659 
  4 680.8243208 681.8727295 687.0344127 
  5 680.6814564 681.4697436 683.2056847 

g10 7049.2480205 1 7070.5636522 8063.2916015 8762.119390 
  2 7237.0250892 10056.5608887 14688.684065 
  3 7191.9045654 10165.4067383 14733.840629 
  4 7217.4084043 9607.9555664 13715.794540 
  5 7117.7173709 9322.0432129 12645.139817 

g11 0.7499000 1 0.7523536 0.8585980 0.9932359 
  2 0.7521745 0.8878919 0.9992905 
  3 0.7521730 0.8879267 0.9992905 
  4 0.7521745 0.8879346 0.9991157 
  5 0.7501757 0.8822223 0.9954779 

Table 1. Results of the G-Suite using 1000 generations 

 

Test-problem Best-known Variant Best Mean Worst 
g01 -15 1 -14.9999800  -14.95263298  -14.6373581 

  2 -14.9999914  -14.99962558  -14.9969186 
  3 -14.9999826  -14.99953311  -14.9920359 
  4 -14.9999910  -14.99998634  -14.9999264 
  5 -14.9999915  -14.9999189  -14.9996256 

g02 -0.8036191 1 -0.8015561   -0.77248005  -0.7261164 
  2 -0.8025720   -0.76760471  -0.7328427 
  3 -0.8023503   -0.77583072  -0.7401626 
  4 -0.8030480   -0.77158681  -0.7752280 
  5 -0.8025918   -0.77851344  -0.7306644 

g03 -1.0005001 1 -1.0004896   -1.00040364  -0.9999571 
  2 -1.0004634   -0.98604559  -0.6746467 
  3 -1.0004630   -0.97507574  -0.3823454 
  4 -1.0004602   -0.97900237  -0.5014565 
  5 -1.0004553   -0.99997359  -0.9962939 

g04 -30665.538671  1 -30665.523774 -30665.094688 -30661.761001 
  2 -30665.536925 -30664.093203 -30643.260211 
  3 -30665.537505 -30665.365000 -30664.505410 
  4 -30665.533257 -30664.861094 -30660.745418 
  5 -30665.520939 -30664.819062 -30660.360061 
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Test-problem Best-known Variant Best Mean Worst 
g05 5126.4967140 1 5127.3606448  5321.5713820 5993.0113312 

  2 5126.7738829  5323.8496730 5935.3030129 
  3 5126.7738829  5323.8495456 5935.3030129 
  4 5126.7738829  5323.8496943 5935.3030129 
  5 5128.8443865  5385.9205375 6102.8994189 

g06 -6961.8138755 1 -6961.7960836 -6742.3431201 -1476.0027566 
  2 -6961.7960836 -6961.7763086 -6961.7592083 
  3 -6961.7960836 -6961.7720312 -6961.7592083 
  4 -6961.7960836 -6961.7763086 -6961.7592083 
  5 -6961.7960837 -6961.7752278 -6961.7592083 

g07 24.3062090 1 24.4162533   26.4573583 30.7900065 
  2 24.6482626   27.2199523 39.8419615 
  3 24.5543275   26.9851276 38.2220049 
  4 24.7315254   27.8377833 51.1675542 
  5 24.4148575   26.3590182 29.5413519 

g08 -0.0958250 1 -0.0958250 -0.0876899 -0.0258094 
  2 -0.0958250 -0.0565442 -0.0010461 
  3 -0.0958250 -0.0649342 -0.0010460 
  4 -0.0958250 -0.0660025 -0.0204120 
  5 -0.0958250 -0.0632326 -0.0197011 

g09 680.6300573 1 680.6334486 680.7850952  681.1733250 
  2 680.6673020 680.8470361  681.7406035 
  3 680.7122589 680.8832129  681.3188377 
  4 680.6505355 680.8678125  681.3625388 
  5 680.6527662 680.8803711  681.6149132 

g10 7049.2480205 1 7205.1435740  8392.399951 10349.909364 
  2 7064.1563375 10108.975371 15407.413766 
  3 7062.6060743  9953.722324 14200.173044 
  4 7064.5428438  8554.065429 13156.5681862 
  5 7064.3344362 10079.815684 14387.7769407 

g11 0.7499000 1 0.7523536 0.8556172 0.9468393 
  2 0.7521745 0.8834432 0.9903447 
  3 0.7521745 0.8834432 0.9903447 
  4 0.7521745 0.8845256 0.9937399 

  5 0.7501757 0.8761453 0.9944963 

Table 2. Results of the G-Suite using 5000 generations 

Observing the results presented in Tables 1 and 2 one can see that the original APM found 
more often the best solutions. Among the new variants, the variants 3 and 5 were the most 
successful. As the performance of variant 4 was not as good  as that of variants 3 and 5, one 
may suspect that, at least for this set of problems, the inclusion of the damping procedure 
was detrimental.  
The graphics from the figures 2 to 25 show the values of the coefficients kj along the 1000 
generations performed for the functions g06, g09, g04 and g01. For the Variant 1 are drawn 
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Test-problem Best-known Variant Best Mean Worst 
g05 5126.4967140 1 5127.3606448  5321.5713820 5993.0113312 

  2 5126.7738829  5323.8496730 5935.3030129 
  3 5126.7738829  5323.8495456 5935.3030129 
  4 5126.7738829  5323.8496943 5935.3030129 
  5 5128.8443865  5385.9205375 6102.8994189 

g06 -6961.8138755 1 -6961.7960836 -6742.3431201 -1476.0027566 
  2 -6961.7960836 -6961.7763086 -6961.7592083 
  3 -6961.7960836 -6961.7720312 -6961.7592083 
  4 -6961.7960836 -6961.7763086 -6961.7592083 
  5 -6961.7960837 -6961.7752278 -6961.7592083 

g07 24.3062090 1 24.4162533   26.4573583 30.7900065 
  2 24.6482626   27.2199523 39.8419615 
  3 24.5543275   26.9851276 38.2220049 
  4 24.7315254   27.8377833 51.1675542 
  5 24.4148575   26.3590182 29.5413519 

g08 -0.0958250 1 -0.0958250 -0.0876899 -0.0258094 
  2 -0.0958250 -0.0565442 -0.0010461 
  3 -0.0958250 -0.0649342 -0.0010460 
  4 -0.0958250 -0.0660025 -0.0204120 
  5 -0.0958250 -0.0632326 -0.0197011 

g09 680.6300573 1 680.6334486 680.7850952  681.1733250 
  2 680.6673020 680.8470361  681.7406035 
  3 680.7122589 680.8832129  681.3188377 
  4 680.6505355 680.8678125  681.3625388 
  5 680.6527662 680.8803711  681.6149132 

g10 7049.2480205 1 7205.1435740  8392.399951 10349.909364 
  2 7064.1563375 10108.975371 15407.413766 
  3 7062.6060743  9953.722324 14200.173044 
  4 7064.5428438  8554.065429 13156.5681862 
  5 7064.3344362 10079.815684 14387.7769407 

g11 0.7499000 1 0.7523536 0.8556172 0.9468393 
  2 0.7521745 0.8834432 0.9903447 
  3 0.7521745 0.8834432 0.9903447 
  4 0.7521745 0.8845256 0.9937399 

  5 0.7501757 0.8761453 0.9944963 

Table 2. Results of the G-Suite using 5000 generations 

Observing the results presented in Tables 1 and 2 one can see that the original APM found 
more often the best solutions. Among the new variants, the variants 3 and 5 were the most 
successful. As the performance of variant 4 was not as good  as that of variants 3 and 5, one 
may suspect that, at least for this set of problems, the inclusion of the damping procedure 
was detrimental.  
The graphics from the figures 2 to 25 show the values of the coefficients kj along the 1000 
generations performed for the functions g06, g09, g04 and g01. For the Variant 1 are drawn 
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two graphics where the second one correponds to a logarithmic scale for the coefficient 

jk in the y-axis. 
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Figure 2. Variant 1 – Test-problem g06 Figure 3. Variant 1 – Test-problem g06  (log 

scale for y-axis) 
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Figure 4. Variant 2 – Test-problem g06   Figure 5. Variant 3 – Test-problem g06 
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Figure 6. Variant 4 – Test-problem g06 Figure 7. Variant 5 – Test-problem g06 
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Figure 8. Variant 1 – Test-problem g09 Figure 9. Variant 1 – Test-problem g09 (log 

scale for y-axis) 
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Figure 10. Variant 2 – Test-problem g09  Figure 11. Variant 3 – Test-problem g09 
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Figure 12. Variant 4 – Test-problem g09 Figure 13. Variant 5 – Test-problem g09 
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Figure 14. Variant 1 – Test-problem g04 Figure 15. Variant 1 – Test-problem g04  

(log scale for y-axis) 
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Figure 16. Variant 2 – Test-problem g04 Figure 17. Variant 3 – Test-problem g04 
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Figure 18. Variant 4 – Test-problem g04 Figure 19. Variant 5 – Test-problem g04 
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Figure 20. Variant 1 – Test-problem g01 Figure 21. Variant 1 – Test-problem g01 
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Figure 22. Variant 2 – Test-problem g01 Figure 23. Variant 3 – Test-problem g01 
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Figure 24. Variant 4 – Test-problem g01  Figure 25. Variant 5 – Test-problem g01 
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Figure 16. Variant 2 – Test-problem g04 Figure 17. Variant 3 – Test-problem g04 
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Figure 18. Variant 4 – Test-problem g04 Figure 19. Variant 5 – Test-problem g04 
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5.2 Test 2 - The pressure vessel design 
This problem (Sandgren, 1998, Kannan & Kramer, 1995, Deb, 1997, Coello, 2000) 
corresponds to the weight minimization of a cylindrical pressure vessel with two spherical 
heads. The objective function involves four variables: the thickness of the pressure vessel 
( sT ), the thickness of the head ( hT ), the inner radius of the vessel ( R ) and the length of the 

cylindrical component ( L ). Since there are two discrete variables ( sT  and hT ) and two 

continuous variables ( R  and L ), one has a nonlinearly constrained mixed discrete-
continuous optimization problem. The bounds of the design variables are 

5,0.0625 ≤≤ hs TT  (in constant steps of 0.0625) and 200,10 ≤≤ LR . The design 
variables are given in inches and the weight is written as:   

RTLTRTRTTLRTTW sshhshs
222 19.843.16611.77816224.0=),,,( +++  

to be minimized subject to the constraints  

0240=)(  01,296,0004/3=),(

00.00954=),(                       00.0193=),(

4
32

3

21

≥+−≥−+

≥−≥−

LLgRLRLRg

RTRTgRTRTg hhss

ππ
 

 The first two constraints establish a lower bound to the ratios RTs /  and RTh/ , 
respectively. The third constraint corresponds to a lower bound for the volume of the vessel 
and the last one to an upper bound for the length of the cylindrical component.  
The Table 3 presents the results of the pressure vessel design using 1000 generations. Two 
identical results were found for the best value of the final weight  (6059.7145293) with 
respect to the APM variants 2 and 3. Using 5000 generations, the same value of the final 
weight was found four times as shown in the Table 4. Except for the original APM (variant 
1), all  variants were able to find the best solutions. 

 

  Variant   best   median   Mean   std   worst   frun  

1   6059.7151671  6227.8170385  6474.4169921  4.53E+02  7509.8518229   25  

2   6059.7145293  6384.0497026  6447.2068164  4.19E+02  7340.3461505   25  

3   6059.7145293  6410.2945786  6481.3246679 4.29E+02  7544.4928499   25  

4   6059.7187531  6371.1972928  6467.6047851  4.30E+02  7544.5662019   25  

5   6059.7151671  6376.8444814  6502.6069921  4.37E+02  7544.4928499   25  

Table 3. Results of the pressure vessel design using 1000 generations 
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  variant   best   median   Mean   std   worst   frun  

 1   6059.7903738  6525.0826625  6571.3568945 4.79E+02  7333.0935211   25  

2   6059.7145293  6370.7942228  6448.2773437  4.21E+02  7334.9819158   25  

3   6059.7145293  6372.4349034  6445.8280859  4.16E+02  7340.8828459   25  

4   6059.7145293  6370.7970442  6466.9971289  4.03E+02  7334.2645178   25  

5   6059.7145293  6370.7798337  6445.3129101  4.58E+02  7332.9812503   25  

 Table 4. Results of the pressure vessel design using 5000 generations 

5.3 Test 3 - The cantilever beam design 
This test problem (Erbatur et al., 2000) corresponds to the minimization of the volume of the 
cantilever beam subject to the load P, equal to 50000 N, at its tip. There are 10 design 
variables corresponding to the height ( iH ) and width ( iB ) of the rectangular cross-section 

of each of the five constant steps. The variables 1B  and 1H  are integer, 2B  and 3B  

assume discrete values to be chosen from the set { }8,3.12.4,2.6,2. , 2H  and 3H  are 

discrete and chosen from the set { }55.0,60.045.0,50.0,  and, finally, 4B , 4H , 5B , and 

5H  are continuous. The variables are given in centimeters and the Young's modulus of the 
material is equal to 200 GPa. The volume of the beam is given by  

ii
i

ii BHBHV ∑
5

=1
100=),(  

subject to:  

cmBHg
iBHBHg

icmNBHg

ii

iiiii

iiii

2.7=),(
,51,=20/=),(

,51,=/14000=),(

11

5

2

≤
≤

≤

+

δ

σ
K

K

 

where δ  is the tip deflection of the beam in the vertical direction.  
The Table 5 shows the results for the cantilever beam design when 1000 generations were 
used.  The best final volume found (64842.0265521), was achieved by the third variant of the 
APM variant. Using 5000 generations, the variant 4 provided the best solution among the 
variants, with a final volume equal to 64578.1955255 as shown in the Table 6.  
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This test problem (Erbatur et al., 2000) corresponds to the minimization of the volume of the 
cantilever beam subject to the load P, equal to 50000 N, at its tip. There are 10 design 
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where δ  is the tip deflection of the beam in the vertical direction.  
The Table 5 shows the results for the cantilever beam design when 1000 generations were 
used.  The best final volume found (64842.0265521), was achieved by the third variant of the 
APM variant. Using 5000 generations, the variant 4 provided the best solution among the 
variants, with a final volume equal to 64578.1955255 as shown in the Table 6.  
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variant best median mean std worst frun 

1 65530.7729044 68752.485343 70236.739375 3.59E+03 78424.35756 25 

2 64991.8776321 68990.278258 70642.622188 4.47E+03 84559.93461 25 

3 64842.0265521 68662.595134 70312.300781 4.39E+03 78015.93963 25 

4 64726.0899470 68924.741220 71383.862812 5.60E+03 85173.95180 25 

5 65281.3580659 69142.397989 69860.818906 3.66E+03 78787.491031 25 

Table 5. Results of the cantilever beam design using 1000 generations   

 

 ariant best median mean std worst frun 

1 64578.1959540 68293.437745 67153.214844 2.00E+03 72079.947779 25 

2 64578.1957397 64965.027481 66161.232500 1.77E+03 68391.603479 25 

3 64578.1959540 64992.041635 66704.774531 3.13E+03 79124.364956 25 

4 64578.1955255 68201.363366 66682.130313 1.86E+03 68722.669573 25 

5 64578.1957397 65015.052899 66450.535156 1.89E+03 69294.203883 25 

Table 6. Results of the cantilever beam design using 5000 generations 

5.4 Test 4 - The Tension/Compression Spring design 
This example corresponds to the minimization of the volume V  of a coil spring under a 
constant tension/compression load. There are three design variables: the number Nx =1  

of active coils of the spring, the winding diameter Dx =2  and the wire diameter dx =3 . 
The volume of the coil is written as:  
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 where  

15.02.01.30.250.20.05 321 ≤≤≤≤≤≤ xxx  

From the Table 7 one can observe that the variants 2, 3 and 4 were able to find the better 
results for the Tension/Compression Spring design using 1000 generations. The final 
volume reached is equal to 0.0126973. Using 5000 generations, the previous result for the 
best volume remains the same (0.0126973) and is again found by the variants 2, 3 and 4 of 
the APM (Table 8). 

  Variant   best   median   Mean   std   worst   frun  

 1   0.0127181   0.0136638   0.0144048   1.82E-03  0.0178499   25  

2   0.0126973   0.0135445   0.0144046   1.79E-03  0.0178499   25  

3   0.0126973   0.0135445   0.0144074   1.80E-03  0.0178674   25  

4   0.0126973   0.0135456   0.0143907   1.78E-03  0.0178499   25  

5   0.0127255   0.0140187   0.0146077   1.83E-03  0.0178499   25  

Table 7. Results of the coil spring design using 1000 generations  

 

Variant   best   median   mean   std   worst   frun  

 1   0.0127181   0.0135456   0.0143920   1.82E-03  0.0178499   25  

2   0.0126973   0.0135445   0.0143769   1.78E-03  0.0178499   25  

3   0.0126973   0.0135445   0.0143706   1.78E-03  0.0178499   25  

4   0.0126973   0.0135445   0.0143868   1.80E-03  0.0178499   25  

5   0.0127255   0.0127255   0.0146097   1.84E-03  0.0178499   25  

Table 8.  Results of the coil spring design using 5000 generations  

5.5 Test 5 - The 10-bar truss design 
This well known test problem (Goldberg & Samtani, 1986), which corresponds to the weight 
minimization of a 10-bar truss, will be analyzed here subject to constraints involving the 
stress in each member and the displacements at the nodes. The design variables are the 
cross-sectional areas of the bars ( 1,10= , iAi ). The allowable stress is limited to ±  25ksi 
and the displacements are limited to 2 in, in the x  and y  directions. The density of the 

material is 0.1 lb/in 3 , Young's modulus is E = 10 4  ksi, and vertical downward loads of 100 
kips are applied at nodes 2 and 4.  
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From the Table 7 one can observe that the variants 2, 3 and 4 were able to find the better 
results for the Tension/Compression Spring design using 1000 generations. The final 
volume reached is equal to 0.0126973. Using 5000 generations, the previous result for the 
best volume remains the same (0.0126973) and is again found by the variants 2, 3 and 4 of 
the APM (Table 8). 
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Table 7. Results of the coil spring design using 1000 generations  

 

Variant   best   median   mean   std   worst   frun  

 1   0.0127181   0.0135456   0.0143920   1.82E-03  0.0178499   25  
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5   0.0127255   0.0127255   0.0146097   1.84E-03  0.0178499   25  

Table 8.  Results of the coil spring design using 5000 generations  

5.5 Test 5 - The 10-bar truss design 
This well known test problem (Goldberg & Samtani, 1986), which corresponds to the weight 
minimization of a 10-bar truss, will be analyzed here subject to constraints involving the 
stress in each member and the displacements at the nodes. The design variables are the 
cross-sectional areas of the bars ( 1,10= , iAi ). The allowable stress is limited to ±  25ksi 
and the displacements are limited to 2 in, in the x  and y  directions. The density of the 

material is 0.1 lb/in 3 , Young's modulus is E = 10 4  ksi, and vertical downward loads of 100 
kips are applied at nodes 2 and 4.  
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Two cases are analyzed: discrete and continuous variables. For the discrete case the values 

of the cross-sectional areas (in 2 ) are chosen from the set of 42 options: 1.62, 1.80, 1.99, 2.13, 
2.38, 2.62, 2.63, 2.88, 2.93, 3.09, 3.13, 3.38, 3.47, 3.55, 3.63, 3.84, 3.87, 3.88, 4.18, 4.22, 4.49, 4.59, 
4.80, 4.97, 5.12, 5.74, 7.22, 7.97, 11.50, 13.50, 13.90, 14.20, 15.50, 16.00, 16.90, 18.80, 19.90, 22.00, 
22.90, 26.50, 30.00, 33.50. Using a six-bit string for each design variable, a total of 64 strings 
are available which are mapped into the 42 allowable cross sections. For the continuous case 

the minimum cross sectional area is equal to 0.1 in 2 .  
For the discrete case all of the variants of the APM were able to find the best result for the 
final weight of the 10-bar truss structure (5490.738) as detailed in the Table 19. For the 
continuous case, the original APM (variant 1) found the best solution for the final weight 
(5062.6605) shown in the Table 10.  

  variant   best   median   mean   std   worst   frun  

 1   5490.7378   5599.4444   5605.6312   1.29E+02   6156.3977   25  

2   5490.7378   5634.5138   5647.7405  1.94E+02   6487.3525   25  

3   5490.7378   5585.0667   5636.5571   2.12E+02   6561.2738   25  

4   5490.7378   5628.1253   5669.3382   2.00E+02   6550.6018   25  

5   5490.7378   5596.3125   5600.6728   6.38E+01   5719.3412   25  

Table 9. Results of the 10-bar truss with respect to the discrete case 

 

  variant   best   median   mean   std   worst   frun  

 1   5062.6605   5088.1406   5116.4183   9.20E+01   5527.0238   25  

2   5068.5702   5089.9409   5129.8554  1.20E+03   5631.3084   25  

3   5066.8124   5093.6549   5106.9311   5.71E+01   5306.6538   25  

4   5068.5005   5091.6265   5138.9569   1.49E+02   5774.8811   25  

5   5063.6410   5087.2172   5126.4837   1.37E+02   5705.4190   25  

Table 10. Results of the 10-bar truss with respect to the continuous case 

5.6 Test 6 - The 120-bar truss 
This is a three-dimensional dome structure corresponding to a truss with 120 members 
(Saka & Ulker, 1991, Ebenau et al., 2005, Capriles et al, 2007).    
The dome is subject to a downward vertical equipment loading of 600 kN at its crown (node 
1). The displacements are limited to 2 cm, in the x , y  and z  directions. The density of 

material is 7860 kg/m 3  and  Young's modulus is equal to 21000 kN/cm 2 . The maximum 

normal stress is limited by =maxσ  32.273 kN/cm 2  in tension and compression. Moreover, 
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the buckling in members under compression is considered, and the stress constraints are 
given now by:  

2=   with   ,1,2,=0,1
||

j

jE
j

E
E
j

j

L
kEA

pi σ
σ
σ

σK≤−  

where jσ  is the buckling stress at the j -th member, E
jσ  is the maximum allowable 

buckling stress for this member, and k  is the buckling coefficient, adopted equal to 4. The 
total number of constraints is equal to 351. 
The cross-sectional areas are the sizing design variables and they are to be chosen from a 
Table containing 64 options (see Capriles et al, 2007).   

  Variant   best   median   mean   std   worst   frun  

 1   59.5472   59.9999   60.0266   2.50E-01   60.7749   25  

2   59.5472   60.0459   60.2679   6.33E-01   62.3707   25  

3   59.7145   60.0459   60.7749   3.05E+00   75.1747   25  

4   59.5472   60.0459   60.8720   3.05E+00   75.1747   25  

5   59.5472   59.9748   60.0711   4.03E-01   61.0417   25  

 Table 11.Results of the 120-bar truss 

In this experiment the five variants of the APM were able to find the same best solution 
(59.5472). The fifth variant of the APM provided the best value of the median (59.9748) and 
the original APM presented the best result corresponding to the mean value. 

6. Conclusion 
From the experiments performed here one can see that the original APM found more often 
the best solutions. Among the new variants, the variants 3 and 5 were the most successful. 
As the performance of variant 4 was slightly inferior to that of variants 3 and 5, one may  
suspect that the inclusion of the damping procedure was not advantageous.  
A more important conclusion may be that there were not large discrepancies among the 
results obtained by the original APM and the four new variants, which provide 
computational savings, and that robust variants can be obtained from the overall family of 
adaptive penalty methods considered here. 
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Barbosa, H.J.C. & Lemonge, A.C.C. (2002). An adaptive penalty scheme in genetic 
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1. Introduction  
In this chapter, we summarize and synthesize our investigations of the use of evolutionary 
algorithms to automatically program robots, particularly for application to space 
exploration.  In the Space Robotics Group at the University of Toronto Institute for 
Aerospace Studies, we were motivated to begin work in this area a decade ago when the 
concept of network science became popular in the space exploration community.  Network 
science commonly refers to science that requires a distribution of possibly simultaneous 
measurement devices or a distribution of platforms on a planetary body.  Consider, for 
example, seismology studies of an alien body that will require sending a signal from one 
point on the surface to be read at several other points in order to analyze the material 
characteristics of the body.  Or, consider the development of a very-low frequency array 
(VLFA) on the Moon to allow for heretofore unattainable astrophysical observations using 
radio astronomy.  Such an observatory will require a number of dipole units deployed over 
a region of a few hundred square kilometres.   
Our original thoughts were that these and other network science experiments could be 
implemented using a network of small mobile robots, similar to a colony of ants.  It is 
possible for millions of ants to act as a superorganism through local pheromone 
communication.  Thomas (1974) perhaps describes this phenomenon best: 
 

A solitary ant, afield, cannot be considered to have much of anything on his mind.  Four 
ants together, or ten, encircling a dead moth on a path, begin to look more like an idea.  
But it is only when you watch the dense mass of thousands of ants, blackening the 
ground that you begin to see the whole beast, and now you observe it thinking, planning, 
calculating.  It is an intelligence, a kind of live computer, with crawling bits for its wits. 

 
We set out to reproduce this type of behaviour in a multirobot system (i.e., a network of 
mobile robots) for application to space exploration. 
As we began investigating how to devise control schemes for the network science tasks, 
additional applications came to mind including deployment of solar cell arrays on a 
planetary surface, site preparation for a lunar base, and gathering objects of interest for 
analysis or in-situ resource utilization.   Although these additional tasks did not necessitate 
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the use of a group of robots, there are certain advantages offered by this choice.  
Redundancy and fault tolerance are fundamental attributes of any reliable space system.  By 
using a group of robots, we might afford to lose a small number of individuals and yet still 
accomplish our desired task.  The flip side to redundancy is taking risks.  By making the 
system modular and thus redundant, we could be willing to accept more risk in the design 
of a single robot because it no longer has the potential to produce a single point failure. 
In many of our early experiments, we tried designing controllers for our groups of robots by 
hand (Earon et al., 2001).  This was possible for some simple tasks, such as having the robots 
position themselves in a particular geometric formation.  As we became interested in the 
resource collection and array deployment tasks, the burden of manual programming 
became higher and we turned to the use of evolutionary algorithms.   
Moreover, we wondered if it would be possible to specify the required task at the group 
level and have the evolutionary algorithm find the best way to coordinate the robots to 
accomplish the overall goal.   This notion of top-down performance specification is very 
much in keeping with the formal approach to space engineering, in which mission-level 
goals are provided and then broken down to manageable pieces by a designer.  
Accordingly, this notion of task decomposition is at the heart of our discussion throughout this 
chapter.  We will advocate for an approach that does not explicitly break a task down into 
subtasks for individual robots, but rather facilities this through careful selection of the 
evaluation criteria used to gauge group behaviour on a particular task (i.e., the fitness 
function).  By using an evolutionary algorithm with this judiciously chosen fitness function, 
task decomposition occurs through emergence (self-organization). 
The remainder of this chapter is organized as follows.  First, we review the literature on the 
use of evolutionary algorithms for task decomposition and development of multirobot 
controllers.  Next we report on a number of approaches we have investigated to control and 
coordinate groups of robots.  Our discussion is framed in the context of four tasks motivated 
by space exploration:  heap formation (Barfoot & D’Eleuterio, 2005), tiling pattern formation 
(Thangavelautham & D’Eleuterio, 2004), a walking robot (Barfoot et al., 2006) (wherein each 
leg can be thought of a single robot), and resource gathering (Thangavelautham et al., 2007).  
This is followed by a discussion of the common findings across these experiments and 
finally we make some concluding remarks. 

2. Background 
Task decomposition involves partitioning/segmenting of a complex task into subtasks.  The 
partitioning is expected to facilitate solving the simpler subtasks which in turn are combined 
to yield a solution to the overall task.  One approach to role assignment and execution of the 
subtasks is through use of multirobot systems.  Multirobot systems offer the security of 
redundancy, fault tolerance and, depending on the task, scalability.  They furthermore allow 
for the parallelization of operations.  With the use of multiple agents or robots, their control 
and coordination are critical. 
In nature, multiagent systems such as social insects use a number of mechanisms for control 
and coordination. These include the use of templates, stigmergy, and self-organization.  
Templates are environmental features perceptible to the individuals within the collective 
(Bonabeau et al., 1999).   Stigmergy is a form of indirect communication mediated through 
the environment (Grassé, 1959).  In insect colonies, templates may be a natural phenomenon 
or they may be created by the colonies themselves. They may include temperature, 
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humidity, chemical, or light gradients.  In the natural world, one way in which ants and 
termites exploit stigmergy is through the use of pheromone trails.   Self-organization 
describes how local or microscopic behaviours give rise to a macroscopic structure in 
systems (Bonabeau et al., 1997).  However, many existing approaches suffer from another 
emergent feature called antagonism (Chantemargue et al., 1996).  This describes the effect 
that arises when multiple agents that are trying to perform the same task interfere and 
reduce the overall efficiency of the group. 
Within the field of robotics, many have sought to develop multirobot control and 
coordination behaviours based on one or more of the prescribed mechanisms used in nature.  
These solutions have been developed using user-defined deterministic ‘if-then’ or 
preprogrammed stochastic behaviours.  Such techniques in robotics include template-based 
approaches that exploit light fields to direct the creation of circular walls (Stewart and 
Russell, 2003), linear walls (Wawerla et al., 2002) and planar annulus structures (Wilson et 
al., 2004).  Stigmergy has been used extensively in collective-robotic construction tasks, 
including blind bull dozing (Parker et al., 2003), box pushing (Matarić et al., 1995) and heap 
formation (Beckers et al., 1994).  
Inspired by insect societies the robot controllers are often designed to be reactive and have 
access only to local information. They are nevertheless able to self-organize, through 
cooperation to achieve an overall objective. This is difficult to do by hand, since the global 
effect of these local interactions is often hard to predict.  The simplest hand-coded 
techniques have involved designing a controller for a single robot and scaling to multiple 
units by treating other units as obstacles to be avoided (Parker et al., 2003) (Stewart & 
Russell, 2003), (Beckers et al., 1994). Other more sophisticated techniques involve use of 
explicit communication or designing an extra set of coordination rules to handle graceful 
agent-to-agent interactions (Wawerla et al., 2002).  These approaches are largely heuristic 
and rely on ad hoc assumptions that often require knowledge of the task domain.   
In contrast, machine learning techniques (particularly artificial evolution) exploit self-
organization and relieve the designer of the need to determine a suitable control strategy. 
The controllers in turn are designed from the start with cooperation and interaction, as a 
product of emergent interactions with the environment.  It is more difficult to design 
controllers by hand with cooperation in mind because it is difficult to predict or control the 
global behaviours that will result from local interactions.  Designing successful controllers 
by hand can devolve into a process of trial and error.   
A means of reducing the effort required in designing controllers by hand is to encode 
controllers as Cellular Automata (CA) look-up tables and allow a genetic algorithm to 
evolve the table entries (Das et al., 1995).   The assumption is that each combination of 
discretized sensory inputs will result in an independent choice of discretized output 
behaviours.  This approach is an instance of a ‘tabula rasa’ technique, whereby a control 
system starts off with a blank slate with limited assumptions regarding control architecture 
and is guided through training by a fitness function (system goal function).     
As we show in this chapter, this approach is used successfully to solve a multiagent heap 
formation task (Barfoot & D’Eleuterio, 1999) and a 2 × 2 tiling formation task 
(Thangavelautham et al., 2003).   Robust decentralized controllers that exploit stigmergy and 
self-organization are found to be scalable to ‘world size’ and to agent density.  Look-up table 
approaches are also beneficial for hardware experiments where there is minimal 
computational overhead incurred as a result of sensory processing.   
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humidity, chemical, or light gradients.  In the natural world, one way in which ants and 
termites exploit stigmergy is through the use of pheromone trails.   Self-organization 
describes how local or microscopic behaviours give rise to a macroscopic structure in 
systems (Bonabeau et al., 1997).  However, many existing approaches suffer from another 
emergent feature called antagonism (Chantemargue et al., 1996).  This describes the effect 
that arises when multiple agents that are trying to perform the same task interfere and 
reduce the overall efficiency of the group. 
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coordination behaviours based on one or more of the prescribed mechanisms used in nature.  
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organization and relieve the designer of the need to determine a suitable control strategy. 
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discretized sensory inputs will result in an independent choice of discretized output 
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system starts off with a blank slate with limited assumptions regarding control architecture 
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approaches are also beneficial for hardware experiments where there is minimal 
computational overhead incurred as a result of sensory processing.   
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We also wish to analyze the scalability of evolutionary techniques to bigger problem spaces.  
One of the limitations with a look-up table approach is that the table size grows 
exponentially to the number of inputs. For the 3 × 3 tiling formation task, a monolithic look-
up table architecture is found to be intractable due to premature search stagnation.  To 
address this limitation, the controller is modularized into ‘subsystems’ that have the ability 
to explicitly communicate and coordinate actions with other agents (Thangavelautham et al., 
2003).  This act of dividing the agent functionality into subsystems is a form of user-assisted 
task decomposition through modularization.  Although the technique uses a global fitness 
function, such design intervention requires domain knowledge of the task and ad hoc 
design choices to facilitate searching for a solution.   
Alternatively, CA lookup tables could be networked to exploit inherent modularity in a 
physical system during evolution, such as series of locally coupled leg controllers for a 
hexapod robot (Earon et al., 2000).  This is in contrast to some predefined recurrent neural 
network solutions such as by (Beer & Gallagher, 1992), (Parker & Li, 2003) that are used to 
evolve ‘leg cycles’ and gait coordination in two separate stages.  This act of performing 
staged evolution involves a human supervisor decomposing a walking gait task between 
local cyclic leg activity and global, gait coordination.  In addition, use of recurrent neural 
networks for walking gaits requires fairly heavy online computations to be performed in 
real time, in contrast to the much simpler network of CA lookup tables. 
Use of neural networks is also another form of modularization, where each neuron can 
communicate, perform some form of sensory information processing and can acquire 
specialized functionality through training.  The added advantage of neural network 
architectures is that the neurons can also generalize unlike a CA lookup table architecture, 
by exploiting correlations between a combination of sensory inputs thus effectively 
shrinking the search space.  Fixed topology neural networks architectures have been 
extensively used for multirobot tasks, including building walls, corridors and briar patches 
(Crabbe & Dyer, 1999) and cooperative transport (Groß & Dorigo, 2003). 
However, fixed topology monolithic neural network architectures are also faced with 
scalability issues.  With increased numbers of hidden neurons, one is faced with the effects 
of spatial crosstalk where noisy neurons interfere and drown out signals from feature- 
detecting neurons (Jacob et al., 1991).   Crosstalk in combination with limited supervision 
(through use of a global fitness function) can lead to the ‘bootstrap problem’ (Nolfi & 
Floreano, 2000), where evolutionary algorithms are unable to pick out incrementally better 
solutions for crossover and mutation resulting in premature stagnation of the evolutionary 
run. Thus, choosing the wrong network topology may lead to a situation that is either 
unable to solve the problem or difficult to train (Thangavelautham & D’Eleuterio, 2005).   
A critical element of applying neural networks to robotic tasks is how best to design and 
organize the neural network architecture to facilitate self-organized task decomposition and 
overcome the ‘bootstrap problem’.  For these tasks, we may use a global fitness function that 
doesn’t explicitly bias towards a particular task decomposition strategy.  
For example, the tiling formation task could be arbitrarily divided into a number of 
subtasks, including foraging for objects, redistributing object piles, arranging objects in the 
desired tiling structure locally, merging local lattice structures, reaching a collective 
consensus and finding/correcting mistakes in the lattice structure.  Instead, with less 
supervision, we rely on the robot controller themselves to determine how best to decompose 
and solve the task through an artificial Darwinian process.    
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This is in contrast to other task decomposition techniques that require more supervision 
including shaping (Dorigo & Colombetti, 1998) and layered learning (Stone & Veloso, 2000).  
Shaping involves controllers learning on a simplified task with the task difficulty being 
progressively increased through modification of learning function until a desired set of 
behaviours emerge.  Layered learning involves a supervisor partitioning a task into a set of 
simpler goal functions (corresponding to subtasks).  These subtasks are learned 
sequentially until the controller can solve the corresponding task.  Both of these 
traditional task decomposition strategies rely on supervisor intervention and domain 
knowledge of a task at hand.  For multirobot applications, the necessary local and global 
behaviours need to be known a priori to make decomposition steps meaningful.   We 
believe that for a multirobotic system, it is often easier to identify and quantify the system 
goal, but determining the necessary cooperative behaviours is often counterintuitive.  
Limiting the need for supervision also provides numerous advantages including the 
ability to discover novel solutions that would otherwise be overlooked by a human 
supervisor. 
Fixed-topology ensemble network architectures such as the Mixture of Experts (Jacob et 
al., 1991), Emergent Modular architecture (Nolfi, 1997) and  Binary Relative Lookup 
(Thangavelautham & D’Eleuterio, 2004) in evolutionary robotics use a gating mechanism 
to preprocess sensor input and assign modular ‘expert’ networks to handle specific 
subtasks.   Assigning expert networks to handle aspects of a task is a form of task 
decomposition.   Ensemble networks consist of a hierarchical modularization scheme 
where networks of neurons are modularized into experts and the gating mechanism used 
to arbitrate and perform selection amongst the experts.  Mixture of Experts uses pre-
assigned gating functions that facilitate cooperation amongst the ‘expert networks’ while 
Nolfi’s emergent modular architecture uses gating neurons to select between two output 
neurons.  The BRL architecture is less constrained, as both the gating mechanism and 
expert networks are evolved simultaneously and it is scalable to a large number of expert 
networks.   
The limitation with fixed-topology ensemble architectures is the need for supervisor 
intervention in determining the required topology and number of expert networks.  In 
contrast, with variable length topologies, the intention is to evolve both network 
architecture and neuronal weights simultaneously.  Variable length topologies such as 
such as Neuro-Evolution of Augmenting Topologies (NEAT) (Stanley & Miikkulainen, 
2002) use a one-to-one mapping from genotype to the phenotype. Other techniques use 
recursive rewriting of the genotype contents to a produce a phenotype such as Cellular 
Encoding (Gruau, 1994), L-systems (Sims, 1994), Matrix Rewriting (Kitano, 1990), or 
exploit artificial ontogeny (Dellaert & Beer, 1994).  Ontogeny (morphogenesis) models 
developmental biology and includes a growth program in the genome that starts from a 
single egg and subdivides into specialized daughter cells.  Other morphogenetic systems 
include (Bongard & Pfeifer, 2001) and Developmental Embryonal Stages (DES) (Federici & 
Downing, 2006). 
The growth program within many of these morphogenetic systems is controlled through 
artificial gene regulation. Artificial gene regulation is a process in which gene 
activation/inhibition regulate (and is regulated by) the expression of other genes.  Once the 
growth program has been completed, there is no further use for gene regulation within the 
artificial system, which is in stark contrast to biological systems where gene regulation is 
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always present. In addition, these architectures lack any explicit mechanism to facilitate 
network modularization evident with the ensemble approaches and are merely variable 
representations of standard neural network architectures.  These variable-length topologies 
also have to be grown incrementally starting from a single cell in order to minimize the 
dimensional search space since the size of the network architecture may inadvertently make 
training difficult (Stanley & Miikkulainen, 2001). With recursive rewriting of the phenotype, 
limited mutations can result in substantial changes to the growth program. Such techniques 
also introduce a deceptive fitness landscape where limited fitness sampling of a phenotype 
may not correspond well to the genotype resulting in premature search stagnation (Roggen 
& Federici, 2004).   
Artificial Neural Tissues (Thangavelautham and D’Eleuterio, 2005) address limitations 
evident with existing variable length topologies through modelling of a number of 
biologically-plausible mechanisms.  Artificial Neural Tissues (ANT) includes a coarse-
coding-based neural regulatory system that is similar to the network modularity evident in 
fixed-topology ensemble approaches.  ANT also uses a nonrecursive genotype-to-phenotype 
mapping avoiding deceptive fitness landscapes, and includes gene duplication similar to 
DES.  Gene duplication involves making redundant copies of a master gene and facilitates 
neutral complexification, where the copied gene undergoes mutational drift and results in 
expression of incremental innovations (Federici & Downing, 2006).  In addition, both gene 
and neural-regulatory functionality limits the need to grow the architecture incrementally, 
as there exist mechanisms to selectively activate and inhibit parts of a tissue even after 
completion of the growth program. 
A review of past work highlights the possibility of training multirobot controllers with 
limited supervision using only a global fitness function to perform self-organized task 
decomposition.  These techniques also show that by exploiting hierarchical modularity and 
regulatory functionality, controllers can overcome tractability concerns.  In the following 
sections, we explore a number of techniques we have used in greater detail. 

3. Tasks 
3.1 Heap-Formation 
The heap-formation task or object-clustering has been extensively studied and is analogous 
to the behaviour in some social insects (Deneubourg et al., 1991).  In the space exploration 
context, this is relevant to gathering rocks or other materials of interest.  It is believed that 
this task requires global coordination for a group of decentralized agents, existing in a two-
dimensional space, to move some randomly distributed objects into a single large cluster 
(Fig. 1).  Owing to the distributed nature of the agents, there is no central controlling agent 
to determine where to put the cluster and the agents must come to a common decision 
among themselves without any external supervision (analogous to the global partitioning 
task in cellular automata work (Mitchell et al., 1996)).  The use of distributed, homogenous 
sets of agents exploits both redundancy and parallelism.  Each agent within the collective 
has limited sensory range and lacks a global blueprint of the task at hand but cooperative 
coordination amongst agents can, as we show here, make up for these limitations  (Barfoot 
& D’Eleuterio, 1999); (Barfoot & D’Eleuterio, 2005). 
To make use of Evolutionary Algorithms (EAs), a fitness function needs to be defined for the 
task.  Herein we define a fitness function that can facilitate selection of controllers for the 
task at hand without explicitly biasing for a particular task decomposition strategy or set of 
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behaviours.   In contrast to this idea, the task could be manually decomposed into a number 
of potential subtasks, including foraging for objects, piling objects found into small 
transitionary piles, merging small piles into larger ones and reaching a collective consensus 
in site selection for merging all the piles.  Traditional fitness functions such as (Dorigo & 
Colombetti, 1998) involve summing separate behaviour shaping functions that explicitly 
tune the controllers towards predetermined set of desired behaviours.  With multiagent 
systems, it is not always evident how best to systematically determine these behaviours.  It 
is often easier to identify the global goals within the system but not the coordination 
behaviours necessary to accomplish the global goals.  Thus, the fitness functions we present 
here perform an overall global fitness measure of the system and lack explicit shaping for a 
particular set of behaviours.  The intention is for the multiagent system to self-organize into 
cooperatively solving the task. 

 
Figure 1. Typical snapshots of system at various time steps (0; 1010; 6778; 14924; 20153; 
58006).  The world size is 91 × 90; there are 270 agents and 540 objects. Only the objects (dark 
circles) are shown for clarity 

For the heap formation task, the two dimensional grid world in which the agents exist is 
broken into J bins, Aj, of size l × l. We use a fitness function based on Shannon’s entropy as 
defined below: 

  (1) 

where qj is defined as follows: 

  (2) 

n(Aj) is the number of objects in bin Aj so that 0 ≤ fi ≤ 1. To summarize, fitness is assigned to 
a controller by equipping each agent in a collective with the same controller.  The collective 
is allowed to roam around in a two-dimensional space that has a random initial distribution 
of objects.  At the end of T time-steps, fi is calculated, which indicates how well the objects 
are clustered. This is all repeated I times (varying initial conditions) to determine the 
average fitness. 
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3.1.1 Cellular Automata 
To perform the task, each robot-like agent is equipped with a number of sensors and 
actuators.  To relate this to real robots, it will be assumed that some transformation may be 
performed on raw sensor data so as to achieve a set of orthogonal (Kube & Zhang, 1996) 
virtual sensors that output a discrete value.   This transformation is essentially a 
preprocessing step that reduces the raw sensor data to more readily usable discretized 
inputs.  Let us further assume that the output of our control system may be discrete.  This 
may be done by way of a set of basis behaviours (Matarić, 1997).  Rather than specify the 
actuator positions (or velocities), we assume that we may select a simple behaviour from a 
finite predefined palette.  This may be considered a post-processing step that takes a 
discretized output and converts it to the actual actuator control.  The actual construction of 
these transformations requires careful consideration but is also somewhat arbitrary. 

 
Figure 2. (Left) Typical view of a simulated robot.  Circles (with the line indicating 
orientation) are robots.  Dark circles are objects.  (Right) Partition of grid world into bins for 
fitness calculation 

Once the pre/post-processing has been set up, the challenge remains to find an appropriate 
arbitration scheme that takes in a discrete input sequence (size N) and outputs the 
appropriate discrete output (one of M basis behaviours).   The simulated robot’s sensor 
input layout is shown in Fig. 2 (left).  The number of possible views for the robot is 
35×2=486.  Each of 5 cells can be free, occupied by an object or by another robot.  The robot 
itself can either be holding an object or not.  For an arbitration scheme, we use a lookup-
table similar to Cellular Automata, in which the axes are the sensory inputs and the contents 
of the table, the output behaviours.   It could be argued that CAs are the simplest example of 
a multiagent system for the heap formation task.   With 2 basis behaviours and a CA lookup-
table of size 486, there are 2486 possible CA lookup-tables.  This number is quite large but, as 
we will see, good solutions can still be found.  It should be pointed out that our agents will 
be functioning in a completely deterministic manner. From a particular initial condition, the 
system will always unfold in the same particular way. 

3.1.2 Experiments 
Fig. 3 (left) shows a typical evolutionary run using CA lookup table controllers.   Analysis of 
the population best taken after 150 generations shows that controllers learn to form small 
piles of objects, which are over time merged into a single large pile.  Even with a very simple 
controller, we can obtain coordinated behaviour amongst the agents.  The agents 
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communicate indirectly among themselves through stigmergy (by manipulating the 
environment).  This is primarily used to seed piles that are in turn merged into clusters.  The 
benefits of using a decentralized multiagent controller is that the system may also be 
rescaled to a larger world size.   

  
Figure 3. (Left) Convergence history of a typical EA run with a population size of 50. (Right) 
Max system fitness with number of robots rescaled.  Solution was evolved with 30 simulated 
robots 

The controllers were evolved with one particular set of parameters (30 robots, 31 × 30 world 
size, 60 objects) but the densities of agents and resources can be rescaled, without rendering 
the controllers obsolete.  This particular trait gives us a better understanding of the 
robustness of these systems and some of their limitations.  Altering the agent density, while 
keeping all other parameters constant, shows the system performs best under densities 
slighter higher than during training as shown in Fig. 3 (right), accounting for a few agents 
getting stuck.   With too few agents, the system is under-populated and hence takes longer 
for coordination while too many agents result in disrupting the progress of the system due 
to antagonism.  Thus maintaining a constant density scaling with respect to the training 
parameters, the overall performance of the system compares well when scaled to larger 
worlds.  What we witness from these experiments is that with very simple evolved 
multiagent controllers, it is feasible to rescale the system to larger world sizes.   

3.2 Tiling Pattern Formation 
The tiling pattern formation task (Thangavelautham et al., 2003), in contrast to the heap-
formation task, involves redistributing objects (blocks) piled up in a two-dimensional world 
into a desired tiling structure (Fig. 4).  In a decentralized setup, the agents need to come to a 
consensus and form one ‘perfect’ tiling pattern.  This task also draws inspiration from 
biology, namely a termite-nest construction task that involves redistributing pheromone-
filled pellets on the nest floor (Deneubourg, 1977).  Once the pheromone pellets are 
uniformly distributed, termites use the pellets as markers for constructing pillars to support 
the nest roof. 
In contrast to our emergent task decomposition approach, the tiling pattern formation task 
could be arbitrarily decomposed into a number of potential subtasks.  These may include 
foraging for objects (blocks), redistributing block piles, arranging blocks in the desired tiling 
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3.1.1 Cellular Automata 
To perform the task, each robot-like agent is equipped with a number of sensors and 
actuators.  To relate this to real robots, it will be assumed that some transformation may be 
performed on raw sensor data so as to achieve a set of orthogonal (Kube & Zhang, 1996) 
virtual sensors that output a discrete value.   This transformation is essentially a 
preprocessing step that reduces the raw sensor data to more readily usable discretized 
inputs.  Let us further assume that the output of our control system may be discrete.  This 
may be done by way of a set of basis behaviours (Matarić, 1997).  Rather than specify the 
actuator positions (or velocities), we assume that we may select a simple behaviour from a 
finite predefined palette.  This may be considered a post-processing step that takes a 
discretized output and converts it to the actual actuator control.  The actual construction of 
these transformations requires careful consideration but is also somewhat arbitrary. 

 
Figure 2. (Left) Typical view of a simulated robot.  Circles (with the line indicating 
orientation) are robots.  Dark circles are objects.  (Right) Partition of grid world into bins for 
fitness calculation 
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appropriate discrete output (one of M basis behaviours).   The simulated robot’s sensor 
input layout is shown in Fig. 2 (left).  The number of possible views for the robot is 
35×2=486.  Each of 5 cells can be free, occupied by an object or by another robot.  The robot 
itself can either be holding an object or not.  For an arbitration scheme, we use a lookup-
table similar to Cellular Automata, in which the axes are the sensory inputs and the contents 
of the table, the output behaviours.   It could be argued that CAs are the simplest example of 
a multiagent system for the heap formation task.   With 2 basis behaviours and a CA lookup-
table of size 486, there are 2486 possible CA lookup-tables.  This number is quite large but, as 
we will see, good solutions can still be found.  It should be pointed out that our agents will 
be functioning in a completely deterministic manner. From a particular initial condition, the 
system will always unfold in the same particular way. 

3.1.2 Experiments 
Fig. 3 (left) shows a typical evolutionary run using CA lookup table controllers.   Analysis of 
the population best taken after 150 generations shows that controllers learn to form small 
piles of objects, which are over time merged into a single large pile.  Even with a very simple 
controller, we can obtain coordinated behaviour amongst the agents.  The agents 

Evolutionary-Based Control Approaches for Multirobot Systems 

 

43 

communicate indirectly among themselves through stigmergy (by manipulating the 
environment).  This is primarily used to seed piles that are in turn merged into clusters.  The 
benefits of using a decentralized multiagent controller is that the system may also be 
rescaled to a larger world size.   

  
Figure 3. (Left) Convergence history of a typical EA run with a population size of 50. (Right) 
Max system fitness with number of robots rescaled.  Solution was evolved with 30 simulated 
robots 

The controllers were evolved with one particular set of parameters (30 robots, 31 × 30 world 
size, 60 objects) but the densities of agents and resources can be rescaled, without rendering 
the controllers obsolete.  This particular trait gives us a better understanding of the 
robustness of these systems and some of their limitations.  Altering the agent density, while 
keeping all other parameters constant, shows the system performs best under densities 
slighter higher than during training as shown in Fig. 3 (right), accounting for a few agents 
getting stuck.   With too few agents, the system is under-populated and hence takes longer 
for coordination while too many agents result in disrupting the progress of the system due 
to antagonism.  Thus maintaining a constant density scaling with respect to the training 
parameters, the overall performance of the system compares well when scaled to larger 
worlds.  What we witness from these experiments is that with very simple evolved 
multiagent controllers, it is feasible to rescale the system to larger world sizes.   

3.2 Tiling Pattern Formation 
The tiling pattern formation task (Thangavelautham et al., 2003), in contrast to the heap-
formation task, involves redistributing objects (blocks) piled up in a two-dimensional world 
into a desired tiling structure (Fig. 4).  In a decentralized setup, the agents need to come to a 
consensus and form one ‘perfect’ tiling pattern.  This task also draws inspiration from 
biology, namely a termite-nest construction task that involves redistributing pheromone-
filled pellets on the nest floor (Deneubourg, 1977).  Once the pheromone pellets are 
uniformly distributed, termites use the pellets as markers for constructing pillars to support 
the nest roof. 
In contrast to our emergent task decomposition approach, the tiling pattern formation task 
could be arbitrarily decomposed into a number of potential subtasks.  These may include 
foraging for objects (blocks), redistributing block piles, arranging blocks in the desired tiling 



Frontiers in Evolutionary Robotics 

 

44 

structure locally, merging local lattice structures, reaching a collective consensus and 
finding/correcting mistakes in the lattice structure.  Instead, we are interested in evolving 
homogenous decentralized controllers (similar to a nest of termites) for the task without 
need for human assisted task decomposition.  

 
Figure 4. Typical simulation snapshots at various timesteps (0; 100; 400; 410) taken for the 2 
× 2 tiling formation task.   Solutions were evolved on an 11 × 11 world (11 robots, 36 blocks) 

 
Figure 5. Typical view of a simulated robot for the 2 × 2 (left) and 3 × 3 (right) tiling 
formation tasks.  Each robot can sense objects, other agents and empty space in the 5 (left) 
and 7 (right) shaded squares surrounding the robot 

As shown earlier with the heap formation task, decentralized control offers some inherent 
advantages including the ability to scale up to a larger problem size.  Furthermore, task 
complexity is dependent on the intended tile spacing, because more sensors would be 
required to construct a ‘wider’ tiling pattern.  In addition, we use Shannon's entropy to be a 
suitable fitness function for the tiling formation task.  For the m × m tiling pattern formation 
task, we use Eq. 3 as the fitness function, with qj used from Eq. 2.  

   (3) 

The sensor input layouts for the simulated robots used for the 2 × 2 and 3 × 3 tiling 
formation task are shown in Fig. 5.   

3.2.1 Emergent Task-Decomposition Architectures 
It turns out that the 3 × 3 tiling pattern formation task is computationally intractable for EAs 
to find a viable monolithic CA lookup table.  To overcome this hurdle, we also considered 
the use of neural networks as multiagent controllers.  Here we discuss a modular neural 
network architecture called Emergent Task-Decomposition Networks (ETDNs).  ETDNs 
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(Thangavelautham et al., 2004) consist of a set of decision networks that mediate 
competition and a modular set of expert network that compete for behaviour control.  The 
role of decision networks is to preprocess the sensory input and explicitly ‘select’ for a 
specialist expert network to perform an output behaviour.  A simple example of an ETDN 
architecture includes a single decision neuron arbitrating between two expert networks as 
shown in Fig. 6.  This approach is a form of task decomposition, whereby separate expert 
modules are assigned handling of subtasks, based on an evolved sensory input-based 
decision scheme. 

 
Figure 6. (Left) An example of the non-emergent network used in our experiments. (Right) 
ETDN architecture consisting of a decision neuron that arbitrates between 2 expert networks 

The architecture exploits network modularity, evolutionary competition and specialization 
to facilitate emergent (self-organized) task decomposition.  Unlike traditional machine 
learning methods, where handcrafted learning functions are used to train the decision and 
expert networks separately, ETDN architectures require only a global fitness function.  The 
intent is for the architecture to evolve the ability to decompose a complex task into a set of 
simpler tasks with limited supervision.  

 
Figure 7.  (Left) BDT Architecture with 4 expert networks and 3 decision neurons. (Right) 
BRL Architecture with 4 expert networks and 2 decision neurons 

The ETDNs can also be generalized for nE expert networks. Here we discuss two extensions 
to the ETDN architecture, namely the Binary Relative Lookup (BRL) architecture and Binary 
Decision Tree (BDT) architecture (see Fig. 7).  The Binary Relative Lookup (BRL) architecture 
consists of a set of nD unconnected decision neurons that arbitrate among 2nD expert 
networks.  Starting from left to right, each additional decision neuron determines the 
specific grouping of expert networks relative to the selected group. Since the decision 
neurons are unconnected, this architecture is well-suited for parallel implementation.   
The Binary Decision Tree (BDT) architecture is represented as a binary tree where the tree 
nodes consist of decision neurons and the leaves consist of expert networks.  For this 
architecture, nD decision neurons arbitrate among nD + 1 expert networks. The tree is 
traversed by starting from the root and computing decision neurons along each selected 
branch node until an expert network is selected.  Unlike BRLs, there is a one-to-one 



Frontiers in Evolutionary Robotics 

 

44 

structure locally, merging local lattice structures, reaching a collective consensus and 
finding/correcting mistakes in the lattice structure.  Instead, we are interested in evolving 
homogenous decentralized controllers (similar to a nest of termites) for the task without 
need for human assisted task decomposition.  

 
Figure 4. Typical simulation snapshots at various timesteps (0; 100; 400; 410) taken for the 2 
× 2 tiling formation task.   Solutions were evolved on an 11 × 11 world (11 robots, 36 blocks) 

 
Figure 5. Typical view of a simulated robot for the 2 × 2 (left) and 3 × 3 (right) tiling 
formation tasks.  Each robot can sense objects, other agents and empty space in the 5 (left) 
and 7 (right) shaded squares surrounding the robot 

As shown earlier with the heap formation task, decentralized control offers some inherent 
advantages including the ability to scale up to a larger problem size.  Furthermore, task 
complexity is dependent on the intended tile spacing, because more sensors would be 
required to construct a ‘wider’ tiling pattern.  In addition, we use Shannon's entropy to be a 
suitable fitness function for the tiling formation task.  For the m × m tiling pattern formation 
task, we use Eq. 3 as the fitness function, with qj used from Eq. 2.  

   (3) 

The sensor input layouts for the simulated robots used for the 2 × 2 and 3 × 3 tiling 
formation task are shown in Fig. 5.   

3.2.1 Emergent Task-Decomposition Architectures 
It turns out that the 3 × 3 tiling pattern formation task is computationally intractable for EAs 
to find a viable monolithic CA lookup table.  To overcome this hurdle, we also considered 
the use of neural networks as multiagent controllers.  Here we discuss a modular neural 
network architecture called Emergent Task-Decomposition Networks (ETDNs).  ETDNs 

Evolutionary-Based Control Approaches for Multirobot Systems 

 

45 

(Thangavelautham et al., 2004) consist of a set of decision networks that mediate 
competition and a modular set of expert network that compete for behaviour control.  The 
role of decision networks is to preprocess the sensory input and explicitly ‘select’ for a 
specialist expert network to perform an output behaviour.  A simple example of an ETDN 
architecture includes a single decision neuron arbitrating between two expert networks as 
shown in Fig. 6.  This approach is a form of task decomposition, whereby separate expert 
modules are assigned handling of subtasks, based on an evolved sensory input-based 
decision scheme. 

 
Figure 6. (Left) An example of the non-emergent network used in our experiments. (Right) 
ETDN architecture consisting of a decision neuron that arbitrates between 2 expert networks 

The architecture exploits network modularity, evolutionary competition and specialization 
to facilitate emergent (self-organized) task decomposition.  Unlike traditional machine 
learning methods, where handcrafted learning functions are used to train the decision and 
expert networks separately, ETDN architectures require only a global fitness function.  The 
intent is for the architecture to evolve the ability to decompose a complex task into a set of 
simpler tasks with limited supervision.  

 
Figure 7.  (Left) BDT Architecture with 4 expert networks and 3 decision neurons. (Right) 
BRL Architecture with 4 expert networks and 2 decision neurons 

The ETDNs can also be generalized for nE expert networks. Here we discuss two extensions 
to the ETDN architecture, namely the Binary Relative Lookup (BRL) architecture and Binary 
Decision Tree (BDT) architecture (see Fig. 7).  The Binary Relative Lookup (BRL) architecture 
consists of a set of nD unconnected decision neurons that arbitrate among 2nD expert 
networks.  Starting from left to right, each additional decision neuron determines the 
specific grouping of expert networks relative to the selected group. Since the decision 
neurons are unconnected, this architecture is well-suited for parallel implementation.   
The Binary Decision Tree (BDT) architecture is represented as a binary tree where the tree 
nodes consist of decision neurons and the leaves consist of expert networks.  For this 
architecture, nD decision neurons arbitrate among nD + 1 expert networks. The tree is 
traversed by starting from the root and computing decision neurons along each selected 
branch node until an expert network is selected.  Unlike BRLs, there is a one-to-one 



Frontiers in Evolutionary Robotics 

 

46 

mapping between the set of decision neurons output states and the corresponding expert 
network.  The computational cost of the decision neurons for both architectures is                 
CD α log nE. 
We also introduce modularity within each neuron, through the use of a modular activation 
function, where the EAs are used to train weights, thresholds and choice of activation 
function. The inputs and output from the modular activation function consist of discrete 
states as opposed to real values.  It is considered a modular activation function, since a 
neuron’s behaviour could be completely altered by changing the selected activation function 
while holding the modular weights constant.  The modular neuron could assume one of four 
different activation functions listed below: 

  

(3)

 

These threshold functions maybe summarized in a single analytical expression as: 

  (4) 

Each neuron outputs one of two states s ∈ S = {0, 1}, and the activation function is thus 
encoded in the genome by k1, k2 and the threshold parameters t1, t2 ∈ , where p(x) is 
defined as follows: 

  (5) 

wi is a neuron weight and xi is an element of the input state vector.  With two threshold 
parameters, a single neuron could be used to simulate AND, OR, NOT and XOR functions.   
The assumption is that a compact yet sufficiently complex (functional) neuron will speed up 
evolutionary training since this will reduce the need for more hidden layers and thus result 
in smaller networks. 

3.2.2  Experiments 
As mentioned above, we find that for the 3 × 3 tiling formation task, a lookup table 
architecture is found to be intractable (Fig. 8, top left).  The CA lookup table architecture 
appears to fall victim to the bootstrap problem, since EAs are unable to find an 
incrementally better solution during the early phase of evolution resulting in search 
stagnation.  In contrast, ETDN architectures can successfully solve this version of the tiling 
formation task and outperform other regular neural network architectures (regardless of the 
activation function used).  Analysis of a typical solution (for ETDN with 16 expert nets) 
suggests decision neuron assigns expert networks not according to ‘recognizable’ distal 
behaviours but as proximal behaviours (organized according to proximity in sensor space) 
(Nolfi, 1997).  This process of expert network assignment is evidence of task decomposition, 
through role assignment (Fig. 8, bottom right). 
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Figure 8. Evolutionary performance comparison, 2 × 2 (Top Left), 3 × 3 (Top Right, Bottom 
Left) tiling formation task, averaged over 120 EA runs. (Bottom Right) System activity for 
BRL (16 Expert Nets) (A) CA Look-up Table, (B) ESP (using Non-Emergent Net), (C) Non-
Emergent Net (Sigmoid), (D) ETDN (2 Expert Nets, Sigmoid), (E) Non-Emergent Net. 
(Threshold), (F) ETDN (2 Expert Nets, Threshold), (G) Non-Emergent Net. (Modular), (H) 
ETDN (2 Expert Nets, Modular), (I) BRL (16 Expert Nets, Modular), (J) BRL (32 Expert Nets, 
Modular), (K) BRL (8 Expert Nets, Modular), (L) BRL (4 Expert Nets, Modular), (M) BDT (4 
Expert Nets, Modular) 

It should be noted that the larger BRL architecture, with more expert networks 
outperformed (or performed as well as) the smaller ones (evident after about 80 generations) 
(Fig. 8, bottom left).  It is hypothesized that by increasing the number of expert networks, 
competition among candidate expert networks is further increased thus improving the 
chance of finding a desired solution.  However, as the number of expert networks is 
increased (beyond 16), the relative improvement in performance is minimal, for this 
particular task. 
ETDN architectures also have some limitations.  For the simpler 2 × 2 tiling pattern 
formation task, a CA lookup table approach evolves desired solutions faster than the neural 
network architectures including ETDNs (Fig. 8, top right).  This suggests that ETDNs may 
not be the most efficient strategy for smaller search spaces (2486 candidate solutions for the   
2 × 2 tiling formation task versus 24374 for the 3 × 3 version).  Our conventional ETDN 
architecture consisting of a single threshold activation function evolves more slowly than 
the non-emergent architectures.  The ETDN architectures include an additional ‘overhead’, 
since the evolutionary performance is dependent on the evolution (in tandem) of the expert 
networks and decision neurons resulting in slower performance for simpler tasks.  
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2 × 2 tiling formation task versus 24374 for the 3 × 3 version).  Our conventional ETDN 
architecture consisting of a single threshold activation function evolves more slowly than 
the non-emergent architectures.  The ETDN architectures include an additional ‘overhead’, 
since the evolutionary performance is dependent on the evolution (in tandem) of the expert 
networks and decision neurons resulting in slower performance for simpler tasks.  
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However, the ETDN architecture that combines the modular activation function 
outperforms all other network architectures tested.  The performance of the modular 
neurons appears to partially offset the ‘overhead’ of the bigger ETDN architecture. A 'richer' 
activation function set is hypothesized to improve the ability of the decision neurons to 
switch between suitable expert networks with fewer mutational changes. 

3.3 Walking Gait 
For the walking gait task (Earon et al., 2000); (Barfoot et al., 2006), a network of leg based 
controllers forming a hexapod robot (Fig. 9) need to find a suitable walking gait pattern that 
enables the robot to travel forward.  We use Evolutionary Algorithms on hardware, to 
coevolve a network of CA walking controllers for the hexapod robot, Kafka.  The fitness is 
simply the distance travelled by the robot, measured by an odometer attached to a moving 
tread mill.  The robot has been mounted on an unmotorized treadmill in order to 
automatically measure controller performance (for walking in a straight line only).  As with 
other experiments, the fitness measure is a global one and does not explicitly shape for a 
particular walking gait pattern, rather we seek the emergence of such behaviours through 
multiagent coordination amongst the leg controllers. 

 
Figure 9. (Left) Behavioural coupling between legs in stick insects (Cruse, 1990).  (Right) 
Kafka, a hexapod robot, and treadmill setup designed to evolve walking gaits 

3.2.1 Network of Cellular-Automata Controllers 
According to neurobiological evidence (Cruse, 1990), the behaviour of legs in stick insects is 
locally coupled as in Fig. 9 (left).  This pattern of ipsilateral and contralateral connections 
will be adopted for the purposes of discussion although any pattern could be used in 
general (however, only some of them would be capable of producing viable walking gaits).  
The states for Kafka’s legs are constrained to move only in a clockwise, forward motion.  The 
control signals to the servos are absolute positions to which the servos then move as quickly 
as possible.  Based on the hardware setup, we make some assumptions, namely that the 
output of each leg controller is independent and discrete.  This is in contrast to use of a 
central pattern generator to perform coordination amongst the leg controllers (Porcino, 
1990). This may be done by way of a set of basis behaviours.  Rather than specify the 
actuator positions (or velocities) for all times, we assume that we may select a simple 
behaviour from a finite predefined palette. The actual construction of the behaviours 
requires careful consideration but is also somewhat arbitrary.  
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Figure 10. Example discretizations of output space for 2 degree of freedom legs into (Left) 4 
zones and (Right) 3 zones 

Here the basis behaviours will be modules that move the leg from its current zone (in output 
space) to one of a finite number of other zones. Fig. 10 shows two possible discretizations of 
a two-degree-of-freedom output space (corresponding to a simple leg) into 4 or 3 zones.  
Execution of a discrete behaviour does not guarantee the success of the corresponding leg 
action due to terrain variability.  This is in contrast to taking readings of the leg’s current 
zone, which gives an accurate state (local feedback signal) of the current leg position.  The 
only feedback signal available for the discrete behaviour controller is a global one, the total 
distance travelled by the robot.  The challenge therefore is to find an appropriate arbitration 
scheme which takes in a discrete input state, d, (basis behaviours of self and neighbours) and 
outputs the appropriate discrete output, o, (one of M basis behaviours) for each leg.   One of 
the simpler solutions is to use separate lookup tables similar to cellular automata (CA) for 
each leg controller.  

3.2.1 Experiments 
Decentralized controllers for insect robots offer a great deal of redundancy, even if one 
controller fails, the robot may still limp along under the power of the remaining functional 
legs.  The cellular automata controller approach was successfully able to control Kafka, a 
hexapod robot, and should extend to robots with more degrees of freedom (keeping in mind 
scaling issues).   Coevolution resulted in the discovery of controllers comparable to the 
tripod gate (Fig. 11, 12). One advantage of using cellular automata, is that it requires very 
few real-time computations to be made (compared to a dynamic neural network 
approaches).  Each leg is simply looking up its behaviour in a table and has wider 
applicability in hardware. The approach easily lends itself to automatic generation of 
controllers as was shown for the simple examples presented here. 
We found that a coevolutionary technique using a network of CAs were able to produce 
distributed controllers that were comparable in performance to the best hand-coded 
solutions. In comparison, reinforcement learning techniques such as cooperative Q-learning, 
was much  faster at this task (e.g., 1 hour instead of 8) but required a great deal more 
information as it was receiving feedback after shorter time-step intervals (Barfoot et al., 
2006). Although both methods were using the same sensor, the reinforcement learning 
approach took advantage of the more detailed breakdown of rewards to increase 
convergence rate. The cost of this speed-up could also be seen in the need to prescribe an 
exploration strategy and thus determine a suitable rewarding scheme by hand.  However, 
the coevolutionary approach requires fewer parameters to be tuned which could be 
advantageous for some applications. 
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central pattern generator to perform coordination amongst the leg controllers (Porcino, 
1990). This may be done by way of a set of basis behaviours.  Rather than specify the 
actuator positions (or velocities) for all times, we assume that we may select a simple 
behaviour from a finite predefined palette. The actual construction of the behaviours 
requires careful consideration but is also somewhat arbitrary.  

Evolutionary-Based Control Approaches for Multirobot Systems 

 

49 

 
Figure 10. Example discretizations of output space for 2 degree of freedom legs into (Left) 4 
zones and (Right) 3 zones 
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was much  faster at this task (e.g., 1 hour instead of 8) but required a great deal more 
information as it was receiving feedback after shorter time-step intervals (Barfoot et al., 
2006). Although both methods were using the same sensor, the reinforcement learning 
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Figure 11. Convergence History of a GA Run. (Left) Best and average fitness plots over the 
evolution. (Right) Fitness of entire population over the evolution (individuals ordered by 
fitness).  Note there was one data point discounted as an odometer sensor anomaly 

 
Figure 12. Gait diagrams (time histories) for the four solutions, φone, φtwo, φthree, φfour 
respectively.  Colours correspond to each of the three leg zones in Figure 10 (right) 

3.4 Resource Gathering 
In this section, we look at the resource-collection task (Thangavelautham et al., 2007), which 
is motivated by plans to collect and process raw material on the lunar surface. Furthermore, 
we address the issue of scalability; that is, how does a controller evolved on a single robot or 
a small group of robots but intended for use in a larger collective of agents scale?  We also 
investigate the associated problem of antagonism.  For the resource gathering task, a team of 
robots collects resource material distributed throughout its work space and deposits it in a 
designated dumping area by exploiting templates (Fig. 13).  This is in contrast to the heap 
formation task, where simulated robots can gather objects anywhere on the 2-D grid world. 
For this task, the controller must possess a number of capabilities including gathering 
resource material, avoiding the workspace perimeter, avoiding collisions with other robots, 
and forming resources into a mound at the designated location.  The dumping region has 
perimeter markings on the floor and a light beacon mounted nearby. The two colours on the 
border are intended to allow the controller to determine whether the robot  is inside or 
outside the dumping location. Though solutions can be found without the light beacon, its 
presence improves the efficiency of the solutions found, as it allows the robots to track the 
target location from a distance instead of randomly searching the workspace for the 
perimeter. The global fitness function for the task measures the amount of resource material 
accumulated in the designated location within a finite time period.  
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Figure 13. Snapshots of two rovers performing the resource collection task using an ANT 
controller.  Frames 2 and 3 show the ‘bucket brigade’ behaviour, while frames 4 and 5 show 
the boundary avoidance behaviour 

 
Resources. Color Template. Obstacle Avoidance. 

Figure 14. Robot Input Sensor Mapping, Simulation Model Shown Inset for Resource 
Gathering task 

The simulated robots are modelled on a fleet of rovers designed and built at the University 
of Toronto Institute for Aerospace Studies.  The sensor input layout for the rovers is shown 
in Fig. 14. For this task we consider standard fixed-topology neural networks and a variable-
length topology called Artificial Neural Tissues (Thangavelautham & D’Eleuterio, 2005).  
ANT has been applied on a number of robotic tasks including a tiling pattern formation 
task, single-robot phototaxis (light homing) task and a sign following task.  For the 
multiagent tiling pattern formation task, ANT outperformed standard fixed-topology neural 
networks and BRL networks (Thangavelautham & D’Eleuterio, 2005). 

3.3.1 Artificial Neural Tissues 
One of the limitations with a fixed topology network is that it requires a priori supervisor 
intervention in determining the network topology.  An incorrect choice may result in 
longer training times or inability to find a desired solution.   What we are after is a 
scalable framework that explicitly facilitates self-organized task-decomposition while 
requiring minimal human intervention. This would be limited to providing a generic 
palette of basis behaviours, sensory inputs and a global fitness function for a task at hand.   
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In turn, we expect an algorithm to find a suitable multirobot controller solution such as 
for the resource gathering task.  Artificial Neural Tissues (ANT) addresses all of these 
stated requirements.   
ANT consists of a developmental program, encoded in the genome that constructs a three-
dimensional neural tissue and associated regulatory functionality. By regulatory 
functionality, we mean a dynamic system that can selectively activate and inhibit 
neuronal groups.  The tissue consists of two types of neural units, decision neurons and 
motor-control neurons, or simply motor neurons.  Both the motor neurons and decision 
neurons are grown by evaluating a growth program defined in the genome.  The variable-
length genome is modular, consisting of genes that identify characteristics of each gene.  
The growth program in turn reads the contents of the genes and constructs a three-
dimensional lattice structure consisting of the motor control and decision neurons.  
Mutations to the growth program result in addition of new miscopied genes (a means of 
gene replication) corresponding to formation of new neurons within the tissue or 
inhibition of existing genes. 

 

 
Synaptic Connections. Coarse Coding. 

Figure 15. (Left) Synaptic Connections between Motor Neurons from Layer l+1 to l. (Right) 
Activated Decision Neurons Diffuse Neurotransmitter Concentration Field Resulting in 
Activation of Motor Control Neurons with Highest Activation Concentration 

Synaptic connections between the motor neurons are local, with up to 9 neighbouring motor 
neurons feeding from adjoining layers as shown in Fig. 15 (left).  Decision neurons are fully 
connected to all the sensory input; however, these neurons do not share synaptic 
connections (wired electrical connections) with the motor neurons. Motivated by biological 
evidence of chemical communication in the nervous system, the decision neurons diffuse 
neurotransmitters chemicals, forming neurotransmitter fields as shown in Fig. 15 (right).  
One may think of the neurotransmitter fields as a form of wireless (as opposed to wired) 
communication between neurons. Motor neurons enveloped by superpositioning of 
multiple neurotransmitter fields and above a prescribed neurotransmitter density are 
activated, while the remaining motor neurons are inhibited as shown in Figure 15 (right).  
Through the coordinated interaction of multiple decision neurons, one observes coarse-
coding of the neurotransmitter fields, selecting for wired networks of motor neurons.  These 
selected networks of motor neurons in effect resemble the ‘expert networks’ from the ETDN 
architecture but are dynamic.   These dynamic interactions result in new neurotransmitter 
fields being formed or dissipation of existing ones depending on sensory input being fed 
into the decision neurons. 
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3.3.2 Experiments 
Fig. 16 (left) shows the fitness (population best) of the overall system evaluated at each 
generation of the artificial evolutionary process for the resource gathering task.  The 
performance of a fixed-topology, fully-connected network with 12 hidden and output 
neurons is also shown in Fig. 16 (right). While this is not intended as a benchmark network, 
in a fixed-topology network there tends to be more ‘active’ synaptic connections present 
(since all neurons are active), and thus it takes longer for each neuron to tune these 
connections for all sensory inputs. 
 
 
 

 
Figure 16. (Left) Evolutionary performance comparison of ANT-based solutions for 1 to 5 
robots (averaged over 30 EA runs). (Right) Evolutionary performance with 4 robots for fixed 
topology and with light beacon off (averaged over 30 EA runs).  Error bars indicate one 
standard deviation 

The results with ANT controllers in Figure 16 (left) show that performance increases with 
the number of robots. With more robots, each robot has a smaller area to cover in trying to 
gather and dump resources.  The simulation runs indicate that a point of diminishing 
returns is eventually reached. Beyond this point, additional robots have a minimal effect on 
system performance with the initial resource density and robot density kept constant. The 
evolutionary process enables the decomposition of a goal task based on a global fitness 
function, and the tuning of behaviours depending on the robot density. 
The behavioural activity of the controllers (see Fig. 17) shows the formation of small 
networks of neurons, each of which handles an individual behaviour such as dumping 
resources or detecting visual templates (boundary perimeters, target area markings, etc.).   
Localized regions within the tissue do not exclusively handle these specific distal 
behaviours.  Instead, the activity of the decision neurons indicate distribution of specialized 
‘feature detectors’ among independent networks. 
The ANT controllers discover a number of emergent behaviours including learning to pass 
resource material from one individual to another during an encounter, much like a ‘bucket 
brigade.’  This technique improves the overall efficiency of system as less time is spent 
travelling to and from the dumping area.  In addition, ‘bucket brigades’ reduce antagonism 
since there are fewer robots to avoid at once within the dumping area. 
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Figure 17. ANT tissue topology and neuronal activity of a select number of decision 
neurons. These decision neurons in turn ‘select’ (excite into operation) motor control 
neurons within its diffusion field 

 
Figure 18. Scaling of ANT-based solutions (population best taken after 2000 generations) 
from 1 to 5 robots 

3.3.3 Controller Scalability and Hardware Demonstrations 
We also examine the scalability of the fittest evolved controllers by varying the density of 
simulated robots, while holding the resource density constant (Fig. 18).  Taking the 
controller evolved for a single robot and running it on a multirobot system shows limited 
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performance improvement. In fact, using four or more robots results in a decrease in 
performance, due to the increased antagonism created. 
The scalability of the evolved solution depends in large part on the number of robots used 
during the training runs. The single-robot controller expectedly lacks the cooperative 
behaviour necessary to function well within a multiagent setting.  For example, such 
controllers fail to develop ‘robot collision avoidance’ or ‘bucket brigade’ behaviours and 
perform poorly when rescaled to multiple robots.  Similarly, the robot controllers evolved 
with two or more robots perform demonstrably better when scaled up, showing that the 
solutions are dependent on cooperation among the robots. To limit the effects of 
antagonism, controllers need to be trained under conditions in which the probability of 
encounters among robots is sufficiently high. 
Some of the fittest evolved controllers were also tested on a fleet of nonholonomic robots; 
snapshots are shown in Fig. 13.  The advantage of the ANT framework with generic basis 
behaviours is that the solutions can be easily ported to various other hardware platforms, 
provided actual basis behaviours on hardware match those in simulation.   

4. Discussion 
The use of a global fitness function shows the possibility of training multirobot controllers 
with limited supervision to perform self-organized task decomposition.  A global fitness 
function encourages solutions that improve system performance without explicitly biasing 
for a particular task decomposition strategy.  This is advantageous for use with multirobot 
controllers, where it is often easier to define the global goals over required local 
coordination behaviours that require task specific information.  In addition, such an 
approach facilitates discovery of novel behaviours that otherwise may be overlooked by a 
human designer.  Such novel behaviours include use of ‘bucket brigade’ behaviours for the 
multirobot resource gathering task, ‘error correction’ for the tiling formation task and 
incremental merging of the object piles for the heap formation task.  For the walking gait 
task, use of a global fitness function facilitated discovery of the local leg behaviours and 
resultant global gait coordination without the need for multistaged evolution. 
While some of the behaviours from evolved controllers may display novel attributes, 
quantitatively interpreting such solutions remains difficult.  This issue is of added 
importance because we are interested in how a set of local behaviours give rise to emergent 
global behaviours for multirobot control.  As Dawkins (1986) points out, successful 
evolutionary solutions are not evolved per se to ease our burden of understanding such 
solutions.  Biologically plausible techniques such as the ability to track energy consumption 
of the individual robots and bias for minimization of energy consumption within the fitness 
function also does not guarantee more decipherable solutions nor improved evolutionary 
training performance than without selecting for energy efficient controllers.  However, such 
implicit techniques may well reduce any redundant behaviours that may be energetically 
wasteful.  Alternatively, desired attributes could be explicitly encouraged through shaping, 
helping to simplify deciphering such solutions but this implies dealing with the problem of 
greater supervision for multirobot control and how best to perform decomposition of the 
task a priori. 
Comparison of the different evolutionary techniques discussed in this chapter shows that by 
exploiting hierarchical modularity and regulatory functionality, controllers can overcome 
tractability concerns.  Simple CA lookup table controllers are shown to be suitable for 
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solving a multiagent heap and 2 × 2 tiling formation tasks.  Although lookup tables are 
monolithic, the system exploits parallelism through use of decentralized modular agents.  
To overcome the tractability limitations of monolithic CA lookup table controllers, we 
introduce modularity through decomposition of agent functionality into subsystems for the 
3 × 3 tiling formation task or by exploiting inherent physical modularity for the walking gait 
task.  However, such techniques often require supervisor intervention or a conducive 
physical setup in devising a suitable modular task decomposition scheme.   
Use of neural networks is another form of modularization, where individual neurons 
acquire specialized functionality (via training) in solving for a given task.  The neurons 
unlike the CA lookup tables can generalize by exploiting correlations between combinations 
of sensory input.  Ensemble networks consist of a hierarchical modularization scheme, 
where networks of neurons are modularized into expert networks and the gating 
mechanism used to arbitrate and perform selection among the expert networks.  In addition, 
these networks can also exploit modularity within the neuron activation function.  Such 
techniques are shown to overcome tractability issues including the ‘bootstrap problem’ and 
reduce spatial crosstalk without use of a supervisor-devised task decomposition schemes.   
The limitation with fixed-topology ensemble networks is that they require supervisor 
intervention in determining the network topology and number of expert networks.  
Artificial Neural Tissues (ANT) can overcome the need for supervisor intervention in 
determining the network topologies through use of artificial regulatory systems.  Within 
ANT, the regulatory systems dynamically activate and inhibit neuronal groups by 
modelling a biologically plausible coarse-coding arbitration scheme.  ANT can also 
overcome tractability concerns affecting other variable-length topologies that lack neural 
regulation.  Variable-length topologies that lack neural regulatory mechanisms are grown 
incrementally starting from a single cell as the size of the network architecture may 
inadvertently make training difficult (Stanley & Miikkulainen, 2001). 
The techniques used to evolve controllers for the tasks discussed also rely on predetermined 
sensor input layout and set of predefined basis behaviours.  In practice, a sensor-input 
layout is often constrained due to hardware limitations or based on physical characteristics 
of a robot and thus relying on body-brain coevolution may not always be practical.    
Evolving for sensor input layouts in addition to the controller may give useful insight into 
sensors that are truly necessary to accomplish a task.  Naturally, one would devise a fitness 
function to encourage use of a minimal set of sensors.    
From the resource gathering experiments, we observe that evolutionary solutions can attain 
dependence to sensors and templates exposed during training but that are not necessary to 
complete a task, nor improve system performance.  For the resource gathering task, use of a 
light beacon for homing to the ‘dumping area’ could intuitively increase efficiency of the 
robots in completing a task.  It should also be noted that the light beacon is not necessary as 
the robots can also randomly forage for the dumping area.  Although the ANT controllers 
can become dependent on the light beacon, this doesn’t translate into improved system 
performance.  One remedy to overcoming this dependence on optional components is 
through use of varied training conditions, such as with and without the light beacon.  Other 
more elaborate failure scenarios could be introduced during training to ‘condition’ the 
controllers towards handling loss of components.    
The use of a predefined palette of basis behaviours is accepted as an ad hoc procedure.  
Alternately, such basis behaviours could be obtained using machine learning techniques 
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such as artificial evolution in stages.  Nevertheless, the intent with some of these 
experiments is to use a generic palette of basis behaviours that are not task-specific thus 
reducing the need for basis-behaviour-related design decisions by the experimenter.   In 
practice, there exists a trade off between use of hand-coded basis behaviours (microscopic 
behaviours) versus use of evolutionary search techniques for multirobot coordination and 
control (resultant macroscopic behaviours).  Where design and implementation of basis 
behaviours is more involved than determining the coordination behaviours, this approach 
may have limited practical value.   
Our premise based on experience with multirobot controllers is that designing the basis 
behaviours requires much less effort than determining the unintuitive coordination schemes 
that give rise to emergent group coordination behaviours.  To further emphasize this point, 
analyses of the evolved solutions indicate they are not organized according to readily 
‘recognizable’ distal behaviours but as proximal behaviours (organized according to 
proximity in sensor space) (Nolfi, 1997).  One of the more promising features of the evolved 
multirobot controllers solution is the scalability of these solutions to a larger ‘world’ size.  In 
contrast, scalability may be limited with a hand-coded solution as other robots tend to be 
treated as obstacles to be avoided or use of heuristics for interaction requiring ad hoc 
assumptions based on limited knowledge of the task domain.  

5. Conclusion 
This chapter has reported on a number of investigations to control and coordinate groups of 
robots.  Through four sets of experiments, we have made a case for carefully selecting a 
fitness function to encourage emergent (self-organized) task decomposition by evolutionary 
algorithms.  This can alleviate the need to have a human designer arbitrarily break a group 
task into subtasks for each individual robot.  We feel this approach fits well within the space 
engineering context where mission-level goals are commonly specified and the system 
designer must decompose these into manageable pieces.  We have shown, in limited context 
of our experiments, that an evolutionary algorithm can take on this system design role and 
automatically break down a task for implementation by a group of robots. Limited 
supervision also has it advantages, including the ability to discover novel solutions that 
would otherwise be overlooked by a human supervisor.  We also show that by exploiting 
hierarchical modularity and regulatory functionality, controllers can overcome tractability 
concerns.    
Our findings are encouraging but we also realize that ‘evolved controllers for multirobot 
systems’ have many hurdles to overcome before adoption on a real space exploration 
mission.  We must clearly show the advantages of (i) using multiple robots and (ii) 
programming them using an evolutionary algorithm.  This will certainly be a long road, but 
we are enthused by the fact that the number of potential applications of multirobot systems 
in the space exploration world is quickly growing.  For example, at the time of writing, there 
is renewed interest in the Moon and establishing a base near the lunar South Pole.  Several 
robotic precursor missions are being planned to select and prepare the site and then deploy 
equipment including solar arrays.  Once built, rovers will be needed to work alongside 
astronauts in searching for and gathering resources such as water ice.  These are precisely 
the types of task by which we were originally motivated and we hope that evolutionary 
robotics will one day aid in the exploration of other worlds. 
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solving a multiagent heap and 2 × 2 tiling formation tasks.  Although lookup tables are 
monolithic, the system exploits parallelism through use of decentralized modular agents.  
To overcome the tractability limitations of monolithic CA lookup table controllers, we 
introduce modularity through decomposition of agent functionality into subsystems for the 
3 × 3 tiling formation task or by exploiting inherent physical modularity for the walking gait 
task.  However, such techniques often require supervisor intervention or a conducive 
physical setup in devising a suitable modular task decomposition scheme.   
Use of neural networks is another form of modularization, where individual neurons 
acquire specialized functionality (via training) in solving for a given task.  The neurons 
unlike the CA lookup tables can generalize by exploiting correlations between combinations 
of sensory input.  Ensemble networks consist of a hierarchical modularization scheme, 
where networks of neurons are modularized into expert networks and the gating 
mechanism used to arbitrate and perform selection among the expert networks.  In addition, 
these networks can also exploit modularity within the neuron activation function.  Such 
techniques are shown to overcome tractability issues including the ‘bootstrap problem’ and 
reduce spatial crosstalk without use of a supervisor-devised task decomposition schemes.   
The limitation with fixed-topology ensemble networks is that they require supervisor 
intervention in determining the network topology and number of expert networks.  
Artificial Neural Tissues (ANT) can overcome the need for supervisor intervention in 
determining the network topologies through use of artificial regulatory systems.  Within 
ANT, the regulatory systems dynamically activate and inhibit neuronal groups by 
modelling a biologically plausible coarse-coding arbitration scheme.  ANT can also 
overcome tractability concerns affecting other variable-length topologies that lack neural 
regulation.  Variable-length topologies that lack neural regulatory mechanisms are grown 
incrementally starting from a single cell as the size of the network architecture may 
inadvertently make training difficult (Stanley & Miikkulainen, 2001). 
The techniques used to evolve controllers for the tasks discussed also rely on predetermined 
sensor input layout and set of predefined basis behaviours.  In practice, a sensor-input 
layout is often constrained due to hardware limitations or based on physical characteristics 
of a robot and thus relying on body-brain coevolution may not always be practical.    
Evolving for sensor input layouts in addition to the controller may give useful insight into 
sensors that are truly necessary to accomplish a task.  Naturally, one would devise a fitness 
function to encourage use of a minimal set of sensors.    
From the resource gathering experiments, we observe that evolutionary solutions can attain 
dependence to sensors and templates exposed during training but that are not necessary to 
complete a task, nor improve system performance.  For the resource gathering task, use of a 
light beacon for homing to the ‘dumping area’ could intuitively increase efficiency of the 
robots in completing a task.  It should also be noted that the light beacon is not necessary as 
the robots can also randomly forage for the dumping area.  Although the ANT controllers 
can become dependent on the light beacon, this doesn’t translate into improved system 
performance.  One remedy to overcoming this dependence on optional components is 
through use of varied training conditions, such as with and without the light beacon.  Other 
more elaborate failure scenarios could be introduced during training to ‘condition’ the 
controllers towards handling loss of components.    
The use of a predefined palette of basis behaviours is accepted as an ad hoc procedure.  
Alternately, such basis behaviours could be obtained using machine learning techniques 
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such as artificial evolution in stages.  Nevertheless, the intent with some of these 
experiments is to use a generic palette of basis behaviours that are not task-specific thus 
reducing the need for basis-behaviour-related design decisions by the experimenter.   In 
practice, there exists a trade off between use of hand-coded basis behaviours (microscopic 
behaviours) versus use of evolutionary search techniques for multirobot coordination and 
control (resultant macroscopic behaviours).  Where design and implementation of basis 
behaviours is more involved than determining the coordination behaviours, this approach 
may have limited practical value.   
Our premise based on experience with multirobot controllers is that designing the basis 
behaviours requires much less effort than determining the unintuitive coordination schemes 
that give rise to emergent group coordination behaviours.  To further emphasize this point, 
analyses of the evolved solutions indicate they are not organized according to readily 
‘recognizable’ distal behaviours but as proximal behaviours (organized according to 
proximity in sensor space) (Nolfi, 1997).  One of the more promising features of the evolved 
multirobot controllers solution is the scalability of these solutions to a larger ‘world’ size.  In 
contrast, scalability may be limited with a hand-coded solution as other robots tend to be 
treated as obstacles to be avoided or use of heuristics for interaction requiring ad hoc 
assumptions based on limited knowledge of the task domain.  

5. Conclusion 
This chapter has reported on a number of investigations to control and coordinate groups of 
robots.  Through four sets of experiments, we have made a case for carefully selecting a 
fitness function to encourage emergent (self-organized) task decomposition by evolutionary 
algorithms.  This can alleviate the need to have a human designer arbitrarily break a group 
task into subtasks for each individual robot.  We feel this approach fits well within the space 
engineering context where mission-level goals are commonly specified and the system 
designer must decompose these into manageable pieces.  We have shown, in limited context 
of our experiments, that an evolutionary algorithm can take on this system design role and 
automatically break down a task for implementation by a group of robots. Limited 
supervision also has it advantages, including the ability to discover novel solutions that 
would otherwise be overlooked by a human supervisor.  We also show that by exploiting 
hierarchical modularity and regulatory functionality, controllers can overcome tractability 
concerns.    
Our findings are encouraging but we also realize that ‘evolved controllers for multirobot 
systems’ have many hurdles to overcome before adoption on a real space exploration 
mission.  We must clearly show the advantages of (i) using multiple robots and (ii) 
programming them using an evolutionary algorithm.  This will certainly be a long road, but 
we are enthused by the fact that the number of potential applications of multirobot systems 
in the space exploration world is quickly growing.  For example, at the time of writing, there 
is renewed interest in the Moon and establishing a base near the lunar South Pole.  Several 
robotic precursor missions are being planned to select and prepare the site and then deploy 
equipment including solar arrays.  Once built, rovers will be needed to work alongside 
astronauts in searching for and gathering resources such as water ice.  These are precisely 
the types of task by which we were originally motivated and we hope that evolutionary 
robotics will one day aid in the exploration of other worlds. 
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1. Introduction 
With the increasing number of robots in industrial environments, scientists/technologists 
were often faced with issues on cooperation, coordination and collaboration among different 
robots and their self governance in the work space. This has led to the development of 
systems with several cooperative robotic  agents.  (Kim et al., 1997b). Generally, a system 
with several robotic agents (multi-robot system) is composed by two or more robots 
executing a task in a cooperative way  (Arai and Ota, 1992). 
Coordination, collaboration and cooperation are three terms used without distinction when 
working with multi-agent and multi-robot systems. In this work, we adopt a definition 
proposed by Noreils (Noreils, 1993) in which cooperation occurs when several agents (or 
robots) are gathered together so as to perform a global task. Coordination and collaboration 
are two forms of cooperation (Botelho and Alami, 2000). Coordination occurs when an entity 
coordinates its activity with another, or it synchronizes its action with respect to the other 
entity, by exchanging information, signals, etc. And, collaboration occurs when two or more 
agents decompose a global task in subtasks to be performed by each specific agent. 
Generally, the solution for problems using multi-agent and multi-robot systems is divided 
into stages. When talking about autonomous robots, two of these stages are the task 
allocation stage and the task execution stage. Task allocation should be done so that all 
components (agents or robots) in the system are used and the problem is completely solved. 
The task execution stage itself should be performed so that the agents do not interfere to 
each other (coordination and/or collaboration) when solving the problem. Traditionally, 
both stages are carried out independently. In the task allocation stage, it is defined if the 
agents will collaborate to each other or if they will coordinate their activities. In the task 
execution stage, collaboration and/or coordination are effectively done. 
In the literature, each stage is implemented using different techniques. The task allocation 
stage can be implemented using centralized or decentralized approaches (Le Pape, 1990). 
Centralized approaches can be implemented as an optimization problem. Decentralized 
approaches generally use marked based approaches like the contract-net protocol (CNP) 
(Ulam et al., 2007) or other approaches derived from it (Botelho and Alami, 1999). 
The task execution stage can be implemented in many ways. It depends of the nature of 
interactions between agents (Collaboration or coordination) and if agents can modify or not 
their strategies (Static and dynamic strategies). For example it can be implemented using 
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1. Introduction 
With the increasing number of robots in industrial environments, scientists/technologists 
were often faced with issues on cooperation, coordination and collaboration among different 
robots and their self governance in the work space. This has led to the development of 
systems with several cooperative robotic  agents.  (Kim et al., 1997b). Generally, a system 
with several robotic agents (multi-robot system) is composed by two or more robots 
executing a task in a cooperative way  (Arai and Ota, 1992). 
Coordination, collaboration and cooperation are three terms used without distinction when 
working with multi-agent and multi-robot systems. In this work, we adopt a definition 
proposed by Noreils (Noreils, 1993) in which cooperation occurs when several agents (or 
robots) are gathered together so as to perform a global task. Coordination and collaboration 
are two forms of cooperation (Botelho and Alami, 2000). Coordination occurs when an entity 
coordinates its activity with another, or it synchronizes its action with respect to the other 
entity, by exchanging information, signals, etc. And, collaboration occurs when two or more 
agents decompose a global task in subtasks to be performed by each specific agent. 
Generally, the solution for problems using multi-agent and multi-robot systems is divided 
into stages. When talking about autonomous robots, two of these stages are the task 
allocation stage and the task execution stage. Task allocation should be done so that all 
components (agents or robots) in the system are used and the problem is completely solved. 
The task execution stage itself should be performed so that the agents do not interfere to 
each other (coordination and/or collaboration) when solving the problem. Traditionally, 
both stages are carried out independently. In the task allocation stage, it is defined if the 
agents will collaborate to each other or if they will coordinate their activities. In the task 
execution stage, collaboration and/or coordination are effectively done. 
In the literature, each stage is implemented using different techniques. The task allocation 
stage can be implemented using centralized or decentralized approaches (Le Pape, 1990). 
Centralized approaches can be implemented as an optimization problem. Decentralized 
approaches generally use marked based approaches like the contract-net protocol (CNP) 
(Ulam et al., 2007) or other approaches derived from it (Botelho and Alami, 1999). 
The task execution stage can be implemented in many ways. It depends of the nature of 
interactions between agents (Collaboration or coordination) and if agents can modify or not 
their strategies (Static and dynamic strategies). For example it can be implemented using 
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probabilistic methods (Bruce et al., 2003), fussy logic (Wu and Lee, 2004; Chen and Liu, 
2002), reinforcement learning (Salustowicz et al., 1998; Wiering et al., 1999), evolutionary 
algorithms (Zhang and Mackworth, 2002), neural networks (Kim et al. 1997a)  and others.  
A static strategy is defined during the design of the robotic system and after that, it is 
applied to the robots by choosing roles  and actions of each robot depending of the a priori 
defined situation. A disadvantage of this kind of strategy is that it doesn’t adapt 
automatically to changes in requirements and can lead to a low performance of the system if 
situations not envisaged by the designers occur. 
On the other hand, a dynamic strategy adapts itself to the environment. This kind of strategy is 
generally implemented with artificial intelligence techniques. Dynamic strategies can be 
divided in two stages: the learning and the using stage. In the learning stage, the overall system 
is exposed to simulated environments, where, if necessary, opponents are programmed using 
static strategies. In the using stage, the system does not modify the strategy parameters. Both 
stages can be executed one after another during all useful life of the system. 
This traditional way of implementing dynamic strategies requires a predefined set of 
possible situations and actions. Thus, because robots already know the kind of situations 
they can find in the environment and also they know what actions they can execute, we 
denominate these traditional approaches  as “learning by experience”. 
We conjecture that, in real world and not in minimal applications, the robots can not 
completely know what kind of situations they can find and also what are all the actions that 
they can perform, in this case, consider an action as a set of consecutive low level signals to 
the actuators of the robots. In this sense, we propose to combine the imitation learning 
approach with learning by experience in order to construct robots that really adapt to 
environment changes and also evolve during their useful life. Imitation learning can help 
the robots to know new actions and situations where it can be applied and learning by 
experience can help robots to test the new actions in order to establish if they really work for 
the whole team. 
It is important to note that the concepts, algorithms, and techniques proposed and evaluated 
in this work are focused in the task execution stage, specifically in dynamical strategies. 
Also, all the concepts are valid for multi-robot and multi-agent systems. The algorithms 
traditionally used for implementing learning by experience approaches are explained in 
section 2. Between them, we choose reinforcement learning algorithms for testing our 
model. In section 3 we explain our approach for implementing imitation learning and in 
section 4 we explain how the overall process of learning is implemented. Because there are 
several ways or paradigms for applying reinforcement learning to multi-robot systems , we 
compare them in section 5. Also, results obtained when the overall process was applied to a 
robot soccer problem are discussed in section 6. Finally conclusions of this work are 
explained in section 7. 

2. Learning by Experience 
The idea of using agents that can learn to solve problems became popular in the area of 
Artificial Intelligence, specifically in applications for machine learning techniques. When 
working with multi-agent or multi-robot systems, learning can be implemented in the two 
stages, as explained in the previous section.  Thus, by developing agents that learn task 
allocation for the first stage and agents that learn to solve their task in the second stage, we 
are contributing significantly to this field. 
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We implement dynamic strategies, using machine learning techniques. These strategies 
require a predefined set of possible situations and actions. Thus, because robots already 
know the kind of situations they can find in the environment and also know what actions 
they can execute, we name those traditional approaches as learning by experience 
approaches. Learning by experience occurs when a robot or agent modifies the parameters 
used for choosing actions, from a set of them, to be executed in a set of known situations. 
Thus, in learning by experience, robots only modify the strategy using a set of actions prior 
defined by the system designer. 
Almost all works found in the literature deal with robots learning by experience (Bruce et 
al., 2003; Wu and Lee, 2004; Chen and Liu, 2002; Wiering et al., 1999; Salustowicz et al., 1998; 
Zhang and Mackworth, 2002; Kim et al., 1997a). 
Interactions in multi-agent and multi-robot systems can be collaborative, competitive or 
mixed. At this point, concepts of artificial intelligence and game theory come together to be 
able to explain those interactions and find ways to optimize them. In game theory, 
interactions between agents or robots are modeled as stochastic games. When the system is 
composed by a unique agent, the stochastic game is a Markov Decision Process. When the 
system is composed by several agents but with a unique state, it is a Repetitive Game. 
(Shoham et al., 2007). Stochastic games are also known as markov games and are classified 
in zero sum games, where agents are fully competitive, and in general sum games, where 
agents cooperate  and/or compete to each other (Filar and Vrieze, 1997). Here, we address 
only those learning algorithms applied to general sum stochastic games. 

2.1 Common Algorithms 
Several machine learning algorithms are applied to learning in multi-agent and multi-robot 
cooperative systems (general sum stochastic games). In machine learning, the three most 
common paradigms for learning are supervised learning, unsupervised learning and the 
reward based learning (Panait and Luke, 2005). It is well known that these models are not 
easily applied for learning when using multi-agent and multi-robot systems mainly because 
of the complexity of these systems. 

2.1.1 Supervised Learning 
Supervised learning algorithms work with the assumption that it is possible to indicate the 
best response directly to the agent. But, when working with multi-agent and multi-robot 
systems, it is very difficult to indicate the best response for each agent or robot. This occurs 
because interactions are dynamic and there is a possibility that the teammates and/or 
opponents change their behavior during execution. In despite, we find some works that 
apply this kind of algorithm directly to multi-agent systems (Goldman and Rosenschein, 
1996; Wang and Gasser, 2002;  Ŝniezyński and Koźlak, 2006). Some hybrid systems that fuse 
this kind of algorithms with other machine learning algorithms can also be found. For 
example, Jolly et al. (2007) combine evolutionary algorithms and neural networks for 
decision making in multi-robot soccer systems. 

2.1.2 Unsupervised Learning 
Unsupervised learning algorithms try to cluster similar data, thus, they are widely used for 
pattern recognition and data visualisation.  However, it is difficult to imagine how they can 
be applied to solve task allocation and execution in multi-robot, cooperative systems. In 
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Also, all the concepts are valid for multi-robot and multi-agent systems. The algorithms 
traditionally used for implementing learning by experience approaches are explained in 
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compare them in section 5. Also, results obtained when the overall process was applied to a 
robot soccer problem are discussed in section 6. Finally conclusions of this work are 
explained in section 7. 

2. Learning by Experience 
The idea of using agents that can learn to solve problems became popular in the area of 
Artificial Intelligence, specifically in applications for machine learning techniques. When 
working with multi-agent or multi-robot systems, learning can be implemented in the two 
stages, as explained in the previous section.  Thus, by developing agents that learn task 
allocation for the first stage and agents that learn to solve their task in the second stage, we 
are contributing significantly to this field. 

Learning by Experience and by Imitation in Multi-Robot Systems 

 

63 
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despite, it is possible to find a few works that use this kind of learning, as the one of Li and 
Parker (2007) that uses the Fuzzy C-Means (FCM) clustering algorithm for detecting faults in 
a team of robots. 

2.1.3 Reward Based Learning 
The basic idea of reward based algorithms is not to indicate what the best response is, but 
the expected result. Thus, the robot or agent has to discover the best strategy in order to 
obtain the desired results. The most representative algorithms of this type are the 
evolutionary algorithms and the reinforcement learning algorithms. Evolutionary 
algorithms search the solution space in order to find the best results. This could also be done 
by assessing a fitness function. On the other hand, reinforcement learning algorithms 
estimate a value function for states or state-action pairs. This is done for defining the best 
policy that take advantage of these values. In this work, we focus specifically in 
reinforcement learning algorithms. 

2.2 Requirements for Learning by Experience 
In order to get a solution when using the learn by experience model in a single agent or 
robot we need to define: a set of pre defined states or situations where the agent can act; a 
set of possible actions that the agent can perform; a way of modifying parameters of action 
selection while actions reveal as good or bad for certain situations. 
The same set is necessary, and enough, when using multi-agent or multi-robot systems. It is 
important to note that, although agents need a pre defined set of states or situations, 
abstraction is made in a way that any real situation in the environment is mapped into any 
pre defined state.  Generally, all actions are tested in all situations during the training 
process in order to verify if it is good to use the action set or not. 

2.3 Paradigms for Applying Reinforcement Learning Algorithms in Multi-Robot 
Systems 
Reinforcement learning algorithms were first introduced for learning of single agents.  They 
can also be applied in multi-agent and multi-robot systems there existing several ways of 
doing it.  A first one is by modeling all agents or robots as a single agent. This is known as 
the team learning paradigm.  A second model is by applying the algorithms without any 
modification to each agent or robot that compose the team. This is known as independent 
learning. The third and last traditional paradigm is by learning joint actions. It means that 
each agent learns how to execute an action, thinking to combining it with actions that other 
agents will execute.  
We introduce here a new paradigm, called influence value learning, besides the three 
traditional paradigms explained above. In our new model, the agents learn independently, 
but, at the same time, each agent is influenced by the opinions that other agents have about 
its actions. This new approach and the three traditional ones are better explained in the 
following. 

2.3.1 Team Learning 
The paradigm of multi-agent and multi-robot systems where agents learn as a team is based 
in the idea of modeling the team as a single agent. The great advantage of this paradigm is 
that the algorithms do not need to be modified. But, in robotics applications, it can be 
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difficult to implement it because we need to have a centralized learning process and sensor 
information processing. 
An example of this paradigm using reinforcement learning is the work of Kok and Vlasis 
(2004) that model the problem of collaboration in multi-agent systems as a Markov Decision 
Process.  The main problem in their work and other similar works is that the applicability 
becomes impossible when the number of players increases because the number of states and 
actions increases exponentially. 
The use of genetic algorithms is not much affected by the exponential growth of the number 
of states and actions (Sen and Sekaran, 1996; Salustowicz et al., 1998; Iba, 1999).  However, 
the need of centralized processing and information, what is still a problem impossible to be 
solved in this paradigm, is one of its disadvantages. 

2.3.2 Independent Learning 
The problems reported in learning as a team can be solved by implementing the learning 
algorithms independently in each agent. Several papers show promising results when 
applying this paradigm (Sen et al., 1994; Kapetanakis and Kudenko, 2002; Tumer et al., 
2002). However, Claus and Boutilier (1998) explored the use of independent learners in 
repetitive games, empirically showing that the proposal is able to achieve only sub-optimal 
results. The above results are important when analyzed regarding the nature of the used 
algorithms. It may be noted that the reinforcement learning algorithms aim to take the agent 
to perform a set of actions that will provide the greatest utility (greater rewards). Below that, 
in problems involving several agents, it is possible that the combination of optimal 
individual strategies not necessarily represents an optimal team strategy. In an attempt to 
solve this problem, many studies have been developed. An example is the one of 
Kapetanakis and Kudenko (2002) which proposes a new heuristic for computing the reward 
values for actions based on the frequency that each action has maximum reward.  They have 
shown empirically that their approach converges to an optimal strategy in repetitive games 
of two agents. Also, they test it in repetitive games with four agents, where, only one agent 
uses the proposed heuristic, showing that the probability of convergence to optimal 
strategies increases but is not guaranteed (2004). Another study (Tumer et al., 2002) explores 
modifications for choosing rewards. The problem of giving correct rewards in independent 
learning is studied. The proposed algorithm uses collective intelligence concepts for 
obtaining better results than by applying algorithms without any modification and learning 
as a team. Even achieving good results in simple problems such as repetitive games or 
stochastic games with few agents, another problem in this paradigm, which occurs as the 
number of agents increase, is that traditional algorithms are designed for problems where 
the environment does not change, that is, the reward is static. However, in multi-agents 
systems, the rewards may change over time, as the actions of other agents will influence 
them. 
In the current work, this paradigm is analyzed in comparison with joint action learning and 
with our approach, the influence value learning. Q-Learning is known to be the best 
reinforcement learning algorithm (Sutton and Barto, 1998), so, the algorithms are going to be 
based on it. The Q-Learning algorithm for Independent Learning  (IQ-Learning) is defined 
by equation 1. 
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where Q(st,at) is the value of the action at in the state st, α is the learning rate (0≤α≤1),γ is the 
discount rate (0≤γ≤1), st+1 is the resultant state after executing the action at. And, rt+1  is the 
instantaneous reward obtained by executing the action at. 

2.3.3 Joint Action Learning 
One way for solving the problem of the independent learning model is learn the best 
response to the actions of other agents. In this context, the joint action learning paradigm 
appears. Each agent should learn what the value of executing their actions in combination 
with the actions of others (joint action) is. By intuits a model for other agents, it must 
calculate the best action for actions supposed to be executed by colleagues and/or 
adversaries (Kapetanakis et al., 2003; Guo et al., 2007). Claus and Bouitilier explored the use 
of this paradigm in repetitive games (Claus and Boutilier, 1998) showing that the basic form 
of this paradigm does not guarantee convergence to optimal solutions. However, the 
authors indicate that, unlike the independent learning algorithms, this paradigm can be 
improved if models of other agents are improved. 
Other examples include the work of Suematsu and Hayashi that guarantee convergence to 
optimal solutions (Suematsu and Hayashi, 2002).  The work of Banerjee and Sen (Banerjee 
and Sen, 2007) that proposes a conditional  algorithm for learning joint actions, where agents 
learn the conditional probability of an action be executed by an opponent be optimal. Then, 
agents use these probabilities for choosing  their future actions. The main problem with this 
paradigm is the number of combinations of states and actions that grows exponentially as 
the number of states, actions and/or agents grows. 
As said before, in the current work, algorithms will be based on Q-Learning. A modified 
version of the traditional Q-Learning, for joint action learning, the so called JAQ-Learning 
algorithm, is defined by the equation 2: 
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where ait is the action performed by the agent i at time t; N is number of agents, 
Qi(st,a1t,...,aNt) is the value of the joint action (a1t,...,aNt) for agent i in the state st. rt+1 is the 
reward obtained by agent i as it executes action ait and as other agents execute actions 
a1t,...,ai-1t,ai+1t,...,aNt respectively, α is the learning rate (0≤α≤1), γ is the discount rate 
(0≤γ≤1). 
An agent has to decide between its actions and not between joint actions. For this decision, it 
uses the expected value of its actions. The expected value includes information about the 
joint actions and the current beliefs about other agent that is given by (Equation 3): 
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where ai is an action of agent i, EV(st,ai) is the expected value of action ai in state st, a-i is a 
joint action formed only by actions of other agents, A-i is the set of joint actions of other 
agents excluding agent i, Q(st,a-i∪ai) is the value of a joint action formed by the union of the 
joint action a-i of all agents excluding i with action ai of agent i in state st and Prt(a-ij) is the 
probability of agent j performs action aj that is part of joint action a-i in state st. 
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2.3.4 Influence Value Learning 
The learning by influence value paradigm that we propose (Barrios-Aranibar and Gonçalves, 
2007a; Barrios-Aranibar and Gonçalves, 2007b) is based on the idea of influencing the 
behaviour of each agent according to the opinion of others. Since this proposal is developed in 
the context of learning through rewards, then the value of the proposed solutions will be the 
reward of each agent and the opinion that the other players have on the solution that the agent 
gave individually. This opinion should be a function of reward obtained by the agents. That is, 
if an agent affects the other players pushing their reward below than the previously received, 
they have a negative opinion for the actions done by the first agent. 
From the theoretical point of view, the model proposed does not have the problems related 
to the paradigms of team learning and joint action learning about the number of actors, 
actions and states. Finally, when talking about possible changes of rewards during the 
learning process and that the agent must be aware that the rewards may change because of 
the existence of other agents, authors conjecture that this does not represent a problem for 
this paradigm, based on experiments conducted until now. 
This paradigm is based on social interactions of people. Some theories about the social 
interaction can be seen in theoretical work in the area of education and psychology, such as 
the work of Levi Vygotsky (Oliveira and Bazzan, 2006; Jars et al., 2004). 
Based on these preliminary studies on the influence of social interactions in learning, we 
conjecture that when people interact, they communicate each other what they think about 
the actions of the other, either through direct criticism or praise. This means that if person A 
does not like the action executed by the person B, then A will protest against B. If the person 
B continue to perform the same action, then A can become angry and protest angrily. We 
abstract this phenomenon and determined that the strength of protests may be proportional 
to the number of times the bad action is repeated. 
Moreover, if person A likes the action executed by the person B, then A must praise B. Even 
if the action performed is considered as very good, then A must praise B vehemently. But if 
B continues to perform the same action, then A will get accustomed, and over time it will 
cease to praise B. The former can be abstracted by making the power of praise to be 
inversely proportional to the number of times the good action is repeated. 
More importantly, we observe that protests and praises of others can influence the behavior 
of a person. Therefore, when other people protest, a person tries to avoid actions that caused 
these protests and when other people praise, a person tries to repeat actions more times. 
Inspired in this fact, in this paradigm, agents estimate the values of their actions based on 
the reward obtained and a numerical value called influence value. The influence value for 
an agent i in a group of N agents is defined by equation 4. 
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Where βi(j) is the influence rate of agent j over agent i, OPj(i) is the opinion of agent j about 
the action executed by agent i. 
The influence rate β determine whether or not an agent will be influenced by opinions of other 
agents. OP is a numerical value which is calculated on the basis of the rewards that an agent 
has been received. Because in reinforcement learning the value of states or state-action pairs is 
directly related to rewards obtained in the past, then the opinion of an agent will be calculated 
according to this value and reward obtained at the time of evaluation (Equation 5). 
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where Q(st,at) is the value of the action at in the state st, α is the learning rate (0≤α≤1),γ is the 
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instantaneous reward obtained by executing the action at. 

2.3.3 Joint Action Learning 
One way for solving the problem of the independent learning model is learn the best 
response to the actions of other agents. In this context, the joint action learning paradigm 
appears. Each agent should learn what the value of executing their actions in combination 
with the actions of others (joint action) is. By intuits a model for other agents, it must 
calculate the best action for actions supposed to be executed by colleagues and/or 
adversaries (Kapetanakis et al., 2003; Guo et al., 2007). Claus and Bouitilier explored the use 
of this paradigm in repetitive games (Claus and Boutilier, 1998) showing that the basic form 
of this paradigm does not guarantee convergence to optimal solutions. However, the 
authors indicate that, unlike the independent learning algorithms, this paradigm can be 
improved if models of other agents are improved. 
Other examples include the work of Suematsu and Hayashi that guarantee convergence to 
optimal solutions (Suematsu and Hayashi, 2002).  The work of Banerjee and Sen (Banerjee 
and Sen, 2007) that proposes a conditional  algorithm for learning joint actions, where agents 
learn the conditional probability of an action be executed by an opponent be optimal. Then, 
agents use these probabilities for choosing  their future actions. The main problem with this 
paradigm is the number of combinations of states and actions that grows exponentially as 
the number of states, actions and/or agents grows. 
As said before, in the current work, algorithms will be based on Q-Learning. A modified 
version of the traditional Q-Learning, for joint action learning, the so called JAQ-Learning 
algorithm, is defined by the equation 2: 

 
)),...,1,(),...,1,(max(

),...,1,(),...,1,(

1,...,11 tttitiaNat

tttittti

aNasQaNasQr
aNasQaNasQ

−+
+←

++ γα
 

(2)

 
where ait is the action performed by the agent i at time t; N is number of agents, 
Qi(st,a1t,...,aNt) is the value of the joint action (a1t,...,aNt) for agent i in the state st. rt+1 is the 
reward obtained by agent i as it executes action ait and as other agents execute actions 
a1t,...,ai-1t,ai+1t,...,aNt respectively, α is the learning rate (0≤α≤1), γ is the discount rate 
(0≤γ≤1). 
An agent has to decide between its actions and not between joint actions. For this decision, it 
uses the expected value of its actions. The expected value includes information about the 
joint actions and the current beliefs about other agent that is given by (Equation 3): 

 
∑ ∏

−− ∈ ≠
−− ∪←

ii Aa ij
ititt jaaiasQaisEV )(Pr*),(),(

 
(3)

 
where ai is an action of agent i, EV(st,ai) is the expected value of action ai in state st, a-i is a 
joint action formed only by actions of other agents, A-i is the set of joint actions of other 
agents excluding agent i, Q(st,a-i∪ai) is the value of a joint action formed by the union of the 
joint action a-i of all agents excluding i with action ai of agent i in state st and Prt(a-ij) is the 
probability of agent j performs action aj that is part of joint action a-i in state st. 

Learning by Experience and by Imitation in Multi-Robot Systems 

 

67 

2.3.4 Influence Value Learning 
The learning by influence value paradigm that we propose (Barrios-Aranibar and Gonçalves, 
2007a; Barrios-Aranibar and Gonçalves, 2007b) is based on the idea of influencing the 
behaviour of each agent according to the opinion of others. Since this proposal is developed in 
the context of learning through rewards, then the value of the proposed solutions will be the 
reward of each agent and the opinion that the other players have on the solution that the agent 
gave individually. This opinion should be a function of reward obtained by the agents. That is, 
if an agent affects the other players pushing their reward below than the previously received, 
they have a negative opinion for the actions done by the first agent. 
From the theoretical point of view, the model proposed does not have the problems related 
to the paradigms of team learning and joint action learning about the number of actors, 
actions and states. Finally, when talking about possible changes of rewards during the 
learning process and that the agent must be aware that the rewards may change because of 
the existence of other agents, authors conjecture that this does not represent a problem for 
this paradigm, based on experiments conducted until now. 
This paradigm is based on social interactions of people. Some theories about the social 
interaction can be seen in theoretical work in the area of education and psychology, such as 
the work of Levi Vygotsky (Oliveira and Bazzan, 2006; Jars et al., 2004). 
Based on these preliminary studies on the influence of social interactions in learning, we 
conjecture that when people interact, they communicate each other what they think about 
the actions of the other, either through direct criticism or praise. This means that if person A 
does not like the action executed by the person B, then A will protest against B. If the person 
B continue to perform the same action, then A can become angry and protest angrily. We 
abstract this phenomenon and determined that the strength of protests may be proportional 
to the number of times the bad action is repeated. 
Moreover, if person A likes the action executed by the person B, then A must praise B. Even 
if the action performed is considered as very good, then A must praise B vehemently. But if 
B continues to perform the same action, then A will get accustomed, and over time it will 
cease to praise B. The former can be abstracted by making the power of praise to be 
inversely proportional to the number of times the good action is repeated. 
More importantly, we observe that protests and praises of others can influence the behavior 
of a person. Therefore, when other people protest, a person tries to avoid actions that caused 
these protests and when other people praise, a person tries to repeat actions more times. 
Inspired in this fact, in this paradigm, agents estimate the values of their actions based on 
the reward obtained and a numerical value called influence value. The influence value for 
an agent i in a group of N agents is defined by equation 4. 

 
∑

≠∈

←
ijNj

jii iOPjIV
),:1(

)(*)(β
 

(4)
 

Where βi(j) is the influence rate of agent j over agent i, OPj(i) is the opinion of agent j about 
the action executed by agent i. 
The influence rate β determine whether or not an agent will be influenced by opinions of other 
agents. OP is a numerical value which is calculated on the basis of the rewards that an agent 
has been received. Because in reinforcement learning the value of states or state-action pairs is 
directly related to rewards obtained in the past, then the opinion of an agent will be calculated 
according to this value and reward obtained at the time of evaluation (Equation 5). 



Frontiers in Evolutionary Robotics 

 

68 

 ⎩
⎨
⎧

−
≤

←
caseotherIntatsPeRV

RVIftatsPeRV
iOP

ij

jij
j )))(),((1(*

0))(),((*
)(

 
(5)

 
Where  

 
))(),(()),1((max tatsQatsQrRV jjAajj

jj

−++←
∈  

(6)
 

For the case to be learning the values of state-action pairs. Pe(s(t),ai(t)) is the occurrence 
index (times action ai is executed by agent i in state s(t) over times agent i have been in state 
s(t)). Q(s(t),aj(t)) is the value of the state-action pair of the agent j at time t. And, Aj is the set 
of all actions agent j can execute. Thus, in the IVQ-learning algorithm based on Q-Learning, 
the state-action pair value for an agent i is modified using the equation 7. 
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where Q(s(t),ai(t)) is the value of action ai(t) executed by agent i, α is the learning rate (0≤α≤1), γ 
is the discount rate (0≤γ≤1).And, r(t+1) is the instantaneous reward obtained by agent i. 

2.4 Robotics and Reinforcement Learning 
For the implementation of reinforcement learning, it is important to define the model of the 
environment, the reward function, the action selection policy and the learning algorithm to 
be used. When applying reinforcement learning algorithms to robotics, developers have to 
consider that the state space and the action space are infinite. 
There are several proposals to implement reinforcement learning in this kind of problem. 
These proposals may involve a state abstraction, function approximation and hierarchical 
decomposition (Morales and Sammut, 2004). In the current paper, we use state abstraction 
for modeling the robot soccer application where this approach was tested. 
Another problem is that reinforcement learning algorithms require every action to be tested 
in all states. And, in robotics not all actions can be used in all states. Eventually there can 
exist an action that must not be used in some states. Also, if it is implemented in multi-robot 
systems, it is important to note that eventually some states into the model of the 
environment are impossible to exist in real applications. We propose a solution that can be 
implemented by modifying reinforcement learning algorithms in order to test actions only 
in certain states (for example, states pre-defined by designers or where some specialist 
robotic system used before) 
Another problem when applying reinforcement learning to robotics is that learning 
algorithms require so much computational time in comparison with sampling rates needed 
in robotics. For solving this problem, authors propose to use off-line algorithms. The last 
means that algorithms will be executed during the rest time of the team of robots (e.g. After 
finishing to execute some tasks). 

3. Learning by Imitation 
Learning by imitation is considered a method to acquire complex behaviors and a way of 
providing seeds for future learning (Kuniyoshi and Inoue, 1993; Miyamoto and Kawato, 
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1998; Schaal, 1999).  This kind of learning was applied in several problems like learning in 
humanoid robots, air hockey and marble maze games, and in robot soccer, where was 
implemented using a Hidden Markov Model  and by teaching the robots with a Q-Learning 
algorithm. (Barrios-Aranibar and Alsina, 2007). 

3.1 Benefits of Using Imitation with Reinforcement Learning Algorithms 
Benefits of using imitation learning with any algorithm of learning by experience are 
directly related to the requirements exposed in section 2.2. And, in the specific case of 
reinforcement learning, with the  problems related in section 2.4. Thus, the principal benefits 
of using imitation learning could be: 
1. Avoid the necessity of test every action in every state. For that, agents or robots have to 

test action only where other agents or robots previously done.  
2. Diminishes the computational time needed of convergence. Because, the search space 

decrease as robots only use actions in states where they previously observe that actions 
were used. 

3. Diminishes the number of state-action pairs values to storage. Thus, it means that the 
number of real state-action pairs will be less than the possible ones. 

4. Finally, reinforcement learning algorithms will not need to have  the states and actions 
defined a priori. 

Also, it is important to note that the exposed benefits will be obtained independent of the 
paradigm used for implementing reinforcement learning in a multi-robot system. 
3.2 Implementing Imitation Learning 
For implementing the imitation learning, we propose to do it by observing other teams 
playing soccer for recognizing complex behaviors (Barrios-Aranibar and Alsina, 2007). First. 
all robots have to recognize what actions robots they are trying to imitate are performing. 
After that those actions have to be grouped into behaviors. And, finally by defining in which 
states observed robots used them, the recognized behaviors have to be included into the 
data base of learning robots. This approach is explained below. 

3.2.1 Recognizing Actions of Other Robots 
To understand this approach of learning by imitation, concepts like role, situation, action 
and behavior must be defined. A role is defined as the function a robot implements during 
it’s useful life in a problem or in part of it.  Each role is composed of a set of behaviors. Also, 
a behavior is a sequence of consecutive actions. And, an action is a basic interaction between 
a robot (actor) and an element in the environment, including other robots in the team. 
Finally, a situation is an observer description of a basic interaction between a robot and an 
element in the environment, including other robots in the team. This means that a situation 
is the abstraction that an observer makes about something other robot does. 
For recognizing action of other robots, the learners have to really analyze and recognize 
situations. We propose to do this analysis over games previously saved. Because the 
application used for testing the overall approach is the robot soccer, in current work, the 
saved game must include positions and orientations of the robots of both teams, the ball 
position and scores at every sampling time. 
The analysis of saved games is made with a fuzzy inference machine. Here, situations 
involving each robot in the analyzed team must be made. The fuzzy inference machine 
includes five fuzzy variables: Distance between two objects, orientation of an object with 
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where Q(s(t),ai(t)) is the value of action ai(t) executed by agent i, α is the learning rate (0≤α≤1), γ 
is the discount rate (0≤γ≤1).And, r(t+1) is the instantaneous reward obtained by agent i. 
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environment, the reward function, the action selection policy and the learning algorithm to 
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There are several proposals to implement reinforcement learning in this kind of problem. 
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Another problem is that reinforcement learning algorithms require every action to be tested 
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systems, it is important to note that eventually some states into the model of the 
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The analysis of saved games is made with a fuzzy inference machine. Here, situations 
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respect to the orientation of another object, orientation of an object with respect to another 
object, playing time and velocity of an object with respect to the velocity of another object. 
For defining these fuzzy variables, values of time (sampling times), position, orientation, 
distance, velocity and direction were used. Figure 1 shows possible fuzzy values for each 
variable. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

Figure 1. Fuzzy variables for recognizing situations: (a) Distance Between two Objects. (b) 
Orientation of an Object with Respect to Orientation of Another Object. (c) Orientation of an 
Object with Respect to Another Object. (d) Playing Time. (e) Velocity of an Object with 
Respect to the Velocity of Another Object 

Learning by Experience and by Imitation in Multi-Robot Systems 

 

71 

Distance between two objects fuzzy variable is based in the Euclidian distance between the 
objects positions. Orientation of an object with respect to orientation of another object fuzzy 
variable is based on the absolute value of the difference between the orientation angles of 
two objects. Orientation of an object with respect to another object fuzzy variable is based on 
the angular distance between two objects. Which is defined as the difference between the 
current orientation of the first object and the orientation needed to point to the second 
object. Playing time fuzzy variable is based on the sampled times of a game or a part of it. 
And, velocity of an object with respect to the velocity of another object fuzzy variable is 
based on the value of the difference between the velocity of two objects. 

Code Situation Name Priority 
001 Robot with the ball 1 
011 Robot guides the ball 2 
021 Robot kicks the ball 3 
022 Robot loses the ball 4 
023 Robot yields the ball 4 
033 Robot leaves the ball 5 
034 Robot moves away from the ball 10 
044 Robot reaches the ball 6 
045 Robot receives the ball 7 
046 Robot approaches the ball 9 
047 Ball hits the robot 8 
057 Robot orients to the ball 11 
067 Robot goes ball’s X direction 12 
068 Robot goes ball’s Y direction 13 
078 Robot orients to it’s own goal 14 
088 Robot approaches it’s own goal 15 
098 Robot moves away from it’s own goal 16 
108 Robot orients to adversary’s goal 17 
118 Robot approaches the adversary’s goal 18 
128 Robot moves away from adversary’s goal 19 
138 Robot approaches goalkeeper adversary 21 
139 Robot approaches midfield adversary 21 
140 Robot approaches striker adversary 21 
150 Robot moves away from goalkeeper adversary 24 
151 Robot moves away from midfield adversary 24 
152 Robot moves away from striker adversary 24 
162 Robot approaches role +1 teammate 23 
163 Robot approaches role +2 teammate 23 
173 Robot moves away from role+1 teammate 22 
174 Robot moves away from role+2 teammate 22 
184 Robot does not move 20 
194 Robot moves randomly  

Table 1. Situations Defined in the Fuzzy Inference Machine 

Thirty situations with fuzzy rules were defined. An additional situation called “Robot 
moving randomly” was defined to be used when there is a time interval that does not fulfill 
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174 Robot moves away from role+2 teammate 22 
184 Robot does not move 20 
194 Robot moves randomly  

Table 1. Situations Defined in the Fuzzy Inference Machine 

Thirty situations with fuzzy rules were defined. An additional situation called “Robot 
moving randomly” was defined to be used when there is a time interval that does not fulfill 
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restrictions of any situation. The situations are listed in table 1. Three roles were defined for 
the robots: Goalkeeper, midfield and striker, all of them depend on the robot position at 
each sampling time. Almost all situations are independent of the robot’s role. The situations 
with codes 162, 163, 173 and 174 depend on the robot role when a situation starts. For that 
purpose, roles are arranged in a circular list (e.g. Goalkeeper, midfield, striker). 
The recognition of a situation passes through two stages: Verification of possibility and 
verification of occurrence. The verification of possibility is made with a fuzzy rule called 
“Initial Condition”. If at any time the game this rule is satisfied then the situation is marked 
as possible to happen. This means that in the future the rule for verification of occurrence 
should be evaluated (“Final Condition”). If the situation is scheduled as possible to happen, 
in every sampling time, in the future, the fuzzy rule “Final Condition” will be checked. The 
system has certain amount of time to verify this condition. If past the time limit this 
condition is not fulfilled, then the mark of possible to happen is deleted for that situation. 
As shown in table 1, each situation has a priority for recognition on the fuzzy inference 
machine. Situations with priority 1 has the highest priority and situations with priority 24 
have less priority. 

3.2.2 Recognizing Behaviors of Other Robots 
After recognizing all the situations for each of the robots of the analyzed time, the codes of 
these situations will be passed by self-organized maps (SOM), proposed by Kohonem. Both, 
the recognition of situations and the recognition of patterns of behaviours are done offline 
and after each training game. 
At the beginning of the process, four groups of successive events are generated. They are 
considered all possible combinations of successive grouping of situations without changing 
their order, which means that each situation may be part of up to 4 groups (e.g. where it can 
be the first, second, third or fourth member of the group). 
The groups formed are used to train a SOM neural network. After finishing the process of 
training, the neurons that were activated by at least 10% of the number of recognized 
situations are selected. Then, the groups who have activated the previously selected neurons 
are selected to form part of the knowledge base. To be part of knowledge base, each group 
or behavior pattern must have a value greater than a threshold. 
The value of each group is calculated based on the final result obtained by the analyzed 
team. Final results could be: a goal of the analyzed team, goal of  the opponent team, or end 
of the game. All situations recognized before a goal of the analyzed team receive a positive 
value αt where 0<α<1 and t is the number of discrete times between the start of the situation 
and the final result. Each situation recognized before a goal of the opponent team, receives a 
negative value -αt. Finally, each situation recognized before the end of the game get the 
value of zero. The value of each group of situations is calculated using the arithmetic mean 
of the values of the situations. 
After recognize the patterns of behaviours formed by four situations, groups of three 
situations are formed. The groups are formed with those situations that were not considered 
before (those that do not form part of any of the new behaviors entered in the knowledge 
base). It is important to form groups only with consecutive situations. It can not be formed 
groups of situations separated by some other situation. The process conducted for groups of 
four situations is then repeated, but this time will be considered the neurons that were 
activated by at least 8% of the number of recognized situations. After that, The process is 
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repeated again for groups of two and considering the neurons activated for at least the 6% of 
the number of recognized situations. Finally, those situations that were not considered in the 
three previous cases, form individually a behavior pattern. Again, the process is repeated 
considering the neurons activated for at least the 4% of the number of recognized situations. 
Since, to improve the learned by imitation strategy, each new behavior inserted in the 
knowledge base has to be tested by the learner. Each of these behaviors receive an optimistic 
value (e.g. The greatest value of behaviors that can be used in the state). 

4. The Overall Learning Process 
The process of learning becomes first by a stage of imitation for after try and see if the 
learned actions are valid for the robot is learning. Therefore, it is important to define the 
structure of the state and also what are the instant rewards in the application chosen (robot 
soccer). As said before, the number of states in robotic problems are infinite. To implement 
reinforcement learning authors opted up by state abstraction. The purpose of this 
abstraction is to get a set of finite states. 
The state of a robot soccer game is constituted by the positions, orientations and velocities of 
the robots; the position, direction and velocity of the ball as well as scores of the game. The 
positions of the robots and the ball were abstracted in discrete variables of distance and 
position with reference to certain elements of the game. Orientations of the robots were 
abstracted in discrete variables of direction. Direction of the ball was abstracted in a discrete 
direction variable. The same was done with the velocity and scores. Finally, to recognize the 
terminal states of the game, there was set a final element in the state that is the situation of 
the game. Table 2 shows the configuration of a state. 

Element Quantity 
Distance of robot to ball 6 (6 robots x 1 ball) 
Distance of ball to goal 2 (1 ball x 2 goals) 
Orientation of robot to ball 6 (6 robots x 1 ball) 
Orientation of robot to goal 12 (6 robots x 2 goals) 
Robot/ball position in relation to own goal 6 (6 robots) 
Ball direction 1 (1 ball) 
Ball velocity 1 (1 ball) 
Game score 1 (1 game) 
Game situation 1 (1 game) 
TOTAL 36 

Table 2. Abstraction of a state in a robot soccer game 

To abstract the position of the robots, we consider that the important in the position of a 
robot is whether he is too close, near or far the ball and whether the ball is close, very close 
to or far from the goals. It is also important to know if the robot is before or after the ball. 
With these three discrete variables you can identify the position of the robot and its location 
within the soccer field in relation to all elements (the ball, goals and robots) 
Besides recognize the location of the robot in relation to the ball, the goal and the other 
robots, it is important to know where he is oriented, so we can know whether he is ready to 
shoot the ball or go towards the own goal. Then, the orientation of the robot was abstracted 
in two discrete variables called orientation to the ball and orientation to the goal. 
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In the case of the direction of the ball, their speed and scores, there was defined discrete 
variables for each considering the characteristics of the soccer game. In the case of the ball 
direction,  8 discrete levels were defined (each level grouping 45O). Also, there were defined 
3 speed levels. In the case of the scores, important is whether the team is winning, losing or 
drawing. Finally the situation of the game may be normal (not terminal state), fault or goal 
(terminal states). 

 
Figure 2. Training process of a team of robots learning by experience and by imitation 

Considering all the possibilities of each element of the state we calculate that a robot soccer 
game would have 80621568 states. If we consider that the states where the situation of the 
game is fault or goal are only to aid in the implementation of algorithms, then we would 
have that the number of states decreases to 26873856. The previous value is the value of the 
theoretical maximum number of states in a robot soccer game. This theoretical value will be 
hardly achieved since not all combinations of the values of the components of the state will 
exist. An example of how the number of states will be reduced in practice is the case of 
states of the goalkeeper role. The goalkeeper role is attributed to the robot that is closest to 
its own goal. For states where the goalkeeper is after ball, it will be almost impossible for the 
other robots to be before it. Then the number of states is virtually reduced by two thirds. 
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Thus, considering only this case we see that the number of states for the goalkeeper reduced 
to 8957952. 
In the case of actions in reinforcement learning, each behavior learned during imitation is 
considered an action in the model of reinforcement learning. Since learning by imitation is 
the seed for reinforcement learning, we have that reinforcement learning acts only on states 
and behaviors learned by the robot in previous games. 
Figure 2 shows the simplified procedure of the overall training process of the control and 
coordination system for a robot soccer team. 
Since learning of new formations, behaviors and actions, as well as the best choice for them 
at a particular moment, is defined by the quality of opponents teams, it is proposed that the 
training process is done through the interaction with human controlled teams of robots. The 
main advantages of this training are given by the ability of humans to learn and also by the 
large number of solutions that a team composed by humans could give to a particular 
situation. 

5. What is the best Paradigm of Reinforcement Learning for Multi-Robot 
systems 
Before assessing the paradigms of reinforcement learning for multi-robot or multi-agent 
systems, it is important to know that when talking about cooperative agents or robots, it is 
necessary that agents cooperate on equality and that all agents receive equitable rewards for 
solving the task. Is in this context that a different concept from the games theory appears in 
multi-agent systems. This is the concept of the Nash equilibrium. 
Let be a multi-agent system formed by N agents. σ*i is defined as the strategy chosen by the 
agent i, σi  as any strategy of the agent i, and Σi  as the set of all possible strategies of i. It is 
said that the strategies σ*i,..., σ*N constitute a Nash equilibrium, if inequality 8 is true for all 
σi ∈Σi  and for all agents i. 
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Where ri is the reward obtained by agent i. 
The idea of Nash equilibrium, is that the strategy of each agent is the best response to the 
strategies of their colleagues and/or opponents (Kononen, 2004). Then, it is expected that 
learning algorithms can converge to a Nash equilibrium, and it is desired that can converge 
to the optimal Nash equilibrium, that is the one where the reward for all agents is the best. 
We test and compare all paradigms using two repetitive games (The penalty problem and 
the climbing problem) and one stochastic game for two agents. The penalty problem, in 
which IQ-Learning, JAQ-Learning and IVQ-Learning can converge to the optimal 
equilibrium over certain conditions, is used for testing capability of those algorithms to 
converge to optimal equilibrium. And, the climbing problem, in which IQ-Learning, JAQ-
Learning can not converge to optimal equilibrium was used to test if IVQ-Learning can do 
it. Also, a game called the grid world game was created for testing coordination between 
two agents. Here, both agents have to coordinate their actions in order to obtain positive 
rewards. Lack of coordination causes penalties. Figure 3 shows the three games used here. 
In penalty game, k < 0 is a penalty. In this game, there exist three Nash equilibriums 
((a0,b0), (a1,b1) and (a2,b2)), but only two of them are optimal Nash equilibrums ((a0, b0) 
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and (a3, b3)). When k = 0 (no penalty for any action in the game), the three algorithms (IQ-
Learning, JAQ-Learning and IVQ-Learning) converge to the optimal equilibrium with 
probability one. However, as k decrease, this probability also decrease. 

 
 a0 a1 a2 

b0 10 0 k 
b1 0 2 0 
b2 k 0 10 

 
(a) 

 
 a0 a1 a2 

b0 11 -30 0 
b1 -30 7 6 
b2 0 0 5 

 
(b) 

 
(c) 

Figure 3. Games used for testing performance of paradigms for applying reinforcement 
learning in multi-agent systems: (a) Penalty game, (b) Climbing game, (c) Grid world game 

Figure 4 compiles results obtained by these three algorithms, all of them was executed with 
the same conditions: A Boltzman action selection strategy with initial temperature T = 16, λ 
= 0.1 and in the case of IVQ-Learning β = 0.05. Also, a varying decaying rate for T was 
defined and each algorithm was executed 100 times for each decaying rate. 
In this problem JAQ-Learning has the best perform. But, it is important to note also that for 
values of k near to zero, IVQ-Learning and IQ-Learning performs better than the JAQ-
Learning, and for those values the IVQ-Learning algorithm has the best probability to 
converge to the optimal equilibrium. 
The climbing game problem is specially difficult for reinforcement learning algorithms 
because action a2 has the maximum total reward for agent A and action b1 has the 
maximum total reward for agent B. Independent learning approaches and joint action 
learning was showed to converge in the best case only to the (a1, b1) action pair (Claus and 
Boutilier, 1998). Again, each algorithm was executed 100 times in the same conditions: A 
Boltzman action selection strategy with initial temperature T = 16, λ = 0.1 and in the case of 
IVQ-Learning β = 0.1 and a varying temperature decaying rate. 
In relation to the IQ-Learning and the JAQ-Learning, obtained results confirm that these two 
algorithms can not converge to optimal equilibrium. IVQ-Learning is the unique algorithm 
that has a probability different to zero for converging to the optimal Nash equilibrium, but 
this probability depends on the temperature decaying rate of the Boltzman action selection 
strategy (figure 5). In experiments, the best temperature decaying rate founded was 0.9997 
on which probability to convergence to optimal equilibrium (a0, b0) is near to 0.7.  
The grid world game starts with the agent one (A1) in position (5; 1) and agent two (A2) in 
position (5; 5). The idea is to reach positions (1; 3) and (3; 3) at the same time in order to 
finish the game. If they reach these final positions at the same time, they obtain a positive 
reward (5 and 10 points respectively). However, if only one of them reaches the position (3; 
3) they are punished with a penalty value k. In the other hand, if only one of them reaches 
position (1; 3) they are not punished. 
This game has several Nash equilibrium solutions, the policies that lead agents to obtain 5 
points and 10 points, however, optimal Nash equilibrium solutions are those that lead 
agents to obtain 10 points in four steps.  
The first tested algorithm (Independent Learning A) considers that the state for each agent is 
the position of the agent, thus, the state space does not consider the position of the other 
agent. The second version of this algorithm (Independent Learning B) considers that the 
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state space is the position of both agents. The third one is the JAQ-Learning algorithm and 
the last one is the IVQ-Learning. 

 
 (a) 

 
(b) 

 
(c) 

Figure 4. Probability of convergence to optimal equilibrium in the penalty game for λ = 0.1, 
β = 0.05 and (a) T = 0.998t * 16, (b) T = 0.999t * 16, and (c) T = 0.9999t * 16 

 
Figure 5. Probability of Convergence in Climbing Game with λ = 0.1, β = 0.1 and Variable 
Temperature Decaying Rate 

In the tests, each learning algorithm was executed three times for each value of penalty k 
(0≤k≤15) and using five different decreasing rates of temperature T for the softmax policy 
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(0:99t; 0:995t; 0:999t; 0:9995t; 0:9999t). Each resulting policy (960 policies, 3 for each 
algorithm with penalty k and a certain decreasing rate of T) was tested 1000 of times. 
Figure 6 shows the probability of reaching the position (3; 3) with α=1, λ=0.1, β=0:1 and T = 
0:99t. In this figure, was observed that in this problem the joint action learning algorithm has 
the smaller probability of convergence to the (3; 3) position. This behavior is repeated for the 
other temperature decreasing rates. From the experiments, we note that the Independent 
Learning B and our approach have had almost the same behavior. But, when the exploration 
rate increases, the probability of convergence to the optimal equilibrium decreases for the 
Independent Learners and increase for our paradigm.  
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Figure 6. Probability of reaching (3,3) position for (a) T = 0.99t and (b) T = 0.9999t 
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Figure 7. Size of path for reaching (3,3) position for (a) T = 0.99t and (b) T = 0.9999t 

As shown in figure 7, as more exploratory the action selection policy is, smaller is the size of 
the path for reaching (3; 3) position. Then, it can concluded that when exploration increases, 
the probability of the algorithms to reach the optimal equilibrium increases too. It is 
important to note that our paradigm has the best probability of convergence to the optimal 
equilibrium. It can be concluded by joining the probability of convergence to the position (3; 
3) and the mean size of the path for reaching this position. 
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6. How Performs the Proposed Learning Process 
For testing the overall proposed approach, a basic reinforcement learning mechanism was 
chosen. This mechanism (eligibility traces) is considered as a bridge between Monte Carlo 
and temporal differences algorithms. Then, because the best algorithm that uses eligibility 
traces is the Sarsa(λ), it was used in the current work. Also, because the simplest paradigm 
for applying reinforcement learning to multi-robot systems is the independent learning, 
then, it was used for testing the overall approach. Finally, we conjecture that results 
obtained here validate this approach and also by using better techniques, like influence 
value reinforcement learning, results could be also improved. 
A robot soccer simulator constructed by Adelardo Medeiros was used for training and 
testing our approach. Also, the system was trained in successive games of approximately 
eight minutes against a team of robots controlled by joystick by humans, and  against a team 
using the static strategy developed by Yamamoto (Yamamoto, 2005). 
An analysis of the amount of new actions executed in each game was conducted. Both 
training process (games against humans and games against the strategy of Yamamoto) were 
analyzed. Table 3 shows results of this analysis. 
As can be seen in this table, the team that played against humans had a positive and 
continue evolution in the number of new actions executed during the first ten games, after 
these games the progress was slower, but with a tendency to increase the amount of not 
random actions. But the team that played against the static strategy developed by 
Yamamoto failed to evolve in the first ten games. This team only began to evolve from the 
game number eleven, where the initial state of the game was changed to a one with very 
positive scores (e.g. The apprentice team started winning). 
Results shown in this table represent an advantage of the training against a team controlled 
by humans over the training against a team controlled with a static strategy. Moreover, it is 
important to note that both teams have a low rate of use of new actions during the game, 
this is due to the fact that initially, all the new states have the action “moving randomly”. 
Also, exists a possibility that the apprentice is also learning random actions. Finally, it is 
important to note that this learning approach is very slow due to robots will have to test 
many times each action, including the random action. In this approach the knowledge base 
of each of the three roles starts empty and robots start using  the action “moves randomly”, 
then it is important to know how many new states and actions robots will learn after each 
game. 
Figure 8 shows the number of states for each one of the three roles defined in this game. It 
compares both learning processes (against humans and against Yamamoto’s strategy). Also, 
figure 9 shows the number of actions of each role. It is important to note that number of 
states increases during playing and during training. And, number of actions increases only 
during training. 
As could be observed in these figures, the number of states and actions of the team trained 
against Yamamoto’s strategy is greater than the other one. Also, it is important to note that 
despite this condition, the number of new actions executed by the team trained against 
humans is greater and increase over time. 
In a soccer game, goals could be effect of: direct action of a player, indirect action, or error of 
the adversary team. An analysis of effectively made goals was conducted for knowing if 
learner teams really learn how to make goals (the main goal of playing soccer). For this 
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propose, a program developed for commenting games was used (Barrios-Aranibar and 
Alsina, 2007).  

Against Humans Against Yamamoto’s Strategy 
Game 

Total Random Other % Total Random Other % 
1 3017 3017 0 0.00 3748 3748 0 0.00 
2 4151 4115 36 0.87 3667 3667 0 0.00 
3 4212 4168 44 1.04 3132 3132 0 0.00 
4 2972 2948 24 0.81 3480 3480 0 0.00 
5 2997 2973 24 0.80 3465 3465 0 0.00 
6 2728 2657 71 2.60 3529 3529 0 0.00 
7 3234 3162 72 2.23 4145 4145 0 0.00 
8 2662 2570 92 3.46 3430 3430 0 0.00 
9 3058 2886 172 5.62 3969 3969 0 0.00 
10 2576 2427 149 5.78 5230 5239 0 0.00 
11 3035 2812 223 7.35 4295 4198 97 2.26 
12 3448 3447 1 0.03 4212 4149 63 1.50 
13 3619 3464 155 4.28 2953 2842 111 3.76 
14 3687 3587 100 2.71 4021 3874 147 3.66 
15 3157 3071 86 2.72 4025 3942 83 2.06 
16 4427 4293 134 3.03 4351 4168 183 4.21 
17 3835 3701 134 3.49 4468 4273 195 4.36 
18 3615 3453 162 4.48 3741 3598 143 3.82 
19 4624 4497 127 2.75 4379 4173 206 4.70 
20 4441 4441 0 0.00 3765 3548 217 5.76 
21 4587 4422 165 3.60 4171 4047 124 2.97 
22 4115 4115 0 0.00 4484 4329 155 3.46 
23 4369 4369 0 0.00 4289 4178 111 2.59 
24 3920 3920 0 0.00 3819 3646 173 4.53 
25 3601 3447 154 4.28 4074 4074 0 0.00 
26 4269 4269 0 0.00 4125 4125 0 0.00 
27 4517 4347 170 3.76 3967 3967 0 0.00 
28 6445 6195 250 3.88 3899 3745 154 3.95 
29 3437 3346 91 2.65 4280 4081 199 4.65 
30 3819 3686 133 3.48 3756 3704 52 1.38 
31 4779 4779 0 0.00 3446 3294 152 4.41 
32 4710 4546 164 3.48 4557 4370 187 4.10 
33 3439 3285 154 4.48 4413 4203 210 4.76 
34 4085 3928 157 3.84 3909 3742 167 4.27 
35 3537 3454 83 2.35 3953 3776 177 4.48 

Table 3. Analysis of new actions executed by learner teams using the proposed approach 
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Figure 8. Number of states for roles (a) Goalkeeper, (b) Midfield, and (c) Striker 

In figure 10 could be observed a comparison between the number of goals effectively made 
by both learners.  In general, the team trained against humans achieved greater quantity of 
goals that the team trained against the Yamamoto’s static strategy. 
Although the learning process of this approach is too slow, it is important to say that 
learning by observation and analysis of visual information was (by our knowledge) first 
explored and was feasible to be implemented in robot soccer matches of robots. 

7. Conclusion 
One way to learn to make decisions using artificial intelligence in robotics is by leaving the 
learning for the rest time of the robotic system. This means, run the algorithms of learning in 
batches. Also, when talking about reinforcement learning in multi-robot and multi-agent 
systems, the paradigm proposed by authors showed better results than the traditional 
paradigms on the problems chosen for testing. Since these results encourage to continue this 
research using the model proposed in new problems and comparing it with previous 
proposals. 
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Figure 8. Number of states for roles (a) Goalkeeper, (b) Midfield, and (c) Striker 
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Figure 9. Number of actions for roles (a) Goalkeeper, (b) Midfield, and (c) Striker 

 
Figure 10. Number of goals effectively made by learners using this approach 
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During this work it was observed that learning by imitation is an appropriate technique to 
assist learning of techniques used in artificial intelligence, such as reinforcement learning. 
Thus, it is possible to overcome the limitations of these techniques when applied 
independently in complex problems, such as robot soccer. Limitations could appear either 
by the large number of states or by the large amount of available actions. Thus, learning by 
imitation can be used as a basis to carry out reinforcement learning in this kind of problems. 
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1. Introduction   
One of the most active fields of research in evolutionary robotics is the development of 
autonomous robots with the ability to interact with the physical world and to communicate 
with each other, in “robot societies”. Interactions may involve a range of different motor 
actions, motivational forces and cognitive processes. Actions, in turn directly affect the 
agent’s perceptions of the world. In the “Action/Perception-Cycle” (see Figure 1), biological 
organisms are integrated sensorimotor systems. This means that intelligent processes 
require a body, and that symbols are grounded in the environment in which animals live 
(Harnad, 1990). In short, behavior is fundamentally linked to cognition. This is true for 
humans, animals and artificial agents. Without this grounding, artificial animals and agents 
cannot live and behave successfully in their artificial environments. One way of achieving it, 
is to use Genetic Algorithms to evolve agents’ neural architecture (Nolfi & Floreano, 2000). 
This creates the prospect of robots that can live in complex socially organized communities 
in which they communicate with humans and with each other (Cangelosi e Parisi, 2002). 
According to these authors, cognition is an intrinsically embedded phenomenon in which 
the dynamical relations between the neural system, the body and the environment play a 
central role. In this view, agents are dynamical systems and cognitive functioning has to be 
understood using tools from dynamical system theory (van Gelder, 1995, 1998a; 1998b; 
Bilotta et al., 2007a-2007f). This perspective on cognition has been called the Dynamical and 
Embodied view of Cognition (DEC) (Keijzer, 2002). 
In this chapter we describe our own contribution to Evolutionary Robotics, namely a 
proposal for a new generation of believable agents capable of life-like intelligent 
communicative and emotional behavior. We focus on CNNs (Cellular Neural Networks) 
and on the use of these networks as robot controllers. In previous work, we used Genetic 
Algorithms (GAs) to evolve Artificial Non-linear Networks (ANNs) displaying artificial 
adaptive behavior, with features similar to those observed in animals and humans. In 
(Bilotta et al. 2006), we replaced ANNs with a new class of dynamical system called Cellular 
Non-linear Networks (CNNs) and used CNNs to implement a multilayer locomotion model 
for six-legged artificial robots in a virtual environment with many of the characteristics of a 
physical environment. First invented by Chua and co-workers (1988), CNNs have been 
extended to create a CNN Universal Machine (CNN-UM) (Roska & Chua, 1993), the first 
algorithmically programmable analog computer chip suitable for the modeling of sensory-
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motor processes. Applications of the chip include the modeling of the mammalian retina 
(Roska et al. , 2006) and motor coordination in life-like robots (Arena & Fortuna, 2002). 
CNNs can be organized in complex architectures of one, two or three-dimensional processor 
arrays in which the cells are identical non-linear dynamical systems, whose only 
connections are local. Systems composed of CNNs share a large number of features with 
living organisms: local connectivity and activity, nonlinearity and delayed synapses for 
processing tasks, the role of feedback in influencing behavior, as well as combined analog 
and logical signal-processing. Direct implementation on silicon provides robust, economic, 
fast and powerful computation. Thousands of experiments have demonstrated the 
possibility of digitally programming analog dynamics. This has made the CNN paradigm 
into a useful tool for robot applications.  
 
 

 
Figure 1. The Action/Perception-Cycle 

In this chapter we will proceed as follows. In Section 2, we introduce the concept of Cellular 
Non-linear Networks as innovative dynamical robot controllers that can be implemented 
both in simulation and as hardware prototypes. In section 3 we present CNN architectures 
for different cognitive and motor processes (CNN computing: visual and motor modalities); 
in section 4 we present the RoVEn  simulation environment – an environment specifically 
developed for the evolution of CNN-based robot controllers. In Section 5 we describe our 
experiments in simulated environments. Section 6 describes the implementation of 
prototype chips which can act as behavioral modules for physical robots. In the conclusions, 
we summarize the evidence that the CNN paradigm can dramatically improve current 
research in Evolutionary Robotics. 
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2. Cellular Neural Networks 
CNNs (Cellular Neural Networks) were first introduced in 1988 by Leon Chua and Yang 
(Chua & Yang, 1988). They are dynamical systems. For this reason they are sometimes 
referred to as Cellular Nonlinear Networks. CNNs have applications in many domains from 
image recognition to robot control.  Given their ductility, the ease with which they can be 
implemented and the dynamics they display they can be considered a paradigm for 
complexity. CNNs can be organized in one- two- or three dimensional topologies (see Figure 
2). As we will see in the following sections, CNN applications are of relevance to many 
different disciplines including Robotics, Dynamic Systems Theory, Neuro-psychology, 
Biology and Information Processing. One of the first applications was image processing. A 
digitalized image can be represented as a two dimensional matrix of pixels. To process it 
with a CNN, all that is necessary is to use the normalized colors of pixels (i,j) as the initial 
state of the network. The network then behaves as a non-linear dynamical system with a 
number of equations equal to the number of cells. The network makes it possible to perform 
a number of useful operations on the image. These include edge detection, generation of the 
inverse figure etc. For additional information on this topic and on other applications of 
CNNs, see (Chua, 1998).   
As we will see in Section 6, CNNs are very similar to programmable non-linear dynamical 
circuits – and in fact physical implementations often use these circuits.  Given CNN’s non-
linear design, CNNs often produce chaotic dynamics.  Given the presence of local activity in 
individual cells, it is possible to observe a broad range of emergent behaviors. One of these 
is the formation of Turing patterns  (Chua, 1995), which are often used in robot control. 
(Arena et al., 1998; Arena & Fortuna 2002).  
As with all complex emergent phenomena, it is difficult to identify the full range of non-
linear dynamic behaviors a CNN can produce and equally hard to control the network’s 
behavior. The main reason is that the dynamics of individual cells are controlled by first 
order non-linear differential equations.  Given that the cells are coupled, the equations are 
also coupled. This makes them similar to the Lorenz system and Chua’s circuit (Bilotta et al. 
2007a-2007f) which also display highly complex, mathematically intractable dynamics. What 
is special about CNNs is that they can be used to reproduce the complex dynamics of other 
non-linear systems such as Chua’s circuit (Bilotta et al., 2007a). In this sense, we can consider 
CNNs as a general model or a meta-model for other dynamical systems.  
Another important application of CNN is in the numerical solution of Partial Differential 
Equations (PDEs). If we use a grid to create a discretized space, in which variable values are 
represented by intersections on the grid, the derivatives with respect to spatial variables can 
also be discretized while the derivatives with respect to time remain unchanged. These 
discretized differential equations can be mapped onto the equations regulating the behavior 
of the CNN. In this way, CNNs can simulate a broad range of physical phenomena. For 
more information and a review of this aspect of CNN see  (Chua, 1998). 
Specific CNN architectures can reproduce a broad range of non-linear phenomena that 
biologists, neurologists and physics have observed in active non-linear media and in living 
tissue. These include solitons, eigen waves, spiral waves, simple patterns, Turing patterns 
etc.  Given CNN’s local connectivity, diffusion is a natural property of the network; 
diffusion-reaction dynamics can be simulated using the interactions between an inhibitory 
and an excitory layer. This class of two-layer CNN has been called a Reaction-Diffusion 
CNN. 
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Figure 2. CNN topologies a) A linear topology; b) A two-dimensional topology; c) A three-
dimensional topology 

From a mathematical point of view a CNN is a discrete set of continuous dynamical 
variables called “cells”. Each cell is associated with three independent variables: the input, 
the threshold and the initial state. The cell’s dynamics are influenced by close-by cells 

)(rSij in a neighborhood of radius r. Thus, if we consider a CNN with dimensions LxM, 

the dynamics of cell ijC , located on the i-th row and the j-th column, are influenced by cells 

in the neighborhood )(rSij  defined as: 

 { }MjLiwithCrS ijij ≤≤≤≤= 1;1,)(  (1) 
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that is the set of cells lying within a sphere of radius r, centered on ijC . 

The standard equation for CNNs  (Chua, 1988) is thus: 
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where ijx , ijy , iju and  ijz are the scalar functions state, output, input and threshold for cell 

ijC ; kla , and klb  are additional scalar functions which we will refer to as synaptic weights. 

A CNN with r=1, can be identified by just 19 real numbers (a uniform threshold zzij = , 9 

synaptic weights for feedback kla , and 9 synaptic weights for control klb ). These 19 
numbers are the  CNN’s “genes”. The set of all CNN genes constitute the CNN genome. 

 
Figure 3. Constructing the genes of a CNN 

As already mentioned, there are many applications where the most useful CNN is the 
network shown in Figure 4.  In two-layer CNNs each cell is double. Alternatively we could 

say that each cell has two state variables. We can thus distinguish between  1
ijC  (cells in 

layer 1) and 2
ijC .( cells in layer 2).  In this kind of two layer network the neighborhood of a 

cell is defined by:   
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Figure 4. An example of a two layer planar architecture showing connections between cells 
in the same layer (green in layer 1, red in layer 2) and between twin cells in different layers 
(shown in blue)   
Thus we obtain one definition of neighborhood for cells belonging to layer 1 and a second 
definition for cells belonging to layer 2. Cells intercommunicate only if they have the same 
index.  

3. CNNs Architectures 
We have already seen that CNNs can be useful in a broad range of applications. Now we 
will focus on three specific applications in robotics:  
a) Models of the Central Pattern Generator (CPG); 
b) Applications in artificial vision and new models of artificial retinas. 

3.1 Central Pattern Generator 
One of the central problems in bio-inspired robotics is to reproduce animal locomotion in 
artificial settings. Experiments with simple invertebrates have helped researchers to 
understand and model the anatomical and functional mechanisms underlying animal 
locomotion (Arena & Fortuna, 2002; Schilling et al., 2007). In animals with very simple 
locomotion (such as certain worms  and molluscs), movement depends on direct 
propagation of a signal through nerves. The soft structure of the animal’s body allows it to 
synchronize with the waves and to produce a wave-like locomotion.  This kind of 
phenomenon can be easily described by the reaction-diffusion PDEs mentioned earlier 
(Murray, 1989). As already stated, the solutions to the equations include autonomous 
oscillations with all the properties of an eigen-wave (Krinsky,1984). The same mechanism – 
in which continuous motion is maintained by an eigen-wave – is also present in higher 
animals. However, the underlying neural structure is much more complex and shows a 
much higher degree of organization. To model these behaviors mathematically we can begin 
by studying the various components of the animal’s nervous system.  The resulting model is 
built around a Central Pattern Generator  (CPG) in which motor neurons are activated by 
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stimuli from the Central Nervous System (CNS). The neural structure of the CPG is very 
complex. As a result, it can do more than just generate the impulses controlling movement; 
it can also control the transition from one kind of movement to another (Pearson, 1993). 
In one possible model (see Figure 5) the CPG is described as a complex, hierarchically 
organized excitory-inhibitory system. Within this system a group of control neurons (CNs) 
receives stimuli from the Central Nervous System and activates other neurons  (LPGN) that 
generate timing signals appropriate to the desired form of locomotion (Calabrese, 1995). 

 
Figure 5. A schematic diagram of the CPG from (Arena & Fortuna, 2002) 

This model can be easily represented by a two layer CNN, based on the reaction-diffusion 
equations mentioned earlier. The use of these equations allows it to generate spatial-
temporal patterns such as eigen-waves and Turing patterns. This means we can use CNN 
both to model the CPG and to control robot locomotion. Further details are available in 
(Arena & Fortuna, 2002; Schilling et al., 2007). 

3.2 Vision and Artificial Retinas 
CNNs can be used to simulate higher level cognitive processes and are beginning to be used 
as models of complex processes relevant to the construction of artificial organs. One 
particularly important example is the retina. In a series of experiments in rabbits, Werblin 
and coworkers (Fried et al., 2005)-(Roska et al. 2006), have demonstrated that the retina pre-
processes visual signals before sending them to the brain.  More specifically, they show that 
before being sent to the cortex for final processing the retina uses excitory and inhibitory 
mechanisms to break it down into 12 separate sub-images. These are processed in parallel 
each with its own clock. The result is a seamless flow of visual information.  On the basis of 
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this work, the authors went so far as to propose the idea of an alphabet for vision – and 
argued that understanding this natural language was one of the most important problems in 
modern science.  It is a problem with great relevance to the construction of artificial organs. 
As Werblin and Roska pointed out (Roska et al., 2006), it is extremely difficult to connect 
electrodes to individual retinal cells in the living rabbit.  This makes it hard to understand 
how the rabbit responds to visual stimuli e.g. a one second flash or a minute’s exposure to a 
natural scene. For their experiments and the analysis of the resulting data, they used a 
model based on CNNs. The results were astonishing and showed that a CNN can reproduce 
many phenomena observed in vivo. Obviously this modeling effort is still in its initial 
stages. Nonetheless it provides evidence that CNNs can be very useful in modeling complex 
natural phenomena such as those observed in the retina. Remember that CNNs are based on 
PDEs. With their emergent data processing properties, their parallel processing capabilities 
and their ability to process continuous flows of information they represent an important 
paradigm in modern complexity science.  

4. Evolving CNNs with GAs 
In the previous section we saw how we can use CNNs to model a range of processes (e.g. 
locomotion control,  retinal image processing) that are highly relevant to robotics. This 
suggests they could act as a unifying model for a new generation of bio-inspired 
autonomous robots. The basic schema shown in Figure 6 can be used as a basic design both 
for physical and simulated robots.  
To implement the schema, we intend to develop experimental scenarios in which simulated 
robots are controlled by dynamical systems which allow them to achieve the kinds of 
perceptual-motor, communication and emotional behavior they need to interact effectively 
with other robots and with humans.  In these scenarios, our robots will demonstrate a high 
degree of autonomy and self-awareness.  
It is obvious that implementing the architecture just described is a highly complex task 
which must necessarily be decomposed into subtasks. These include: 
a. implementation of a sensory visuomotor architecture, allowing them to merge 
information in different sensory modalities into a coherent representation of the 
environment. By using CNNs, we intend to endow robots with artificial visual, auditory and 
haptic systems allowing them to recognize and categorize faces, objects, and scenes under 
varying viewing and dynamically changing environmental conditions (Roska & Chua, 1993; 
Gacsádi et al., 2006; Gacsádi and Szolgay, 2004 ); 
b. implementation of an emotional architecture, organizing the robot’s behavior.  An 
emotional robot would use its physical actuators and cognitive skills to adapt to changing 
environmental conditions in real-time. In this setting, emotions trigger behavior. More 
specifically, moving objects, the postures/gestures of other robots, and sounds or facial 
expressions produced by human beings all generate different emotional states;   
c. implementation of a communication system based both on non-verbal communication 
(Gesture and movement recognition, Face recognition) and a natural language model.  Specific 
learning mechanisms will allow CNN- based devices to acquire, from human users the speech 
configurations of different natural languages  A specific CNN-based architecture, combined 
with sensors attached to a human speaker, will allow the system to capture the emotions 
expressed by human subjects when interacting with a virtual interface (Face and emotion 
recognition). CNNs will perform recognition tasks in two sensorial modalities (auditory and 
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visual). We will then use GAs to spontaneously evolve spoken language. In parallel with this 
work, we will implement a robot controller that will enhance the cognitive mechanisms the 
robot uses to process emotions thereby dramatically improving human-computer interaction;  
d. implementation emergent social behavior with hundreds of agents. We will use acoustic 
stimuli (known and unknown sounds) and visual stimuli to verify how agents’ interactions 
with the external world influences the dynamics of large groups of robots and the way 
communication emerges within the group.  

 
Figure 6. A cognitive architecture for CNN based Robots 

The key features of our approach include: 
1. Behavioral/cognitive modeling for robotics. 
2. A dynamical approach to the modeling of robot cognition and emergent behavior. 
3. Integration of mathematical models on different scales and at different levels of the 

physical functional architecture. 
4. Robust behavioral hardware and software implementation with Cellular Neural 

Networks (CNNs), supporting parallel multidimensional processes that allow robots to 
robustly handle their interaction with the environment. 

5. Robust implementation of robot controllers using Cellular Neural Networks (CNNs), 
evolved by evolutionary techniques (GAs). 

It is obvious that what we are proposing will require a great deal of work and that at the 
moment we are only in the very early stages. So far we have developed an initial simulation 
environment that we have called RoVEn . RoVEn allows us to model robots, to implement 
robot controllers and to evolve them using genetic algorithms. In what follows we describe:  
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a) The RoVEn  (Robot Virtual Environment) simulation environment. 
b) A number of specific robots we have used in our experiments. 
c) Our “evolutionary laboratory”. 
Any experiment in evolutionary robotics can be divided into the following steps:  
1. Design and implement the robot body. 
2. Insert the robot controller. 
3. Associate the controller with a genome, susceptible to modification by genetic 

operators. 
4. Analyze the evolutionary process. 
5. Analyze the behavior of the “best behaving” robots using a simulation environment. 
RoVEn  makes it possible to perform all these steps in a single simulation environment. The 
environment was developed using Java 3D libraries for rendering and ODE (Open 
Dynamics Engine) libraries for the simulation of the physical world. The ODE simulation 
engine contains a numeric integrator that solves the equations of motion for inelastic bodies.  
Below we provide more details of the simulation environment. 

4.1 Creating a robot body in the ROVEN simulation environment 
The robot body is modeled as a set of inelastic bodies connected via joints. The use of joints 
makes it possible to define hierarchies of bodies and to create complex prototypes. Each 
body has a Shape, characterized by a color and geometry. 

 
Figure 7. The RoVEn  environment used to create a single inelastic body. The lower part of the 
window contains controls making it possible to move, rotate and change the scale of bodies 
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RoVEn uses three elementary geometries (see figure 7): 
a) Parallelograms. 
b) Spheres. 
c) Cylinders. 
Obviously this is not enough to create complex shapes such as arms and legs. For this 
purpose it is possible to import additional shapes from VRML files. A Movable option 
makes it possible to distinguish between mobile objects (e.g. robots and robot parts) and 
immobile objects (a wall, an inclined plane etc.).  
To join one body to another, the user selects the first body, clicks on the Join button on the Tool 
Bar and clicks on the second body. Any body which is jointed to another body (via a spherical 
joint) contains a motor, positioned on the pin on which the joint rotates. This is why it is not 
possible to have more than one motor per body.  It is possible to define limits on how far the 
body can rotate along its three axes of rotation.  Alternatively constraints can be inserted one at 
a time by setting the properties:  Elevation bounds, Azimuth bounds, and Tilt bounds. 
Figure 8 shows a six-legged agent created with RoVEn. It is this agent we used in the 
examples we refer to later. Figure 9 shows how we can use the same components to 
construct a humanoid or a four legged robot in the RoVEn environment. 

 
Figure 8. A six-legged body composed of a central body and 12 spherical joints  

  
Figure 9. A four-legged and a humanoid robot in RoVEn  
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Actuators and sensors have to be installed on the bodies. To install a sensor, it is enough to 
select the body and click on Add Sensor, on the Tool Bar. This opens a window which can be 
used to install a new sensor.  RoVEn provides four classes of sensor: a clock sensor which 
cycles between an output of 1 and an output of 0 at predefined times, a position sensor, a 
proximity sensor and a WebCam.  

4.2 Controllers 
RoVEn makes it possible to simulate different classes of controller and their interactions. 
Controllers read data from sensors and act on the actuators in such a way that the robot takes 
a specific action. Interacting controllers can read and write to special registers that simulate 
the registers normally provided by computer hardware. We have implemented several 
different classes of controller. Below we describe them briefly. 
Interface 
This class of controller provides an interface between devices and registers (which can be 
read and modified by other controllers). For each class of device, RoVEn displays data 
describing components suitable for connection to registers. For instance, for motors installed 
on joints, the system displays three text boxes, showing the names of the registers where the 
system stores the robot’s speed along the three axes of rotation and an additional three text 
boxes showing the registers with the angles reached by the motor. Alternatively the values 
can be inserted by hand. The proper location for interface controllers connected to sensors is 
a low layer of the controller which uses the interfacing registers. In this way, the controller 
can use up to date information for every interaction. Otherwise the values in the register 
would always refer to the previous interaction. 
User control 
This controller is used exclusively to control motors. When a simulation begins, the user 
uses a special window to defines the speed of the motor along the three axes of rotations. 
Time series 
This controller allows the user to define how the speed of the motor changes over time.  One 
method is to import a text file defining the speed of the motor along the three axes of 
rotation at specific times. Alternatively the user can set a mathematical function defining the 
speed of the motor as a function of time. 
 Chua circuit 
This controller makes it possible to define a set of Chua circuits connected by resistors and 
to use the system. The current and voltage produced by this system controls a motor. A 
special control panel allows users to define the properties of the individual components.   
CNN 
These controls make it possible to emulate a CNN and to connect the CNN to the input and 
output registers, available to other controllers. The control panel contains a number of 
different tabs (see Figure 10). The Cell tab allows the user to define the Feedback and Feed-
forward matrices, the threshold for the cell and the size of the network.  The Input and Output 
tabs allow the user to define the registers where the network has to read its input and write its 
output. The Option tab allows the user to set the parameters for the CNN, including the 
integration step (in the Delta field) and the boundary conditions (see Figure 10). 
The controller is designed to support the applications described in Section 3. As we will see 
in the following section, the values of the Feedback e Feed-forward matrices can be 
optimized using evolutionary techniques (genetic algorithms). The network can take input 
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from several different kinds of sensor. In the experiment described in the following section, 
we use a position sensor to evaluate the trajectory followed by the robot. 

 
Figure 10. The CNN Control Panel 

Neural Networks 
In addition to the controllers mentioned earlier, the system also includes a neural network 
controller. This makes it possible to replicate classical experiments in evolutionary robotics. 
For further details see “Evolutionary Robotics” (Nolfi & Floreano, 2000). 
Other controllers 
In cases in which existing controllers are not sufficient, RoVEn allows users to develop their 
own ad hoc controllers. Ad hoc controllers are developed in Java and loaded into RoVEn as 
plug-ins. RoVEn provides developers with a special SDK to help them in building plug-ins 
and in importing them into applications.  

4.3 A genetics laboratory for CNN 
Genetic Algorithms (GAs), invented by John Holland (Holland, 1993), are an optimization 
technique which has been applied to a large class of problems where classical techniques do 
not provide appropriate solutions. GAs are inspired by Darwin’s theory of evolution 
through natural selection.  The general idea is to evolve problem solutions using technique s 
similar to those nature uses to evolve animal species. 
Given a system that needs to perform a specific operation, GAs optimize the parameters of 
the system by evolving optimally performing individuals. Having specified the problem in 
this way, we can see GAs as a means to generate a desirable behavior. A necessary condition 
is that the system can be fully specified by a finite set of parameters. The parameters are 
then represented as a string of characters (the system’s “DNA” or genotype). In this setting, 
each parameter is a gene; the working system in which these genes are expressed is the 
“phenotype”.  In the work we describe below the phenotype consists of a robot controlled 



Frontiers in Evolutionary Robotics 

 

98 

Actuators and sensors have to be installed on the bodies. To install a sensor, it is enough to 
select the body and click on Add Sensor, on the Tool Bar. This opens a window which can be 
used to install a new sensor.  RoVEn provides four classes of sensor: a clock sensor which 
cycles between an output of 1 and an output of 0 at predefined times, a position sensor, a 
proximity sensor and a WebCam.  

4.2 Controllers 
RoVEn makes it possible to simulate different classes of controller and their interactions. 
Controllers read data from sensors and act on the actuators in such a way that the robot takes 
a specific action. Interacting controllers can read and write to special registers that simulate 
the registers normally provided by computer hardware. We have implemented several 
different classes of controller. Below we describe them briefly. 
Interface 
This class of controller provides an interface between devices and registers (which can be 
read and modified by other controllers). For each class of device, RoVEn displays data 
describing components suitable for connection to registers. For instance, for motors installed 
on joints, the system displays three text boxes, showing the names of the registers where the 
system stores the robot’s speed along the three axes of rotation and an additional three text 
boxes showing the registers with the angles reached by the motor. Alternatively the values 
can be inserted by hand. The proper location for interface controllers connected to sensors is 
a low layer of the controller which uses the interfacing registers. In this way, the controller 
can use up to date information for every interaction. Otherwise the values in the register 
would always refer to the previous interaction. 
User control 
This controller is used exclusively to control motors. When a simulation begins, the user 
uses a special window to defines the speed of the motor along the three axes of rotations. 
Time series 
This controller allows the user to define how the speed of the motor changes over time.  One 
method is to import a text file defining the speed of the motor along the three axes of 
rotation at specific times. Alternatively the user can set a mathematical function defining the 
speed of the motor as a function of time. 
 Chua circuit 
This controller makes it possible to define a set of Chua circuits connected by resistors and 
to use the system. The current and voltage produced by this system controls a motor. A 
special control panel allows users to define the properties of the individual components.   
CNN 
These controls make it possible to emulate a CNN and to connect the CNN to the input and 
output registers, available to other controllers. The control panel contains a number of 
different tabs (see Figure 10). The Cell tab allows the user to define the Feedback and Feed-
forward matrices, the threshold for the cell and the size of the network.  The Input and Output 
tabs allow the user to define the registers where the network has to read its input and write its 
output. The Option tab allows the user to set the parameters for the CNN, including the 
integration step (in the Delta field) and the boundary conditions (see Figure 10). 
The controller is designed to support the applications described in Section 3. As we will see 
in the following section, the values of the Feedback e Feed-forward matrices can be 
optimized using evolutionary techniques (genetic algorithms). The network can take input 

Cellular Non-linear Networks as a New Paradigm for Evolutionary Robotics 

 

99 

from several different kinds of sensor. In the experiment described in the following section, 
we use a position sensor to evaluate the trajectory followed by the robot. 

 
Figure 10. The CNN Control Panel 

Neural Networks 
In addition to the controllers mentioned earlier, the system also includes a neural network 
controller. This makes it possible to replicate classical experiments in evolutionary robotics. 
For further details see “Evolutionary Robotics” (Nolfi & Floreano, 2000). 
Other controllers 
In cases in which existing controllers are not sufficient, RoVEn allows users to develop their 
own ad hoc controllers. Ad hoc controllers are developed in Java and loaded into RoVEn as 
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and in importing them into applications.  
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technique which has been applied to a large class of problems where classical techniques do 
not provide appropriate solutions. GAs are inspired by Darwin’s theory of evolution 
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similar to those nature uses to evolve animal species. 
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this way, we can see GAs as a means to generate a desirable behavior. A necessary condition 
is that the system can be fully specified by a finite set of parameters. The parameters are 
then represented as a string of characters (the system’s “DNA” or genotype). In this setting, 
each parameter is a gene; the working system in which these genes are expressed is the 
“phenotype”.  In the work we describe below the phenotype consists of a robot controlled 
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by a CNN; the genotype is the set of parameters controlling the CNN, that is the values of 
the feedback and feedforward matrices.  

 
Figure 11.  The window used to control genetic operators and initial values for the CNN 
controller 

An important phase in the GA is the evaluation of the fitness of different phenotypes. In the 
work described here, we simulate the behavior of the robot in a simulator, extract behavioral 
indicators (e.g. Lagrangian parameter values and their derivatives, distance covered etc.) 
and use the values of these indicators as the arguments of a fitness function f that computes 
the fitness of the robot.  
A Genetic Algorithm comprises the following steps: 
1. Generation: generation of an initial population of individuals with randomly generated 

CNN parameters; 
2. Fitness evaluation: simulation of the behavior of each individual robot and computation 

of fitness values for each individual; 
3. Selection: selection of the individuals with the highest fitness value (a certain 

percentage of the population); 
4. Reproduction: generation of new individuals by crossing-over the genotypes from two 

parent individuals and randomly mutating a certain percentage of their genes; 
5. Go to step 2: repetition of the process through the creation of a new generation of 

individuals. 
In defining a GA, one of the key steps is the choice of the fitness function. Different 
problems require different fitness functions adapted to their specific requirements.  Another 
important issue is the optimization of the code so as to allow as many iterations of the 
algorithm as possible in the shortest possible time (Mitchell, 1996). 
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The “Evolutionary Laboratory” we used to evolve the CNN controller allowed us to define 
the following parameters:  
• Mutation probability: the probability (a value between 0 and 1) that any given gene will 

undergo mutation in a single iteration of the algorithm.  
• Number of cross-over points: the number of cross-over points. 
• Evaluate fitness on axis: the axis along which to measure the distance traveled by the 

robot. The result of this measurement is used to evaluate the robot’s fitness.  
• Threshold range: the range of possible values for the Threshold parameter. 
Figure 11 shows one of the user interfaces used during the evolution of the CNN controller 
for the robot 

4.4 Analysis of evolutionary trends 
The output of the GA consists of the genotypes present in the last generation of individuals 
produced by the algorithm. The file containing these values can be loaded using the 
Genetical Tab in the Processor Manager window. The Load button allows the user to load the 
files for all individuals with fitness higher than a user-specified threshold. The user can then 
select an individual and use the Set button to copy its DNA to the current controller. 
An additional Data Analysis module allows the user to display a graph showing mean and 
maximum fitness values at each step in the evolutionary process.  

4.5 Simulating the behavior of optimal individuals 
The final environment allows the user to observe the behavior of optimal individuals.  (see 
Figure 12).  A printer interface makes it possible to print the results of the simulation to a file 
where they can then be analyzed using spreadsheet software. 

 
Figure 12. The behavior simulation window 
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5. Experimental Setting 
We performed a number of simulations, using a range of different controllers. In what 
follows we present an example from this work.  

5.1 Robot design 
The robot (see figure 13) consists of a body, connected to six legs. Each leg is made up of two 
parts. Where parts are connected, the connection is a spherical joint. In the case of legs, one 
“internal joint” joins the leg to the body; a second “external joint” joins the second part of 
the leg to the first. 
In what follows we will consider a configuration in which the internal joint is restricted to 
movement along the azimuth.  In this way the internal joint can only move ahead of and 
behind the legs. We also eliminate two degrees of freedom for the external joint, restricting it 
to elevation rotation (raising and lowering the second part of the legs). In this way, if we 
know the position of the robot’s center of gravity on the plane, and the direction in which it 
is moving, the system has just 12 degrees of freedom (the two angles of rotation associated 
with each of its six legs). (If we assume that the body is always in contact with the ground it 
has 15 degrees of freedom). The movement of the robot’s legs, starting with this initial 
configuration, uniquely determines the robot’s position. Elevations are constrained within 
the range 0° to 45°; the azimuth is constrained to the range 20° to +20°. This prevents the 
legs from touching and creating problems for the simulator. 
For the robot controller, we used two CNNs connected to the internal joints, and one 
connected to the external joints. Since the robot has six legs, there are 6 + 6 hinges, each with 
a motor connected to a cell in the CNN.  The output from each cell provides the input for the 
motors, as shown in Figure 13. 

 
Figure 13. The robot controller. The output from 2 6-cell CNNs is directly connected to the 
motors 
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Each CNN consists of 6 cells, each cell lies in a neighborhood with r=1. Thus each cell has 9 
neighbors (including itself). Given that all cells have a neighborhood of the same size, the 
boundary conditions for the network will be periodical (see  Figure 14). 
The output from each cell defines the input to the motors as shown in Table 1 

CNN1 CNN2 
IFLJ IFRJ EFLJ EFRJ 
IMLJ IMRJ EMLJ EMRJ 
IBLJ IBRJ EBLJ EBRJ 

Table 1. Connections between the outputs of the two CNNs and the 12 motors 

To identify the motors we use a code based on the following conventions. The first letter in 
the code indicates whether the joint is internal (I) or external (E); the second indicates 
whether the joint is on a front, middle or back leg (F, M, B). The third letter shows whether 
the joint is on the left (L) or the right (R). The last letter (J) indicates that the code refers to a 
joint. Each cell in the first CNN takes its input from the angular sensors inside the hinge on 
the joint to which it delivers its output. The second CNN takes its input from the first (the 
first cell of CNN 1 is connected to the first cell of CNN 2, the second cell of CNN 1 to the 
second cell of CNN 2 etc.). 

 
Figure 14. We assume that each CNN has periodical boundary conditions and that cells on 
the boundaries are connected to other cells in their neighborhood as shown in the Figure. 
For example the neighborhood 11(1)S  for cell 11C is given by: 

{ }11 23 21 22 13 11 12 23 21 22(1) , , , , , , , ,S C C C C C C C C C=  

5.2 The Genetic Algorithm 
We conducted a number of simulations in which we evolved both the first and the second 
CNN. At the current stage in our work, we have no way of co-evolving the controllers. We 
obtained the best results when we began by evolving the first CNN and used the results 
from the best individual to evolve the second CNN.  
We used a population of 30 individuals. On every step in the evolutionary process, the 
population included elite of 10 individuals which did not evolve during that step, 10 
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individuals generated from the elite by mutation and cross-over and 10 new, randomly 
generated individuals. Each simulation lasted 20 seconds. The probability of mutation was 
3%. The number of cross-over points was set to 3.  

5.3 Results 
Multiple simulations produced fairly homogeneous results. The GA was reasonably 
effective in producing a robot with the ability to move rapidly away from its initial position.  
Evolving of CNN2 for 80 steps, we observed a rapid increase in fitness for the first 15 steps, 
up to a maximum fitness of approximately 3.5 (and a mean fitness for the elite of 3). Figure 
15 shows the fitness achieved by the best individual and the mean fitness for the elite. 

 
Figure 15. Fitness for the best individual and the mean fitness of the elite  

Fig. 15 shows the fitness of the best individual in each generation. As can be seen from the 
graph, the highest fitness achieved by any individual in any generation was 3.420. 

 
Figure 16. Evolution of CNN1 

Following this initial step we took the best individuals from the last generation and 
continued the evolutionary process for another 30 steps, this time by evolving CNN 1. The 
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results are shown in Figure 18. After about 7 steps the fittest individual reached a peak of 
fitness which remained unchanged for the rest of the simulation; after roughly the same 
number of steps the mean fitness of the elite also reached a ceiling. The maximum fitness 
achieved was approximately 4.5.  The mean fitness of the elite was close to the fitness of the 
best individual (see Figure 16). 

6. On chip prototypes 
The CNN Universal Machine (CNN-UM) architecture, introduced by Roska & Chua in 1993 
(Roska & Chua, 1993), is an extension of the original CNN paradigm (Chua & Yang., 1988) 
that has proved extremely effective in many image processing applications. Many different 
implementations have been proposed. One of the most efficient uses an analog VLSI.  With 
state of the art miniturization it has proved possible to implement a 128*128 or even a 
1000*1000 CNN array on a 1 or 2 cm strip of silicon (Rodrigez-Vazquez et al, 1998; Ioan et 
al., 2001; Paasio et al, 1997). These chips are extremely fast, supporting the equivalent of 
1012 billion (1 tera) floating point equivalent operations per second – equivalent to the 
computational capacity of a supercomputer with 9200 Pentium chips, at the time of writing 
the fastest in the world (Intel, 2007).   
Optical implementations (Andersson, 1998) provide large image resolutions, and make it 
possible to use larger templates. Feed forward templates compute at the speed of light, 
providing very fast computation. With feedback templates, by contrast, the optical feedback 
signal has to be amplified electronically, slowing down the system. Compared to purely 
electronic systems, these optical systems are relatively bulky and fragile. Systems that use 
digital hardware emulate CNN-UMs (Wen et al., 1994; Ikenaga & Ogura, 1996; Doan et al., 
1994; Adaptive Solutions Inc, 2007; Zarandy et al., 1998) while slower than their analog 
counterparts, are also more versatile. Given that they use standard digital CMOS technology 
they are also much quicker to design. One example is the CASTLE architecture (Zarandy et 
al., 1998) which solves complex image processing problems for medium resolution video 
streams. Assuming a 25fps digital video feed, CASTLE is fast enough to perform 500 CNN 
iterations (3x3 convolutions) on frames with 12-bit precision) on each 240x320frame.   

7. Conclusions 
In this chapter, we have shown how dynamical systems can be used to explore the layering 
of the sensorial and perceptual activity underlying intelligent behavior in simulated and 
physical robots. We have described RoVEn, an open, integrated simulation environment 
which can be easily extended with additional functionality. We have shown some of the 
results that can be achieved by using Genetic Algorithms to evolve controllers for robot 
controllers. This represents a first direction in the direction we are seeking to follow. The 
initial results appear to be satisfactory.  
Our implementation work represents an extension of previous work in bio-inspired 
robotics. As a next step, we intend to build artificial organisms endowed with a cognitive 
architecture, and a rich sensorial system allowing the agent to recognize and discriminate 
between specific emotional stimuli from the environment, other agents and humans. These 
robots will have the ability to generate a set of different motor behaviors, in both simulated 
and physical environments. The architecture will be multiple-layered, based on modules of 
interconnected CNN devices. As a result, the robots’ cognitive system will be dynamical, 
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adaptive and self-organizing. The robot sensor system will acquire information from the 
environment thereby helping to provide the robot with vision, audition, recognition and 
consciousness. Data from the robot sensory system will be processed in specialized 
processing units, equivalent to brain areas. It will also be sent to cognitive perceptual centers 
where it will activate different kinds of behavior. This will make it possible to implement a 
motor-perception cycle, in which emotional- motivational modules select actions in 
response to species-specific stimuli from the environment. The system will also include a 
communication module used to interact with other peers or with humans. The strategic goal 
is to create new generation of emotional, communicating robots with high-level cognitive 
capabilities that enable them to achieve complex goals in complex environments, using 
limited computational resources.  
In this scenario, it will be possible to create artificial brains with cellular architectures related 
to a set of basic functionalities which define a biological agent - with evolving or co-evolving 
modules - which allow for the simulation of the growth and the adaptation of the robot to 
the environment. These architectures will share a set of common properties such as 
topographic cellular morphism, different dynamics of communication among cells or layers 
of the structures and many working non-linear dynamics. Furthermore, it will be possible to 
combine continuous and discrete robot’s representation, integrating algorithmic and 
physical action in space and time. In this way, the CNN paradigm will make it possible to 
achieve a vast increase in robot processing power and in the number of cognitive processes 
that can run in parallel.  
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1. Introduction 
Scientific progress has been very important in the last two centuries, from the invention of 
the steam machine until the electronic age.  Robots design has also suffered an important 
progress in the last decades and many approaches deal with this issue. Our approach carries 
out an optimal design of planar 1 DoF mechanisms which are used for robot hands or 
grippers. These kinds of mechanisms are amply used because of their simplicity and they 
only need one motor to move them, so many robots use this kind of mechanism as grippers. 
We studied a new technique to carry out an optimal design of a gripper in this work. A 
searching procedure is developed, which applies genetic algorithms based on an 
evolutionary approach. The new method has proved to solve synthesis problems of planar 
mechanisms and has been used for testing a hand robot mechanism, showing that the 
solutions are accurate and valid for all cases.  
Different techniques have been used for mechanism synthesis. In graphical techniques the 
use of the coupler curve atlas (Hrones & Nelson, 1951) who developed the four-bar 
mechanisms atlas with almost 10,000 curves is especially remarkable. The solution by 
(Zhang et al., 1984) focused on five-bar geared linkages. These methods are easy and fast to 
use but at a low precision rate. The first reference addressing analytical methods was made 
by (Sandor, 1959), followed by (Erdman, 1981), (Kaufman, 1978) and (Loerch et al.,1975). 
References about the subject by (Freudenstein, 1954), (Beyer, 1963), (Hartenberg & Denavit, 
1964) also exist, solving the synthesis problem using precision points to be reached by the 
coupler point of the mechanism, but these methods restrict the number of precision points in 
order to allow the solution of the mathematical system to be closed and show problems 
caused by wrong sequence of the precision points followed. The great increase in computer 
power has permitted the recent development of routines that apply numerical methods to 
the minimization of a goal function. One of the first authors who studied these methods was 
(Han, 1966), whose work was later improved by (Kramer & Sandor, 1975), (Sohoni & Haug, 
1982). They optimized one of the most common goal functions: the error between the points 
tracked by the coupler and its desired trajectory. 
The approach to mechanism synthesis presented in this work deals with evolutionary 
algorithms based on a differential evolution technique. These kinds of algorithms were first 
introduced by (Holland, 1973,1975), whose work is included in Goldberg’s book (Goldberg, 
1989), and they have been extensively and successfully applied to different optimization 
problems. These methods define a starting population that is improved by approximations 
to the goal function making use of natural selection mechanisms and natural genetic laws. 
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The main advantages of these methods are their simplicity in implementing the algorithms 
and their low computational cost. In addition, there is no need for extensive knowledge of 
the searching space, as it is continuous, presents local minimums or shows other 
mathematical characteristics demanded by traditional searching algorithms. Many 
researches use this technique for optimum mechanisms synthesis, but they apply a single 
goal function to carry out the optimization problem. The main difference in our approach is 
that we use several goal functions and constraints, so the optimization problem is more 
complex and useful for designing hand robots. Multiobjective techniques are used by (Rao 
& Kaplan, 1986), (Krishnamurty & Turcic, 1992). (Kunjur & Krishnamurty, 1997) use a 
multiple criteria optimization approach that obtains Pareto-optimal design solution sets. 
They apply this method to a mechanism dimensional synthesis with two objective functions 
and three constraints. (Haulin & Vinet, 2003) develop a multiobjective optimization of hand 
prosthesis four-bar mechanisms. They use the Matlab optimization toolbox and a goal 
attainment method for the optimization. All of these need a high power calculus and can fail 
because they might find the solution in a local minimum ending the search without reaching 
the true optimal solution.  
In this work we have developed an evolutionary approach based on Differential Evolution 
technique (Storn & Price, 1997). Other authors, like (Cabrera et al., 2002) use this technique 
for the optimum synthesis of four-bar mechanism. (Shiakolas et al., 2005) also uses 
Differential Evolution for the optimum synthesis of six-bar linkages, but they apply a single 
goal function to carry out the optimization problem. We use several goal functions and 
constrains in our approach, so the optimization problem is more complex and useful in a 
great variety of problems. We apply our algorithm to hand mechanism synthesis in one-
DOF robot, but it is possible to use it in different problems, only changing the goal functions 
and constraints. 

2. Optimization method 
Evolutionary algorithms (EAs) are different from more normal optimization and search 
procedures in four ways: 
• Evolutionary algorithms work with a coding of the parameter set, not the parameters 

themselves. 
• Evolutionary algorithms search with a population of points, not with a single point. 
• Evolutionary algorithms use evaluations of goal functions, not derivatives or other 

auxiliary knowledge. 
• Evolutionary algorithms use probabilistic transition rules, not deterministic rules. 
Altogether, these four differences contribute to an evolutionary algorithm’s robustness and 
turn out to be an advantage over other more commonly used techniques. 
Definition.-The optimization problem is given by: 
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Where fi are the goal functions, i.e. a set of functions where each one expresses a feature or 
objective to be optimized, and where each individual, X, obtains a value, its fitness. 
Furthermore gj(.) are the constraints defining the searching space.  
The strategy of evolutionary methods for optimization problems begins with the generation 
of a starting population. Each individual (chromosome) of the population is a possible 
solution to the problem and it is formed by parameters (genes) that set the variables of the 
problem. Genes can be schematized in several ways. In the first approach by (Holland, 1973, 
1975) they are binary chains, so each xi gene is expressed by a binary code of size n. Another 
way to express the genes, as done in this work, is directly as real values. All genes are 
grouped in a vector that represents a chromosome, (Storn & Price, 1997) , (Wright, 1990): 

 = ∀ ∈ℜ⎡ ⎤⎣ ⎦1 2 . . kX x x x x  (2) 

Next the starting population has to evolve to populations where individuals are a better 
solution. This task can be reached by natural selection, reproduction, mutation or other 
genetic operators. In this work, selection and reproduction are carried out sequentially and 
mutation is used as an independent process.Now, we will define some basic concepts that 
are very common in multiobjective optimization. 
Definition.-Pareto dominance: 
A vector, ∈ Ω*X , is said to dominate ∈ Ω*Y , denoted p* *X Y , if and only if *( )if X  is 
partially less than *( )if Y , i.e.: 

{ }∀ ∈ 1,....,i n : ( ) ( ){ } { } ( ) ( ){ }≤ ∧ ∃ ∈ <* * * *1,.., :i i i if X f Y i n f X f Y  

Definition.- Non-dominated or Pareto-optimal solution: 
A vector, ∈ Ω*X , is said to be non-dominated if and only if there is no vector which 
dominates *X , i.e., ¬∃ ∈Ω p* * *:Y Y X  
Definition.- Pareto-optimal set: 
A set, ⊂ ΩP , is said to be Pareto-optimal if and only if: ∀ ∈ ¬∃ ∈Ω p* * * *: :X P Y Y X  
Now we are qualified to explain the evolutionary algorithms that we propose. This 
algorithm is based on the Differential Evolution algorithm proposed by (Storn & Price, 
1997), but we introduce a set of new features: 
• The original Differential Evolution algorithm was used in optimization problems with 

one goal function. We use it with multiobjective problems. 
• We use a Pareto-based approach to sort the population and this one is divided into non-

dominated and dominated population. The ‘best’ individuals are chosen to run the 
Differential Evolution strategy from the non-dominated sub-population. 

• We use a genetic operator called mutation, which is not used in the original algorithm. 
This operator is of great significance in certain problems to prevent stagnation 
(Lampinen & Zelinka, 2000). 

• We use a function to control the number of non-dominated individuals in the 
population. 

• We introduce a procedure for handling the constraints. This procedure is based on the 
work proposed by (Lampinen, 2002), but applied to multiobjective problems. 
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• We use a function to control the number of non-dominated individuals in the 
population. 

• We introduce a procedure for handling the constraints. This procedure is based on the 
work proposed by (Lampinen, 2002), but applied to multiobjective problems. 
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Definition.- Selection of a couple for reproduction: 
For selection, two individuals are randomly chosen from the population and they form a 
couple for reproduction. The selection can be based on different probability distributions, 
such as a uniform distribution or a random selection from a population where the weight of 
each individual depends on its fitness, so that the best individual has the greatest 
probability to be chosen. In this paper, an individual randomly selected from the Pareto-
optimal set of the population and two individuals randomly selected from the complete 
population with uniform distribution are chosen for reproduction and they make up a 
disturbing vector, V. The scheme, (Storn and Price, 1997), known as Differential Evolution 
yields: 
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where Yr1 is an individual chosen randomly from the Pareto-optimal setζ of population P, 
which is obtained as defined previously, Yr2 and Yr3 are two individuals randomly selected 
from population P among NP individuals, and F is a real value that controls the disturbance 
of the Pareto-optimal individual. This disturbing vector V and individual i of the population 
form the couple for reproduction. This way to obtain parent V, it maintains the philosophy 
of the original Differential Evolution algorithms, where the best individual of the population 
and two individuals chosen randomly are used to obtain the disturbing vector V. In some 
ways Yr1 are the ‘best’ individuals in the actual population, because they are chosen from the 
Pareto-optimal set. 
Definition.- Reproduction: 
Next, for reproduction, V is crossed with individual i of the current population to generate 
individual i of the next population. This operator is named crossover. 
In natural reproduction, parents' genes are exchanged to form the genes of their descendant 
or descendants. As shown in Figure 1, reproduction is approached by a discrete multipoint 
crossover that can be used to generate XiN: parent XiG provides its descendant with a set of 
genes randomly chosen from its entire chromosome and parent V provides the rest. 
Crossover is carried out with a probability defined as CP∈[0, 1]. 
Definition.- Selection of new descendents: 
The following steps are performed to choose which individual XiN or XiG passes to the next 
population: 
• If the new XiN descendent fulfills more constraint than parent XiG, then the new 

descendent is chosen for the next population, i.e., 
• if ξ∃ ≤ → =: ( ) 0 ( ) 1N N

k i k ik g X X , then: 
• { } ξ ξ +∀ ∈ > → =∑ ∑ 11,.., : ( ) ( )N G G N

k i k i i ik m X X X X  
• If parent XiN fulfills more constraints than the new XiG descendent, then the parent is 

chosen for the next population, i.e, { } ξ ξ +∀ ∈ ≤ → =∑ ∑ 11,.., : ( ) ( )N G G G
k i k i i ik m X X X X  

• If both individuals XiN and XiG fulfill all constraints or do not fulfill some of them, then 
the individual which dominates is chosen for the next population, i.e.: 
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Therefore the population neither increases nor decreases. 

 
Figure  1. Reproduction scheme based on discrete multipoint crossover 

Definition.-Mutation 
A new mutation procedure of the parameters to be optimized is developed in this work. 
Mutation is an operator consisting of random change of a gene during reproduction. We 
have verified that this procedure is fundamental to obtain the optimum when the parameter 
range values are very different. The mutation procedure changes only some of these 
parameters allowing to find the correct optimum and not to stop in a local minimum. This 
problem was called stagnation in the work performed by (Lampinen & Zelinka, 2000) and it 
is shown in Figure 2. 
The whole procedure to obtain a new descendent is shown in Figure 2a. In this case, there 
are two different parameters (genes) and the optimum has a very different value for these 
two parameters. And we suppose that the individuals of the population are situated around 
a local minimum due to the evolution of the population. The fundamental idea of this 
discussion consists of the step length adaptability along the evolutionary process. At the 
beginning of the generations the step length is large, because individuals are far away each 
from other. As evolution goes on, the population converges and the step length becomes 
smaller and smaller. For this reason if the mutation procedure does not work properly, it is 
possible to drop in a local minimum. In Figure 2a and 2b the differences between both 
strategies with and without mutation procedure are shown. 
The way to obtain a new descendent of the next population without mutation procedure is 
shown in Figure 2a. In this case the V and XiG couple generates the XiN descendent, but this new 
chromosome may not reach the global minimum due to the fact that the absolute values of the 
genes that compose it are very different, and the selection plus reproduction operations are not 
able to make the new descendent by themselves to overcome the valley of the local minimum. 
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Figure  2. a) Differential Evolution without mutation procedure. b) Differential Evolution 
with mutation procedure 

With the mutation procedure it is possible to solve the problem explained before. The 
generation of a new descendant using the mutation procedure is schemed in Figure 2b. 
Here, the value of one or several of the genes of the V and XiG couple is changed in a range 
defined by the user, when the reproduction is taking place. This fact yields a new 
descendent, XiN, which has a different fitness from the XiN descendent studied in the 
previous case. This allows the algorithm to look for individuals with better fitness in the 
next generation. 
In this work, mutation is defined as follows: when gene xi mutates, the operator randomly 
chooses a value within the interval of real values (xi, xi±range), which is added or subtracted 
from xi, depending on the direction of the mutation. 
Mutation is carried out with a probability defined as MP∈[0, 1], much lower than CP. Once 
the genetic operators are described, the optimization algorithm will be explained. 

3. POEMA algorithm 
The proposed algorithm, which is defined as Pareto Optimum Evolutionary Multiobjective 
Algorithm (POEMA), has the following steps: 
1. The algorithm starts with the random generation of a starting population with NP 

individuals. 
2. Next, the algorithm calculates the Pareto-optimal set of the total population and obtains 

its size, Npr. To preserve diversity, the number of non-dominated individuals is 
maintained along iterations according to the following function: 

{ }∀ ∈ ≤ + ⋅ Δ01,.., itermax : prk N N k N  

Where itermax is the number of iterations in the algorithm, N0 is the number of allowed 
initial individuals in the Pareto-optimal set and ΔN is a parameter to increase the 
allowed initial individuals with the iterations. So a maximum number of non-
dominated individuals are allowed. If this maximum is exceeded, the nearest neighbor 
distance function is adopted (Abbass, 2002). 

3. To create the new population, the selection of couple, reproduction and mutation 
operator are used according to definitions described above. 

4. If the algorithm reaches the maximum number of iterations, it finishes; otherwise return 
to step 2. 
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Figure 3. Scheme algorithm 

A scheme of the proposed algorithm is shown in figure 3. First, we generate a parent for 
reproduction according to the Differential-Evolution scheme, which was defined above. Hence 
the couple for reproduction is the actual population, XG, and the disturbing vector population 
is V. As the reproduction and mutation operator are carried out, a new population is obtained, 
XN. This one is compared with the actual population, XG, to obtain the new population, XG+1. 
At this point, we obtain the Pareto-optimal set of the new population according to what we 
explained above and we run a new cycle in the algorithm. As we can observe, the new 
population maintains the same number of individuals as the previous one, so this algorithm 
does not increase the number of individuals in the population. 

4. Goal function and constraint formulation in the two proposed problems  
Once we have described the POEMA algorithm, we will develop the goal functions for the 
problem of a robot hand mechanism in this section. The advantage of using a multiobjective 
evolutionary algorithm is that we can include either kind of goal function that other works 
have resolved individually. When a mechanism is designed, several kinds of features are 
kept in mind: 
• Geometric features: a link has to measure a specific length, etc. 
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• Kinematical features: a point in the mechanism has to follow a specific trajectory, 
velocity or acceleration law during its movements. 

• Mechanical advantage: amount of power that can be transmitted by the mechanism for 
one complete cycle. 

First problem.- In this problem we dealt with a robot hand mechanism (Figure 4). The goal 
functions for this problem were: 
1.- A grasping index (GI) that is similar to the mechanical advantage concept, (Ceccarelli, 
1999), which is obtained by means of the method of virtual work applied between the input 
slider (point F) and the output link (point E), obtaining: 

 ( ) ψψ ψ
ψ
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 (4) 

As we can see in the previous equation, the GI grasping index must be maximized. 
However, we will convert this objective in a minimizing function, so the first goal function 
is: 
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2.- The second objective is to minimize the acceleration in the E contact point to avoid a big 
impact on the object. So the second goal function is: 

 ( )=2 min E
xf a  (6) 

3.-Another objective is to reduce the weight of the mechanism. If we consider all the links 
with the same thickness, this objective will be: 
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Where ix  is the length of the i link in the mechanism. 
4.- The last objective is to standardize the link length in the mechanism to avoid a great 
difference between the length of the different links. So the fourth goal function is: 
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The constraints for this problem are: 

 ≡ >1 0E
xg v  (9) 

 ≡ =2 mecg EJ D  (10) 
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Figure 4. a) Hand robot mechanism for problem 1 and 2. b)  Real robot manipulator 

The first constraint says that the velocity of the E contact point must go in the same direction 
as the grasping. And the second constraint says that the distance between the two contact 
points, EJ , must be object size mecD . Hence the whole optimization problem is shown in the 
next equation: 
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Where, the X  vectors are the design variables. We also introduce a boundary constraint of 
the design variables. To find the design variables, it is necessary to do a kinematic analysis 
of the mechanism. We use the Raven method to determine the position, velocity and 
acceleration of the E contact point, because these variables are in 1f  and 2f  goal functions 
in the first problem and in 1f , 2f  and 3f  goal functions in the second problem. The rest of 
the goal functions in both problems only need the link lengths of the mechanism. Hence, we 
establish the following scheme according to Figure 5: 

 = + + +
r r r r r

1 1 6 6x yE r r r g  (12) 

Then to obtain the position of the contact point E: 

 ( )θ θ δ= − + ⋅ + ⋅ +1 6 6 6 5cos cosX xE r r g  (13) 

 ( )θ θ δ= + ⋅ + ⋅ +1 6 6 6 5sin siny yE r r g  (14) 

 ( )ψ θ δ= 5 6 5, , ,f g r  (15) 
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To obtain the velocity of the contact point E: 

 ( )ω θ ω θ δ= − ⋅ ⋅ − ⋅ ⋅ +6 6 6 6 5 5sin sinE
xv r g  (16) 

 ( )ω θ ω θ δ= ⋅ ⋅ + ⋅ ⋅ +6 6 6 6 5 5cos cosE
yv r g  (17) 
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Figure  5. Kinematic study of the mechanism 
And the acceleration: 

 ( ) ( )ω θ α θ ω θ δ α θ δ= − ⋅ ⋅ − ⋅ ⋅ − ⋅ ⋅ + − ⋅ ⋅ +2 2
6 6 6 6 6 6 6 5 5 6 5 5cos sin cos sinE

xa r r g g  (18) 

In the previous equations we have obtained all the variables that we need in the two 
problems proposed, but we also have to develop the following schemes: 

 + + =r r r r
2 3

F F
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 + + + =r r r r r '
1 1 6 5 2x yr r r r r  (20) 

The first equation solves the slider-crank mechanism (2-3-4) and the second one solves the 
four-link mechanism (2-5-6), so the design variables for the proposed problems are: 

 { }α δ= '
2 3 1 1 2 5 6 6, , , , , , , , , , ,F F

x y x yX r r r r r r r r r g  (21) 

The design variables are the same for the two problems. The only difference is that in the 
second problem the variable F

xr , what it is the actuator position, has different positions to 
obtain different contact point positions. 
Second problem.- In this problem we will use the same hand robot mechanism (Figure 4), 
but in this case the mechanism will be able to grasp different objects with different sizes, i.e., 
the size of the object is within a determined range. Hence, in this problem the input slider 
has different positions that determine the different positions (precision points) of the output 
link. In this case the goal functions are: 
1.- As the mechanism is in movement and the output link has different positions, i.e., the E 
contact point follows several precision points to determine the range of the size of the object, 
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we will try to make the E contact point follow a determined trajectory as well, so the first 
goal function is: 
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Where ,
obj
x iE  and ,

obj
y iE  are the x and y coordinates that the E contact point has to follow in each 

i position and ,
mech
x iE  and ,

mech
y iE  are the x and y coordinates of the E contact point of the 

designed mechanism in each i position. Hence, this goal function measures the error 
between the desired trajectory and the mechanism trajectory of the E point. 
2.-The second goal function minimizes the grasping index (GI) developed in the previous 
problem, but applied to each i position of the E contact point, i.e, we obtain an average 
grasping index. 
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In this case we obtain E
xv , E

yv , F
yv  and ψ i  in each i precision point. And n is the number of 

precision points. The following goal functions are the same as in the previous problem: 

 
=

⎛ ⎞= ⎜ ⎟
⎝ ⎠
∑3 ,

1
min

n
E
x i

i
f a  (24) 

 ( )
=

= ∑ 2
4

1
min

n

i
i

f x  (25) 

 
( )

( )
= =

=

−
=

∑ ∑

∑

2

1 1
5

2

1

min

n n

i j
i j

n

i
i

x x
f

x
 (26) 

In this problem the constraints are related to the velocity of the E contact point. This 
velocity, as in the previous problem, must be greater than zero, but in this case we have 
different E contact point velocities, so we have as many constraints as precision points. 
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To obtain the velocity of the contact point E: 
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Figure  5. Kinematic study of the mechanism 
And the acceleration: 
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In the previous equations we have obtained all the variables that we need in the two 
problems proposed, but we also have to develop the following schemes: 
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2 3
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The first equation solves the slider-crank mechanism (2-3-4) and the second one solves the 
four-link mechanism (2-5-6), so the design variables for the proposed problems are: 

 { }α δ= '
2 3 1 1 2 5 6 6, , , , , , , , , , ,F F

x y x yX r r r r r r r r r g  (21) 

The design variables are the same for the two problems. The only difference is that in the 
second problem the variable F

xr , what it is the actuator position, has different positions to 
obtain different contact point positions. 
Second problem.- In this problem we will use the same hand robot mechanism (Figure 4), 
but in this case the mechanism will be able to grasp different objects with different sizes, i.e., 
the size of the object is within a determined range. Hence, in this problem the input slider 
has different positions that determine the different positions (precision points) of the output 
link. In this case the goal functions are: 
1.- As the mechanism is in movement and the output link has different positions, i.e., the E 
contact point follows several precision points to determine the range of the size of the object, 
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In this problem the constraints are related to the velocity of the E contact point. This 
velocity, as in the previous problem, must be greater than zero, but in this case we have 
different E contact point velocities, so we have as many constraints as precision points. 
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Once the problem has been defined, we can show it in the next equation: 
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As in the previous problem, the X vectors are the design variables. 

5. Results 
In the first place, we show the results of the first problem. In this case, the algorithm 
parameters are: (number of individuals in the population) NP=100, (maximum iteration 
number) itermax=5000, (disturbing factor) F=0.5, (crossover probability) CP=0.2, (mutation 
probability) MP=0, (initial number of non-dominated individuals) No=40, (non-dominated 
individual growth) ΔN=0.012, (size of the object) Dmec=100, (actuator velocity) F

yv =-1, 

(actuator acceleration) F
ya =1. 
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Figure  6. Average value evolution of the goal functions along iterations in the first problem 

Optimal Design of Mechanisms for Robot Hands 

 

121 

We show the average value evolution of the goal functions along iterations in Figure 6. The 
average values are obtained by the following equation: 

 ==
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1
,

( )
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iter
k i

i
k iter

f X
f

NP
 (29) 

Where { }∈ 1,2,3,4k are the numbers of goal functions in the first problem and NP is the 
number of individuals in the population. 
We show the average value behavior of the goal functions in the previous figure. We can 
observe how the average values have decreased in every case. The average values are mean 
values of the goal functions of the all the individuals in the population and at the beginning 
of the iterations there are a few ‘good individuals’, i.e., non-dominated individuals, so those 
values are bad when the algorithm starts the iterations and they improve when the 
algorithm finishes. However, the algorithm does not always finish with the best average 
values as we can see in Figure 6a and 6d. This fact happens because the number of non-
dominated individuals is not the total number of individuals in the population and the 
average values can be worse in the final populations because the dominated individuals in 
the final populations make the average value worse. 
The non-dominated individuals’ behavior can be observed in Figure 7. We can see how non-
dominated individuals at the beginning of the iterations follow the established law, 
increasing the number of non-dominated individuals linearly with the iterations. At the end 
of the iterations, the number of non-dominated individuals is lower than the allowed non-
dominated individuals. Hence the non-dominated individuals in the final populations are 
not the whole number of individuals in the population. 
We also show the three ‘best’ mechanisms of the final population in the following figure. We 
draw the mechanisms that have the best value of one of the goal function values, but this 
does not mean that these mechanisms are the best mechanisms in the final population, as 
the final population has about eighty-four non-dominated mechanisms (see Figure 7). 

 
Figure  7. Evolution of non-dominated individuals along iterations 

The design variable values of these three mechanisms are shown in the following table: 
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The design variable values of these three mechanisms are shown in the following table: 
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(c) 49.7 -10.9 33.9 35.1 -68.6 -20.6 80.5 55.7 93.21 1.2 0.84 117.8 

Table 1. Design variable values of the three selected mechanisms in the first problem 

And the values of every goal function for the three drawn mechanisms are shown in Table 2. 
The design variables and the goal function values of the three mechanisms correspond to the 
three mechanisms drawn in Figure 8. As we can see, mechanism (b) has the minimum value of 
the 1f  and 2f  functions, i.e., it has the minimum value of the contact point acceleration and 
the minimum value of its dimensions, but it has the worst value of grasping index 1f  and of 
link proportion 4f . Instead, mechanism (a) has the best grasping index and mechanism (c) has 
the best link proportion. Also, the contact point distances are shown in Figure 8. These 
distances are similar to the three cases and they are very close to our objective. 

 1f  [-] 2f  [L/T2] 3f  [L] 4f  [-] 

Mechanism (a) 0.4207 -0.1266 234.2706 0.4183 
Mechanism (b) 1.7828 -901.79 175.9284 0.7677 
Mechanism (c) 1.0479 -617.61 205.5393 0.3581 

Table 2. Goal function values from three selected mechanisms in the first problem 

 
Figure  8. Three mechanisms of the final population in the first problem 

We have to highlight that the three selected mechanisms are the ones with the best values of 
one of the goal function values, but this fact does not imply that these mechanisms are the 
best among the eighty-four non-dominated mechanisms. Hence, the designer will have to 
choose which mechanism among the non-dominated mechanisms is the best for him. 
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Now, we show the results of the second problem. In this case, the algorithm parameters are: 
(number of individuals in the population) NP=100, (maximum iteration number) 
itermax=5000, (disturbing factor) F=0.5, (crossover probability) CP=0.2, (mutation 
probability) MP=0, (initial number of non-dominated individuals) No=40, (non-dominated 
individual growth) ΔN=0.012, (actuator velocity) F

yv =-1, (actuator acceleration) F
ya =1. 

Again, we show the average value evolution of the goal functions along iterations in Figure 
9. The average values are obtained the same way as in the previous problem. 

 
Figure  9. Average value evolution of the goal functions along iterations in the second 
problem 
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In this case, the average values of the goal functions also decrease along with the iterations 
in every case. Only the 3f  and 5f  goal functions have a different behavior when the 
algorithm finishes and the average values are worse than in the previous iterations. Instead, 
the new 1f  goal function has a clear decreasing behavior and the average value in the final 
iterations is the best one. 
At the end we show three mechanisms of the final non-dominated population which have 
the best value of one of the goal functions (Figure 10). In this case, the mechanisms have to 
follow certain precision points: 

{ } { }= − =10,10,40 160,170,165Obj Obj
x yE E  

The coordinates of the previous precision points are measured from the 6O  fixed point in 
the mechanism. Hence the design variable values are: 
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Table 3. Design variable values of three selected mechanisms in the second problem 

The F
yr  value has three positions in the previous table because the E contact point is 

compared in these three positions of the input slider. 

 
Figure 10. Three mechanisms of the final population in the second problem 
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We also show the goals function values of these three mechanisms. 
Mechanism (a) has the best value of the 3f  and 5f  goal functions, i.e., this mechanism has the 
minimum value of E contact point acceleration and it has the best link proportion. Instead, 
mechanism (b) has the best 1f  and 4f  goal functions, so the E contact point path fits 
objective points more accurately and it also has the minimum value in its dimensions. 
Finally, mechanism (c) has best average 2f  grasping index. 

 1f  [L] 2f  [-] 3f  [L/T2] 4f [ L ] 5f [-] 

Mechanism (a) 3.86 1.33 -0.4051 172.38 0.4125 
Mechanism (b) 3.54 1.97 -0.1413 163.67 0.5620 
Mechanism (c) 3.66 0.1412 -0.0638 177.21 0.9785 

Table 4. Goal function values of three selected mechanisms in the second problem 

6. Conclusions 
In this paper, we showed a new algorithm (POEMA) based on the Differential Evolution 
strategy, but it has been extended to tackle multiobjective optimization problems. For this 
purpose, new features have been developed. This work uses the Pareto-based approach to 
classify the population into non-dominated and dominated individuals. 
The algorithm is used to optimize several goal functions in a hand robot mechanism, subject 
to different constraints. The same method can be applied to optimize any other goal 
functions in other different problems. 
One of the features of the used method is that there is not an unique solution to the problem, 
as the method finds several solutions which are called non-dominated solutions and every 
non-dominated solution is a good solution to the proposed problem. Hence, the designer 
must choose which is the best in every case, i.e., he must determine which characteristic or 
goal function is a priority and which is not. 
An individual evolution study has been made and the obtained results have been 
satisfactory. We have shown several final mechanisms to the two proposed problems and 
each one has a good value of one o more features or goal functions. 
Another advantage depicted by the method is its simplicity of implementation and that it is 
possible to use the method in other different mechanism problems by simply changing the 
goal function formulation for those problems. 
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1. Introduction  
This chapter presents a survey of the state of the art in evolutionary humanoid robotics, 
focusing mainly, but not exclusively on the use of evolutionary techniques for the design of 
a variety of interesting behaviours in humanoid robots; both simulated and embodied. 
It will discuss briefly the increasing importance of setting robot standards and of 
benchmarking mobile and service robot performances, especially in the case of future 
humanoid robots, which will be expected to operate safely in environments of increasing 
complexity and unpredictability. 
We will then describe a series of experiments conducted by the author and his colleagues in 
the University of Limerick involving the evolution of bipedal locomotion for both a 
simulated QRIO-like robot, and for the Robotis Bioloid humanoid robot.  The latter 
experiments were conducted using a simulated version of this robot using an accurate 
physics simulator, and work is ongoing in the transfer of the evolved behaviours to the real 
robot.  Experiments have been conducted using a variety of different environmental 
conditions, including reduced friction and altered gravity. 
The chapter will conclude with a look at what the future may hold for the development of 
this new and potentially critically important research area. 

2. Evolutionary humanoid robotics 
Evolutionary humanoid robotics is a branch of evolutionary robotics dealing with the 
application of evolutionary principles to the design of humanoid robots (Eaton M, 2007). 
Evolutionary techniques have been applied to the design of both robot body and 'brain' for a 
variety of different wheeled and legged robots, e.g. (Sims, 1994; Floreano and Urzelai, 2000; 
Harvey, 2001; Pollack et. al ,2001; Full, 2001; Zykov et al.,2004; Lipson et al.,2006; Bongard et 
al.,2006).  For a good introduction to the general field of evolutionary robotics see the book 
by Nolfi and Floreano (Nolfi and Floreano, 2000).  
In this chapter we are primarily concerned with the application of evolutionary techniques 
to autonomous robots whose morphology and/or control/sensory apparatus is broadly 
human-like. A brief introduction to the current state of the art with regard to humanoid 
robotics including the HRP-3, KHR-1 and KHR-2, Sony QRIO and Honda ASIMO and P2 is 
contained in (Akachi et al ,2005).  Also see the articles by Brooks (Brooks et al.,1998; 
Brooks,2002) and Xie (Xie et.al,2004) for useful introductory articles to this field. 
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There are several possible motivations for the creation of humanoid robots.  If the robot has 
a human-like form people may find it more easy and natural to deal with than dealing with 
a purely mechanical structure.  However as the robot becomes more human-like, after a 
certain point it is postulated that small further increases in similarity result in an unnerving 
effect (the so called “uncanny valley” introduced by Mori (Mori , 1970) and elaborated by 
MacDorman (MacDorman, 2005)).  The effect is seen to be more pronounced in moving 
robots than in stationary ones, and is thought to be correlated to an innate human fear of 
mortality.  Another reason, suggested by Brooks (Brooks, 1997) and elaborated recently by 
Pfeifer and Bongard (Pfeifer and Bongard, 2007) is that the morphology of human bodies 
may well be critical to the way we think and use our intellect, so if we wish to build robots 
with human-like intelligence the shape of the robot must also be human-like. 
Ambrose argues that another reason for building robots of broadly humanoid form is that the 
evolved dimensions of the human form may be (semi-) optimal for the dexterous manipulation 
of objects and for other complex motions; he however argues that the human form should not 
be blindly copied without functional motivation (Ambrose and Ambrose, 2004). 
A final, and very practical reason for the creation of future humanoid robots is that they will 
be able to operate in precisely the environments that humans operate in today, This will 
allow them to function in a whole range of situations in which a non-humanoid robot would 
be quite powerless, with all of the inherent advantages that this entails.  Brooks discusses 
this issue further in his later paper on the subject (Brooks et. al, 2004). 
 The hope is that by using artificial evolution robots may be evolved which are stable and 
robust, and which would be difficult to design by conventional techniques alone.  However 
we should bear in mind the caveat put forward by Mataric and Cliff (Mataric and Cliff, 
1996) that it is important that the effort expended in designing and configuring the 
evolutionary algorithm should be considerably less than that required to do a manual 
design for the exercise to be worthwhile. 
We now review briefly some of the work already done, and ongoing, in the emerging field 
of evolutionary humanoid robotics; this list is not exhaustive, however it gives a picture of 
the current state of the art.  
In an early piece of work in this area Bongard and Paul used a genetic algorithm to evolve 
the weights for a recurrent neural network with 60 weights in order to produce bipedal 
locomotion in a simulated 6-DOF lower-body humanoid using a physics-based simulation 
package produced by MathEngine PLC. (Bongard and Paul, 2001)  Inputs to the neural 
network were two touch sensors in the feet and six proprioceptive sensors associated with 
each of the six joints.    Interestingly, in part of this work they also used the genome to 
encode three extra morphological parameters – the radii of the lower and of the upper legs, 
and of the waist, however they conclude that the arbitrary inclusion of morphological 
parameters is not always beneficial. 
Reil and Husbands evolved bipedal locomotion in a 6-DOF simulated lower-body 
humanoid model also using the MathEngine simulator.  They used a genetic algorithm to 
evolve the weights, time constants and biases for recurrent neural networks.  This is one of 
the earliest works to evolve biped locomotion in a three-dimensional physically simulated 
robot without external or proprioceptive input. (Reil and Husbands, 2002) 
Sellers et al. (Sellers et. al. 2003; Sellers et al. 2004) have used evolutionary algorithms to 
investigate the mechanical requirements for efficient bipedal locomotion.  Their work uses a 
simulated 6-DOF model of the lower body implemented using the Dynamechs library.  The 
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evolutionary algorithm is used to generate the values used in a finite-state control system 
for the simulated robot. They suggest the use of an incremental evolutionary approach as a 
basis for more complex models.  They have also used their simulations to predict the 
locomotion of early human ancestors.   
Miyashita et al. (Miyashita et al., 2003) used genetic programming (GP) to evolve the 
parameter values for eight  neural oscillators working as a Central Pattern Generator (CPG) 
interacting with the body dynamics of a 12 segment humanoid model, in order to evolve 
biped walking.  This work is in simulation only, and a maximum of ten steps of walking 
were evolved, because of the instability of the limit cycles generated. 
Ishiguro et al (Ishiguro et al.,2003) used a two stage evolutionary approach to generate the 
structure of a CPG circuit for bipedal locomotion on both flat and inclined terrain.  They 
used MathEngine to simulate the lower body of a 7-DOF humanoid robot.  An interesting 
aspect of this work is the adaptability of the evolved controllers to gradient changes not  
previously experience in the evolutionary process. 
Zhang and Vadakkepat have used an evolutionary algorithm in the generation of walking 
gaits and allowing a 12-DOF biped robot to climb stairs.  The algorithm does, however, 
contain a degree of domain-specific information.  The robot is simulated using the Yobotics 
simulator and the authors claim the performance has been validated by implementation on 
the RoboSapien robot (Zhang and Vadakkepat, 2003) 
Unusually for the experiments described here, Wolff and Nordin have applied evolutionary 
algorithms to evolve locomotion directly on a real humanoid robot.  Their approach is that 
starting from a population of 30 manually seeded individuals evolution is allowed to 
proceed on the real robot.  Four individuals were randomly selected then per generation 
and evaluated, the two with higher fitness then reproduce and replace the individuals with 
lower fitness. Nine generations were evaluated, with breaks between each generation in 
order to let the actuators rest.  The physical robot used was the ELVINA humanoid with 14-
DOF; 12 of these were subject to evolution.  While the evolutionary strategy produced an 
improvement on the hand-developed gaits the authors note the difficulties involved in 
embodied evolution, with frequent maintenance of the robot required, and the regular 
replacement of motor servos. (Wolff and Nordin, 2002).  Following this the authors moved 
to evolution in simulation using Linear GP to evolve walking on a model of the ELVINA 
robot created using the Open Dynamics Engine (ODE) (Wolff and Nordin, 2003). 
Endo et al. used a genetic algorithm to evolve walking patterns for up to ten joints of a 
simulated humanoid robot.  Work was also done on the co-evolution of aspects of the 
morphology of the robot.  The walking patterns evolved were applied to the humanoid 
robot PINO.  While stable walking gaits evolved these walking patterns did not generally 
resemble those used by humans (Endo et al., 2002; Endo et. al 2003). They note that an 
interesting subject for study would be to investigate what constraints would give rise to 
human-like walking patterns.  A characteristic of our own current work is the human-like 
quality of the walks generated, as commented on by several observers. 
Boeing et al. (Boeing et. al, 2004)  used a genetic algorithm to evolve bipedal locomotion in a 
10-DOF robot simulated using the Dynamechs library.   They used an approach that has 
some parallels with our work; once a walk evolved this was transferred to the 10-DOF 
humanoid robot ‘Andy’.   However few of the transferred walks resulted in satisfactory 
forward motion illustrating the difficulties inherent in crossing the ‘reality gap’. 
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Finally, Hitoshi Iba and his colleagues at the University of Tokyo have conducted some 
interesting experiments in motion generation experiments using Interactive Evolutionary 
Computation (IEC) to generate initial populations of robots, and then using a conventional 
GA to optimise and stabilise the final motions.  They applied this technique to optimising 
sitting motions and kicking motions.  IEC was also applied to a dance motions which were 
implemented on the HOAP-1 robot; the kicking motions were confirmed using the 
OpenHRP dynamics simulator (Yanese and Iba, 2006).  They have also demonstrated the 
evolution of handstand and limbo dance behavioural tasks (Ayedemir and Iba, 2006). 
The next section introduces our own work in evolving bipedal locomotion and other 
behaviours in a high degree-of-freedom humanoid robot.  

3. Evolving different behaviours in simulation in a high-DOF humanoid 
Bipedal locomotion is a difficult task, which, in the past, was thought to separate us from the 
higher primates. In the experiments outlined here we use a genetic algorithm to choose the 
joint values for a simulated humanoid robot with a total of 20 degrees of freedom (elbows, 
ankles, knees, etc.) for specific time intervals (keyframes) together with maximum joint 
ranges in order to evolve bipedal locomotion.  An existing interpolation function fills in the 
values between keyframes; once a cycle of 4 keyframes is completed it repeats until the end 
of the run, or until the robot falls over. The humanoid robot is simulated using the Webots 
mobile robot simulation package and is broadly modelled on the Sony QRIO humanoid 
robot (Michel, 2004; Mojon,2003).  (See (Craighead et. al., 2007) for a survey of currently 
available commercial and open-source robot simulators).  In order to get the robot to walk a 
simple function based on the product of the length of time the robot remains standing by the 
total distance travelled by the robot was devised.  This was later modified to reward 
walking in a forward (rather than backward) direction and to promote walking in a more 
upright position, by taking the robots final height into account. The genome uses 4 bits to 
determine the position of the 20 motors for each of 4 keyframes; 80 strings are used per 
generation.  8 bits define the fraction of the maximum movement range allowed.  The 
maximum range allowed for a particular genome is the value specified in the field 
corresponding to each motor divided by the number of bits set in this 8 bit field, plus 1. The 
genetic algorithm uses roulette wheel selection with elitism; the top string being guaranteed 
safe passage to the next generation, together with standard crossover and mutation. Two-
point crossover is applied with a probability of 0.5 and the probability of a bit being mutated 
is 0.04.  These values were arrived at after some experimentation.  
Good walks in the forward direction generally developed by around generation 120.  The 
evolved robots have developed different varieties of walking behaviours (limping, side-
stepping, arms swinging, walking with straight/flexed knees etc.) and many observers 
commented of the lifelike nature of some of the walks developed. We are also exploring the 
evolution of humanoid robots that can cope with different environmental conditions and 
different physical constraints.  These include reduced ground friction (‘skating’ on ice) and 
modified gravitation (moon walking).  Fig.1 shows an example of a simulation where a walk 
evolved in a robot with its right leg restrained, and Fig.2 shows an example of an evolved 
jump from a reduced gravity run. Further details of these experiments are given in (Eaton 
and Davitt, 2006; Eaton and Davitt, 2007; Eaton, 2007) . 
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Figure 1. QRIO-like robot walking with right leg restrained 

       
Figure 2. An example of an evolved jump from a reduced gravity run 

4. The importance of benchmarking 
An important task currently facing researchers in the field of advanced autonomous robots 
is the provision of common benchmarks for performance evaluation.  Current benchmarks, 
while useful, have their problems.  A current de facto standard in this field is the RoboCup 
annual challenge. RoboCup operates in four categories: simulated teams, a small size league, 
a middle size league, and legged robots.  An example small size robot is Khephera; a typical 
middle sized robot is the Pioneer platform, and the Sony artificial dog fits in the third 
category.  There is also a humanoid league which of course is of specific interest.  Individual 
skills to be mastered include navigation and localisation on the field of play, and the 
selection of optimal paths.  Inter-individual skills include the coordination of movements 
with playing partners in order to pass accurately.  At the top level the tasks of strategy 
generation and recognition of opponents' strategies are crucial. 
Criticisms of RoboCup stem from the controlled environment in which the robots operate, 
and the fact that soccer-playing skills are quite specific and may lead to the development of 
highly focused robots of little use for any other task.  Also, the self-localisation problem is 
considerably simplified by the use of highly artificial landmarks. 
We recommend, therefore, the provision of a set of specifically designed experimental 
frameworks, and involving tasks of increasing complexity, rigorously defined to facilitate 
experimental reproducibility and verification.  Steps are being taken in this direction, for 
example the European Union RoSta (Robot Standards) initiative, however we recommend the 
acceleration of these efforts for the provision of a universally acceptable set of benchmarks that 
can be used by robotics developers.  By allowing easier comparisons of results from different 
laboratories worldwide this will facilitate important new developments in the field of 
intelligent autonomous robots, and humanoid robots in particular.  For a further discussions of 
this important topic see (Gat,1995) and (Eaton et al, 2001). 

5. The Bioloid robotic platform 
To implement our simulated robots in the real world we currently use the Bioloid robot 
platform which is produced by Robotis Inc., Korea. This platform consists of a CPU, a number 
of senso-motoric actuators, and a large number of universal frame construction pieces. 
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Figure 1. QRIO-like robot walking with right leg restrained 

       
Figure 2. An example of an evolved jump from a reduced gravity run 
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of senso-motoric actuators, and a large number of universal frame construction pieces. 
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Using this platform it is possible to construct a wide variety of robots, from simple wheeled 
robots to complex humanoid robots with many degrees of freedom.  In addition, because of 
the ability to construct a range of robots with slightly different morphologies it lends itself 
well to evolutionary robotics experiments in which both robot "body and brain" are evolved.  
We initially constructed a "puppy-bot" with this kit (Fig. 3)  which can walk, avoid obstacles 
and perform several cute tricks.  With this experience we then constructed the Bioloid 
humanoid robot which has 18 degrees of freedom in total. A modified version of this 
humanoid robot was used for Humanoid Team Humboldt in the RoboCup competitions in 
Bremen 2006. (Hild et. al 2006)  Two pieces of software are provided with the Bioloid 
system; the behaviour control programmer, and the motion editor (Fig.4) The behaviour 
control programmer programs the humanoids response to different environmental stimuli, 
while the motion editor describes individual motions based on the keyframe concept.   
It is interesting to note the different reactions of people to the "puppy-bot" and the 
humanoid robot respectively.  Both have quite an impressive repertoire of built in 
behaviours and motions, which we were able to add to.  The puppy-bot can stand up, walk 
on four legs, avoid obstacles and, in a real attention-grabber, stand on its head (the "ears" 
providing suitable support) and wave its feet in the air. The humanoid on the other hand 
can clap its hands in response to a human clapping, walk (badly), do a little dance, get up 
from lying down, and avoid obstacles of a certain height. 
Both repertoires are impressive on paper, but one would, perhaps, imagine the humanoid 
robot to elicit more amazement, it being more complex (18DOF as opposed to 15DOF) and 
the fact that it is in the general shape of a human.  The opposite turns out to be the case.  The 
humanoid certainly impresses, as shown by intense silence punctuated by surprised gasps.  
However the puppy-bot has the ability to consistently evoke a reaction of unbridled 
amazement and glee with its antics.  Part of the answer, perhaps, comes from the level of 
expectation.  We do not expect much of a puppy except to waddle around and act cute.  And 
the puppy-bot does this in spades.  Human behaviour, however, generally tends to be 
considerably more sophisticated.  So when a humanoid robot walks, we do not consider 
what a difficult task this was to program (or perhaps evolve), but how inefficient it appears 
compared to human walking.  And so on with other behaviours and abilities.  Perhaps 
another factor is the popular media portraying CGI robots doing amazing tricks, beside 
which our real robots cannot compete (yet).  And perhaps the third issue is a certain element 
of latent fear.  The robot looks (marginally) like us, can locomote  somewhat like us - in 10 
years time will it be looking to take over our jobs?   

         
Figure 3. The puppy-bot (left) and Bioloid humanoid robot (right) 
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Figure 4. On the right the Bioloid Motion Editor with 18-DOF Bioloid humanoid.  The 
current pose is shown in the main box, the pose sequence (up to six poses) is shown in the 
lower boxes, the  Behaviour Control Programmer is shown on the left 

6. The creeping mechanisation of society - a philosophical aside 
As AI researchers strive, on one hand, to recreate human-like intelligence in machine form 
on the other hand people are being coerced and cajoled into acting and thinking in an 
increasingly mechanised fashion.  While machines may indeed one day achieve human-level 
intelligence (or beyond), however we define this, the opposite will never be the case.  Indeed 
the gap can only get wider as machinery and its computing ability becomes ever more 
sophisticated.  There are those who argue that there is no real need for concern.  By 
removing the drudgery from many everyday tasks (travelling to work, washing clothes etc.) 
are these machines, in one sense, not acting in exactly the opposite fashion.  In any case, they 
may argue (jokingly or not) that perhaps we are seeing the nascent genesis of a new breed of 
intelligence; "Human mark 2.0" as our natural descendants, as evidenced by the recent rapid 
advances in the field of humanoid robotics, and indeed in evolutionary humanoid robotics 
as we discuss in this article. 
And here lies the nexus of the problem as I see it.  The potential damage may not be so much 
material (ever increasing workloads, tighter schedules, living and working in box-like 
conditions, communications becoming ever more distant and impersonal, etc.) as psychological.  
In the 'battle' between humans achieving machine-like standards of dexterity and speed, and 
machines achieving human-like intelligence there can only be one winner.  Why do so many 
people nowadays turn increasingly to escape from the pressures of "everyday" life (which only 
150 years ago would have been far from "everyday") to alcohol and other drugs?  What is the 
reason for the recent upsurge in depression and associated ills in men, especially young men in 
the advanced societies? For example, in Japan, arguably the most advanced technological nation 
on the planet, increasing numbers of young men are turning "hikikomori" (literally "pulling 
away"), where a significant proportion (by some estimates up to 1% of the entire Japanese 
population) are withdrawing completely from society and locking themselves away in their 
room for several months, and even years at a time.   
Perhaps deep down they feel, or have an inkling of, an ongoing battle in which they have no 
control, in which there can be only one winner, and in which they think they will feel ever 
more redundant.  At least human females (of child-bearing age) can currently perform one 
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task which is impossible for machines: that is to produce the next generation of humanity; 
for men their spheres of dominance over machines in so many areas is being gradually 
whittled away with no end in sight.  Like the native Americans or the Aboriginal races in 
Australia, when faced with what seems an impossible future- many simply give up. 
Fear is insidious.  Fear is pervasive.  And the most insidious and pervasive fear of all is fear 
of the unknown, or in this case fear from an unrecognised source.  It is now time for us to 
address these issues squarely. Rather than blindly embracing future technologies for 
technologies’ sake we should be more critical as to their potential future benefits and 
drawbacks for humanity as a whole .   There may well be significant social implications but 
the consequences of inaction could well have far reaching consequences for us all. 

7. Evolving bipedal locomotion in a real humanoid robot 
Returning to the main theme of this chapter, we have now constructed an accurate model in 
Webots of the Bioloid humanoid robot (Fig.3, right) in order to test our techniques in the real 
world.  As in the case for the simulated experiments we use a genetic algorithm to evolve the 
positions of the joints of the robot at four points in the walk cycle.  An existing interpolation 
function fills in the joint values between these keyframes and the cycle repeats until the robot 
falls over or until a set time limit is reached.  The fitness function used is again a function 
based mainly on the total distance travelled by the robot, this value being doubled if the robot 
finishes ahead of where it started. An additional bias was added for these experiments for 
walking in the forward direction, by adding a value directly proportional to the distance 
travelled forward (rather than any other direction) to the original computed fitness.  This was 
to counteract the robot travelling (albeit quite effectively) in a sideways direction, a pattern 
exacerbated by the increased stability of the Bioloid robot as opposed to its QRIO-like 
counterpart. Because of its importance the field specifying the maximum joint ranges is 
increased from 8 to 16 bits.  Also, an additional four 16-bit fields define the speed of movement 
for each of the four keyframes.  This brings the total genome length to 400 bits (two of the 20 
motor fields are left unused).  The population size is correspondingly increased from 80 to 100 
to accommodate this increase in genome length.  While each robot starts its run from the same 
fixed position ,  it  inherits the initial values for its joints from the final position of the joints in 
the previously evaluated robot; the first robot of the following generation, which was 
guaranteed safe passage by the elitist mechanism, inherits the starting positions of its joints 
from the final position of the joints of the last robot of the previous generation.  This ensures a 
degree of robustness in the walks generated by the evolutionary process; also because of this 
the maximum fitness values from generation to generation can fall as well as rise. Our 
previous work involved evolving a subset of the Bioloid robots' joints (Eaton, 2007), however a 
recent upgrade of the Webots software allowing for the detection of internal collisions has 
allowed us to extend the evolution to the full 18 joints of the Bioloid humanoid.  
Fig.5 shows the maximum and average fitness together with the allowed joint range 
averaged over three runs for the 18-DOF simulated Bioloid humanoid.  We see that around 
generation 150 the maximum fitness begins an approximately linear increase as walking 
patterns develop; after generation 250 this corresponds to quite a stable walk in the forward 
direction.  Fig.6 shows a walk evolved in the Webots simulator and Fig.7 demonstrates this 
walk as transferred to the Bioloid humanoid.  This walk corresponds to a quite rapid but 
slightly unstable walk in the forward direction.  The transfer to the real robot is not perfect 
due to some small inconsistencies between the Webots model and the actual robot 

Evolving Humanoids:  Using Artificial Evolution as an Aid in the Design of Humanoid Robots 

 

135 

indicating work remains to be done to fully "cross the reality gap"  (Lipson et al., 2006) but 
our current results are very promising. 

18-DOF  Bioloid Humanoid locomotion
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Figure 5. Maximum fitness, average fitness and joint range averaged over 3 runs for the 18-
DOF Bioloid humanoid 

    
Figure 6. An evolved walk for the Bioloid humanoid 

         
Figure 7. Two keyframe values for the evolved walk as transferred to the real robot 
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indicating work remains to be done to fully "cross the reality gap"  (Lipson et al., 2006) but 
our current results are very promising. 
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Figure 5. Maximum fitness, average fitness and joint range averaged over 3 runs for the 18-
DOF Bioloid humanoid 

    
Figure 6. An evolved walk for the Bioloid humanoid 

         
Figure 7. Two keyframe values for the evolved walk as transferred to the real robot 
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8. Discussion and conclusions 
Following an initial introduction to the twin topics of evolutionary robotics and humanoid 
robotics, we discussed their recent convergence in the new field of evolutionary humanoid 
robotics.  After presenting a survey of recent work in this field by other researchers, we 
introduced our own work in the area of evolving bipedal locomotion in a simulated high-
DOF humanoid.  After a brief discussion on the important topic of benchmarking future 
mobile robot performances we introduced our current hardware platform, and the 
implementation of locomotion, evolved in simulation using the Webots simulator, on the 
Bioloid platform for an 18-DOF humanoid robot. Advantages of our approach include its 
adaptability and the ability to generate life-like behaviours without the provision of detailed 
domain knowledge. While certain questions remain to be addressed, including the potential 
scalability of this approach to the generation of highly complex behaviours, the field of 
evolutionary humanoid robotics should prove a useful and powerful tool for future 
designers of humanoid robots. 
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1. Introduction  
 In the last years, thanks to the great advancements in computing technology, Evolutionary 
Algorithms (EA) have been proposed with remarkable results as robust optimisation tools 
for the solution of complex real-time optimisation problems. In this chapter we review the 
most important results of our research studies concerning the design of EA-based schemes 
suitable for real-time optimisation problems for Nonlinear Model Based Predictive Control 
(MBPC). In the first part of the chapter it will be discussed some modifications of a standard 
EA in order to address some real-time implementation issues. 
The proposed extension concerns the adoption of a new realtime adaptive mutation range to 
generate smooth commands, and the adoption of an intermittent feedback to face the 
computational delay problem. It will be shown that the main advantage of the improved 
technique is that it allows an effective real-time implementation of the Evolutionary-MBPC 
with a limited computing power. The real-time feasibility of the proposed improved 
Evolutionary-MBPC will be demonstrated by showing the experimental results of the 
proposed method applied to the control of a laboratory flexible mechanical system 
characterized by fast dynamics and a very small structural damping. 
Later, the application of real-time EAs is extended to real-time motion planning problems 
for  robotic systems with constraints either on input and state variables. Basing on a finite 
horizon prediction of the future evolution of the robot dynamics, the proposed EA-based 
device online preshapes the reference trajectory, minimizing a multi-objective cost function. 
The shaped reference is updated at discrete time intervals taking into account the full 
nonlinear robot dynamics, input and state constraints. A specialized Evolutionary 
Algorithm is employed as search tool for the online computation of a sub-optimal reference 
trajectory in the discretized space of the control alternatives. The effectiveness of the 
proposed method and the online computational burden are analyzed numerically in two 
significant robotic control problems. 

2. Improved evolutionary predictive controllers for real-time application 
Part of the following article has been previously published in: M.L. Fravolini, A. Ficola, M. La Cava, 
“Improved Evolutionary Predictive Controllers for real time application”, Control and Intelligent 
Systems, vol. 31, no.1, pp.16-29,2003, Acta Press, Calgary Canada, ISSN: 1480-1752(201) . 
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The employment of a model of a dynamical system to plan in real-time optimal control 
policies is a very attractive approach for the generation of sophisticated and effective control 
laws. The Model Based Predictive Control (MBPC) is based on this idea. In the last years, 
much progress has been made toward the development of the stability theory of nonlinear 
MBPC   (Maine &  Michalaska, 1993; Scokaert et al., 1999; Gyurkvics, 1998) , but the resulting 
algorithms are quite difficult to be implemented in real-time. The difficulty in the 
implementation of nonlinear MBPC lies in the fact that a constrained non-convex nonlinear 
optimization problem has to be solved on-line. Indeed, in the case of nonlinear dynamics, 
the optimization task is highly computationally demanding and, for this reason, the online 
optimization problem is an important issue in the implementation of MBPC (Camacho &  
Bordons, 1995). The undesirable effects caused by the numerical optimization are mainly 
two. The first is due to the time required by the optimization procedure to compute a 
solution; this time is often much longer than the sampling time, thus introducing a 
significant delay in the control loop. The second effect is related to the fact that, in general, a 
numerical algorithm for nonlinear constrained MBPC cannot guarantee the optimality of the 
solution.  
The complexity of the online optimization problem is strictly related to the structure of the 
nonlinear dynamics and also to the number of the decision variables and to the constraints 
involved. Many approaches have been proposed to face the online optimization task in 
nonlinear MBPC; a widely applied approach consists of the successive linearization of the 
dynamics at each time step and of the use of standard linear predictive control tools to 
derive the control policies, as proposed in (Mutha et. Al., 1997; Ronco et Al. 1999). Although 
these methods greatly reduce the computational burden, the effect of the linearization could 
generate poor results when applied to the real nonlinear system. Other methods utilize 
iterative optimization procedures, as Gradient based algorithms or Sequential Quadratic 
Programming techniques ( Song &  Koivo 1999). These methods, although can fully take into 
account the nonlinear dynamics of the system, suffer from the well known problem related 
to local minima. A partial remedy is to use these methods in conjunction with a grid search 
as proposed in (Fischer et al., 1998). Another approach is represented by discrete search 
techniques as Dynamic Programming (Luus, 1990) or Branch and Bound (Roubos et Al. 
1999) methods. In this approach the space of the control inputs is discretized and a smart 
search algorithm is used to find a sub optimum in this space. The main advantages of search 
algorithms are that they can be applied regardless of the structure of the model; 
furthermore, the objective function can be freely specified and it is not restricted to be 
quadratic. A limitation of these methods is the fast increase of the algorithm complexity 
with the number of decision variables and grid points, known as “the curse of the 
dimensionality”.  
In the last years, another class of search techniques, called Evolutionary Algorithms (EAs), 
showed to be quite effective in the solution of difficult optimal control problems (Foegel, 
1994; Goldberg 1989). Although at the beginning the largest part of the EA applications were 
developed for offline optimization problems, recently, thanks to the great advancements in 
computing technology, many authors have applied with remarkable results EAs for online 
performance optimization in the area of nonlinear and optimal control. Porter and Passino 
showed clearly that Genetic Algorithms (GA) can be applied effectively either in adaptive 
and supervisory control (Porter & Passino, 1998; Lennon & Passino 1999) or as nonlinear 
observers (Porter & Passino 1995). Liaw (Liaw & Huang 1998) proposed a GA for online 
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learning for friction compensation in robotic systems. In references (Fravolini et Al. 1999 (a); 
Fravolini et Al. (b)) the authors proposed to apply EAs for the online trajectory shaping for 
the reduction of the vibrations in fast flexible mechanical systems. 
Recently, some authors have pointed out the possibility of applying EAs as performance 
optimizer in MBPC. Onnen in (Onnen et Al., 1999) proposed a specialized GA for the 
optimization of the control sequence in the field of process control. He showed the 
superiority of the evolutionary search method in comparison to a branch-and-bound 
discrete search algorithm. Similar algorithms have been also proposed in (Martinez et Al. 
1998; Shin & Park, 1998).  
Although very interesting from a theoretical point of view, all these studies were carried out 
only by means of simulations and scarce attention was paid to computational and real-time 
implementation issues; furthermore, to the best of our knowledge, no practical application 
of this technique has been reported in literature.  In the first part of this paper, therefore, we 
discuss in details some practical real-time implementation issues of the evolutionary MBPC 
that have not been discussed in (Onnen et Al., 1999; Martinez et Al. 1998; Shin & Park, 1998). 
In fact, we experimented that the application the algorithm [19] could generate practical 
problems. As noticed also in (Roubos et Al. 1999), the suboptimal command signal often 
exhibits excessive chattering that cause unnecessary solicitations of the actuation system. To 
cope with this problem we propose to improve the basic algorithm (Linkens, 1995) by 
applying an online adaptation of the search space by defining a new adaptive mutation 
operator. We will show that smoother solutions can be obtained without significant 
degradation of the performance.  A second aspect that should be faced is the computational 
delay that originates when computational intensive algorithms, as EAs, are applied for real-
time optimization. This aspect is particularly important in the case of a limited 
computational power and fast sampling rates. To overcome this problem we modified the 
basic algorithm by inserting an intermittent feedback strategy. The advantage of this 
strategy is the possibility of decoupling the computing time by the system sampling time; 
this makes the EA based optimization procedure more flexible than the basic one for real-
time implementation.  
Another aspect that has not been discussed in previous works is the analysis of the 
repeatability of the control action of the EA based MBPC; this aspect is strictly related to the 
reliability of the proposed strategy. This issue has been addressed by means of a stochastic 
analysis. The first part of the paper terminates with a comparison of the performance 
provided by the improved EAs and an iterative gradient-based optimization procedure. In 
the second part of the paper we report the experimental results obtained by implementing 
the improved algorithm for the real-time MBPC of a nonlinear flexible fast-dynamic 
mechanical system. 

3. Nonlinear Predictive Control  
 Model Based Predictive Control includes a wide class of control strategies in which the 
control law is derived on the basis of the estimation of the future evolution of the system 
predicted by a model. A nonlinear MBPC is based on the following  three main concepts 
(Garcia et Al. 1989; Levine, 1996): 
A) the use of a model to predict the future evolution of the real system; 
B) the online computation of the optimal control sequence, by minimizing a defined index of 
performance that quantifies the desired behavior; 
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The employment of a model of a dynamical system to plan in real-time optimal control 
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showed clearly that Genetic Algorithms (GA) can be applied effectively either in adaptive 
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C) the receding horizon: only the first value of the optimal sequence is applied; then the 
horizon is shifted one sample in the future and a new sequence is recalculated.  
One of the main advantages of the MBPC  is the possibility to handle general constraints 
either on the inputs or on state variables. A block diagram of a MBPC is shown in Fig. 1. 
• The Model and the System: In MBPC the model of the system is expressly used to 

compute the control law; for this reason the model should be as accurate as possible. 
There is no restriction on the structure of the model. If complete physical insight on the 
system is available, the model could be analytically expressed in state space form; on 
the other hand, if only a scarce knowledge is available, a black box model can be 
employed. In the last case, the system is often implemented by a neural network or a 
fuzzy system.  
Remark 1: In most of the applications, the system block in Fig. 1 represents the open loop 
dynamics of the nonlinear systems; however in some applications it can comprise either 
a preexistent inner control loop or an expressly designed feedback controller. In the first 
case as in (Shiller & Chang, 1995) the MBPC is employed to improve the performance of 
the existing feedback controller. In the second case as in (Fravolini et Al., 2000) an inner 
feedback controller is designed in order to directly compensate the effects that are 
difficult to be included in system prediction model, as friction and stiction.  

• The Optimal Control Law: In MBPC the optimal command sequence u*(k) is determined 
as the result of an optimization problem at each sampling instant. All the performance 
specifications are quantified by means of a cost index. An index, which is often 
employed, is the following one: 
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The first term of J evaluates the square error between the desired future output signal 
yd(k+j) and the predicted future output ˆ( | )+y k j k , estimated on the basis of the 
prediction model and the feedback information available at instant k. This error is 
evaluated over a defined prediction horizon, which is a window of  N2 - N1 samples. The 
second term of J is the control contribution over the control horizon window of Nu 
samples, where ( Δu(k) = u(k)- u(k-1) ). Coefficients kp  and kq  weights the different 
terms of J. The term J1 is a further cost function that can be used to take into account 
other specifications or constraints. MBPC is mainly used in conjunction with constraints 
on the amplitude and the rate of variation of the input and output variables, namely: 

 +−+− Δ<Δ<Δ<< UkuUUkuU )()(   (2) 

 +−+− Δ<Δ<Δ<< YkyYYkyY )()(   (3) 

The fulfillment of the constraints (2) are required to take into account the practical 
limitations of the actuation system, while constraints (3) can prevent the system to work 
in undesirable regions. The minimization of index J is performed with respect to the 
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decision variables, which is the sequence of the control increments: 
)]1(,),1(),([ −+Δ+ΔΔ uNkukuku L . 

• The receding horizon and the feedback filter: In the receding horizon strategy only the first 
sample of the optimal sequence u*(k+j) is applied to the system; subsequently, the 
horizon is shifted one step in the future and a new optimization is repeated on the basis 
of the measured feedback information. In the basic form, the horizons are shifted at 
each sampling instant. Although this strategy introduces feedback information in the 
control loop at the sampling rate, this can require a large computational power in the 
online implementation; on the other hand (see section 6), it is possible to decrease the 
computational burden by applying an intermittent feedback (Ronco et Al., 1999). The 
structure and complexity of the feedback filter depends on the strategy employed to 
insert the feedback information in the optimization process. In the simplest case the 
filter is low-pass and is used only to reduce the measurement noise. This approach is 
often used in conjunction to input-output models where the measured output is mainly 
used to recover steady state errors. In case of state space models, the feedback filter 
could be more complex: it can be either a bank of filters used to estimate derivatives or 
integrals, or a model based nonlinear observer. In the last case the possibility to recover 
the system states allows periodic system/model realignment. The realignment prevents 
excessive drift of the prediction error when a long-range prediction is required. 
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Figure 1.  Nonlinear Model Predictive control 

4. The benchmark laboratory nonlinear system  
The performance of the improved Evolutionary MBPC has been experimentally tested on a 
nonlinear laboratory flexible mechanical system. The system is composed of a flexible beam 
clamped at one end; a controlled pendulum is hinged on the free tip and is used to damp 
out the beam oscillations; the motion occurs in the horizontal plane. A DC motor is 
employed to regulate the angular position of the pendulum in order to damp out the 
vibrations on the flexible beam. Fig. 2 shows the experimental set-up. The system is 
characterized by a very small structural damping and its stabilization in a short time 
represents a significant test because of the fast dynamics and the presence of oscillatory 
modes that require either an accurate model or a short sampling time or a long prediction 
horizon. This situation is known to be critical in the implementation of MBPC algorithms. 
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Figure 2. The laboratory benchmark flexible systems  
Fig. 3a shows the mechanical model of the system, the main parameters of which are 
reported in table 1. The system is equipped with optical encoders that allow the 
measurement of the tip deflection r and the angle φ of the pendulum (since the beam 
deflection is small we exploited the relation r≅L⋅θ). Because of the most of the vibration 
energy is associated to the first vibration mode of the beam, its dynamics can be described 
with a sufficient accuracy by a mass-spring-damper mechanical system (Fig. 3b). The 
equations of motion of a flexible mechanical system moving in a horizontal plane are of the 
form: 
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Figure 3.  The structure (a), and its model (b) 
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M 0.689 kg Mass of the beam 
m 0.070 kg Mass of the pendulum 
L 1.000 m Length of the beam 
l 0.086 m Length of the pendulum 

1K 25.3 Nm/rad Elastic coeff. of the beam 

1C  0.008 Nm/s rad Damping coeff. of the beam 

2C  0.050 Nm/s rad Damping coeff. of the pendulum 

Table 1. Parameters of the Model 

where B is the inertia matrix, C comprises Coriolis, centrifugal, stiffness and damping terms, 
q=[θ φ]Τ is the vector of Lagrangian coordinates and Q is the generalized vector of the input 
forces. By applying the standard Lagrangian approach the following model matrices were 
obtained: 
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where τ is the control torque and the term Ccou represents the Coulomb friction coefficient 
acting on the motor; this term cannot be modeled accurately. The inaccuracy produced by 
this uncertainty can generate a significant discrepancy between the simulated and the real 
pendulum position. A method of compensating for modeling errors that cause inaccuracies 
in the estimation of the pendulum angle is to redefine the model such that the input is not 
the motor torque τ, but rather the motor position φ(t) and its derivatives (Geniele et Al., 
1997)]. In this case, using an inner position feedback controller (for instance, a PD 
controller), it is possible to track accurately a reference trajectory φd(t). If the desired 
trajectory is smooth, the tracking error can be very small. In this case we can assume 
φ(t)≅φd(t) and the variables ( ), ( ), ( )φ φ φ& &&

d d dt t t  are the new inputs to the model (5). By 
applying this strategy it is possible to recast the model equations (4-5) obtaining a reduced 
order model relating the motor position φd(t) to the beam deflection θ(t). The reduced 
dynamics satisfy the equation: 

 11 12 1 , , , 0φ θ φ φ θ φ θ φ+ + =&& && & &
d d d d db b c( ) ( ) ( )  (6) 

where b11,b12,c1 are the entries of matrix B and vector C. Equation (6) describes the nominal 
model used for the prediction by the MBPC.  
Since a MBPC is discrete time device, it updates the outputs at a defined sampling rate Ts, 
the control  inputs φdes(t) and its derivatives are kept constant during a sampling interval 
[kTs, (k+1)Ts] by a zero-order hold filter. The decision variables for the optimization problem 
(1) are the control increments:  
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acting on the motor; this term cannot be modeled accurately. The inaccuracy produced by 
this uncertainty can generate a significant discrepancy between the simulated and the real 
pendulum position. A method of compensating for modeling errors that cause inaccuracies 
in the estimation of the pendulum angle is to redefine the model such that the input is not 
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model used for the prediction by the MBPC.  
Since a MBPC is discrete time device, it updates the outputs at a defined sampling rate Ts, 
the control  inputs φdes(t) and its derivatives are kept constant during a sampling interval 
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The desired position φd(t) and velocity ( )φ&d t  are computed by numerical integration using 
the 4th order Runge Kutta method. The EA based MBPC procedures was written in C code 
and run in real-time on a dSPACE 1003 DSP board, based on a TMS320C40 DSP. 

5. Evolutionary Algorithms 
Evolutionary Algorithms are multi point search procedures that reflect the principle of 
evolution, natural selection, and genetics of biological systems (Goldberg, 1989; Porter & 
Passino 1998). An EA explores the search space by employing stochastic rules; these are 
designed to quickly direct the search toward the most promising regions. The EAs work 
with a population of solutions rather than a single point; each point is called chromosome. A 
chromosome represents a potential solution to the problem and comprises a string of 
numerical and logical variables, representing the decision variables of the optimization 
problem. An EA maintains a population of chromosomes and uses the genetic operators of 
“selection” (it represents the biological survival of the fittest ones and is quantified by a 
fitness measure that represents the objective function), “crossover ” (which represents 
mating), and “mutation” (which represents the random introduction of new genetic 
material), to generate successive generations of populations. After some generations, due to 
the evolutionary driving force, the EA produces a population of high quality solutions to the 
optimization problem.  
The implementation of an EA can be summarized by the following sequence of standard 
operations: 
1. (Randomly) Initialize a population of N solutions 
2. Calculate the fitness function for each solution 
3. Select the best solutions for reproduction 
4. Apply crossover and mutation to selected solutions 
5. Create the new population 
6. Loop to step 2) until a defined stop criterion is met 
The implementation of the evolutionary operators of selection, crossover and mutation is 
not unique. The first and most known EA is the simple GA (Goldberg 1989), but a large 
number of modifications have been proposed and applied by many authors. In this paper, 
the attention will be focused mainly on the evolutionary operators expressly designed for 
MBPC. These operators were introduced in previous works (Fravolini et Al. 1999 (a); 
Fravolini et Al. (b)) and tested by mean of extensive simulation experiments. Some of these 
operators are similar to the corresponding ones reported by (Onnen, 1997; Martinez, 1998) 
and constitute a solid, tested and accepted base for Evolutionary MBPC. 

5.1 The Standard Evolutionary MBPC operators 
• Fitness function: The natural choice for the cost function to be minimized online is 

represented by the index J in (1). Since in the EA literature it is more common to refer to 
fitness function optimization than to cost function minimization, the following fitness 
function is defined: 
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• Decision variables: The decision variables are the sequence of the future Nu input 
increments Δu(k+j)  in (7). 

• Chromosome structure and coding: A chromosome is generated by the juxtaposition of the 
coded sequence of input increments (7). Concerning the codification of the decision 
variables, some alternatives are possible. Binary or decimal codifications, although used 
in many simulative studies as in (Onnen, 1997; Martinez, 1998), are not particularly 
suited in the real-time application due to the time consuming coding and decoding 
routines. Real and integer coded variables do not require any codification; but the 
evaluation of evolutionary operators for real numbers is slower than the corresponding 
routines working with integers; therefore, in this work a decimal codification was 
employed. A coded decision variable x can assume an integer value in the range 
Ω: 0,…L0,…Lx where Lx represents the discretization accuracy; this set is uniformly 
mapped in the bounded interval +− Δ≤Δ≤Δ UuU . L0 is the integer corresponding to 
Δu=0; The i-th chromosome in the population at t-th generation is a vector of integer 
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variables Δu(k) can be obtained by the following decoding scheme: 
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where ΔU=| ΔU+- ΔU-|/Lx is the control increment resolution. The sequence of the 
applied controls is: 

 uNjjkujkujku ,...,1)()1()( =+Δ++−=+   (10) 

• Selection and Reproduction : 
Selection and reproduction mechanisms act at two different levels during the on-line 
optimization: 
• Selection and Reproduction within time interval k. Since a limited computational time 

is available within the time interval k, it is essential to not loose the best solutions 
during the evolution and to use them as “hot starters” for the next generation. For 
this reason a steady state reproduction mechanism is used, namely the best S 
chromosomes in the current generation pass unchanged in the next one. The 
remaining part of the population is originated on the basis of a rank selection 
mechanism: given a population of size N, the parent solutions are selected within 
the mating pool of the best ranked D individuals. This approach is similar to the 
algorithm described in (Yao & Sethares, 1994).  

• Heredity (between time interval k and k+1). At the beginning of the k+1-th time 
interval, since the horizon is shifted one step in the future, the genes of the best S’ 
chromosomes are shifted back of one location within the chromosome; in this way 
the first values are lost and replaced by the second ones and so on. The values on 
the last positions are simply filled by keeping the current value. The shifted S’ 
chromosomes represent the “hot starters” for the optimization in the k+1-th time 
interval; the remaining N-S’ chromosomes are randomly generated. 
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• Crossover: Uniform crossover has been implemented. Given two selected chromosomes 
Xit and Xjt, two corresponding variables are exchanged with a probability pc, namely: 
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• Mutation: Mutation is applied with probability pm to each variable of a selected 
chromosome Xi, according to: 
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where )(Δrand  is a random integer in the range [-Δx,+Δx] and Δx is the maximum 
mutation amplitude. 

• Constraints: During the optimization it is possible that a decision variable t
jix ,  (due to 

mutation) violates the maximum or minimum allowed value in Ω; this can be easily 
avoided by applying the following threshold operators: 
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The application of (13) automatically guarantees that +− Δ≤Δ≤Δ UuU . Similarly, the 
fulfillment of constraint +− ≤≤ UuU  is guaranteed by applying the thresholds: 
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It is also possible to take into account other constraints as (3) by employing the penalty 
function strategy.  

• Termination criterion: In a real-time application the termination criterion must take into 
account the hard bound given by the real time constraint; this implies that the 
maximum number of generations is limited by the fulfillment of this constraint. When 
the real-time deadline is met, the optimization is stopped, and the first decoded value of 
the best chromosome Δu*(k) is applied to the system.  

 6. Improved Operators for Real-Time Implementation  
The following sections describe the improvements of the standard algorithm reported in 
section 4 that we propose to apply in the real-time implementation. Some of these operators 
are not new in the field of MBPC; however, the novelty consists of the adaptation of these 
concepts within an Evolutionary real-time optimization procedure. 
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6.1 Adaptation of the search space 
The employment of a discrete search technique to minimize the index (1) introduces a 
tradeoff between the number of discrete control alternatives and the computational load 
required for the exploration of the discrete space. The performance of an EA, although it 
does not perform an exhaustive exploration of the search space, is anyway influenced by the 
dimensionality of the grid; this aspect is particularly relevant in real-time applications 
where the computing time is limited. A coarse discretization could generate unsatisfactory 
results as undesired oscillations of the output variable, while a too fine grid could require a 
prohibitive time to locate a satisfactory solution. The problems related to the excessive 
chattering in the control signal or in controller gains have been previously mentioned by 
other authors as in (Roubos et Al., 1999; Lennon & Passino, 1999). By applying a scaling 
factor to the size of the region in which the control alternatives are searched can significantly 
decrease this problem. As proposed in (Sousa & Setnes, 1999), a way to achieve this goal is 
to adapt the dimension of the search space depending on the predicted deviation of the 
output from the desired reference signal. When the prediction error keeps small within the 
prediction horizon, it is probably not convenient to explore the whole allowed region of the 
control alternatives; rather, it is opportune to concentrate the search around the origin. On 
the other hand, when a large error is predicted, the range of the control alternatives should 
be large to enable a fast recover.  
In the context of evolutionary MBPC, the exploration of new regions is mainly carried out 
by the application of the mutation operator (12) that causes a random incremental variation 
in the range ±Δx around the current value. For this reason, we propose to improve the basic 
algorithm by conveniently scaling during the real-time operation the mutation range Δ  by 
means of an adaptive gain ]1,0[)( ∈α k . The adaptive mutation range is therefore defined as: 

 xkk Δ⋅α=Δ )()(   (15) 

Different criteria can be used to adapt the parameter α(k). In (Sousa, 1999) the adaptation of 
the parameter α(k) is carried out by means of a fuzzy filter on the basis of the current 
estimation error and the current change of error. In this work we propose to adapt the 
parameter in function of the predicted mean absolute output error *E  for the best solution: 
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*E  is a meaningful index because it takes into account not only the current value of the 
error but also the predicted behavior of the estimation error. When )(* kE  is small, α(k) 

should be small to allow a fine regulation near the steady state; otherwise, when )(* kE  is 
large, α(k) should be large to allow big corrections. The following law defines a possible 
scaling: 

 )/*exp(1)( 2 σ−−=α Ek   (17) 

where σ> 0 is a parameter that regulates the adaptation speed. The proposed law has only 
one design parameter (σ) that is not really critical and, thus, allows for the use of some 
heuristics to cope with the uncertainty in its definition. By employing the adaptive law (15), 
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It is also possible to take into account other constraints as (3) by employing the penalty 
function strategy.  

• Termination criterion: In a real-time application the termination criterion must take into 
account the hard bound given by the real time constraint; this implies that the 
maximum number of generations is limited by the fulfillment of this constraint. When 
the real-time deadline is met, the optimization is stopped, and the first decoded value of 
the best chromosome Δu*(k) is applied to the system.  

 6. Improved Operators for Real-Time Implementation  
The following sections describe the improvements of the standard algorithm reported in 
section 4 that we propose to apply in the real-time implementation. Some of these operators 
are not new in the field of MBPC; however, the novelty consists of the adaptation of these 
concepts within an Evolutionary real-time optimization procedure. 
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the choice of the maximum mutation amplitude Δx is no more critical, because the adaptive 
gain α(k) scales its range accordingly. 

6.1.1 A simulation example 
To show the effect of the adaptation of the search space we report the results of a simulation 
study performed on the model of the mechanical system (6). The decision variables is the 
sequence (7). To find suitable values for the setting of the MBPC parameters some trials 
were performed. The length of prediction horizon was chosen in order to cover a complete 
period of oscillation of the first mode of vibration of the beam; shorter horizons gave 
unsatisfactory responses, that is a very long stabilization transient. In the simulation we 
chose equal values for the prediction and control horizons; the final values were: 
N1=0,N2=Nu=32; the sampling time was Ts=0.04s (this implies a horizons length of Nu ·Ts 
=1.28s). The other parameters of the MBPC are reported in table 2.  
Since the scope of the control system is to damp out the oscillations of the tip position r(k) of 
the beam (r(k) ≅L·θ(k))       (see Fig. 3), we assumed as the desired target position the 
trajectory  yd(k)= θd(k)=0; the resulting objective function is:  
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4000=xL  1000=Δ X  001.0=σ  32uN =   

Table 2. Parameters of the MBPC 

It is worth noting that, although cost function (18) is different from index (1), it does not 
influence the functionality of the EA. In index (18), no cost is added to weight the 
contribution of the control effort, because it was observed in the real implementation that 
the most important constraint on the control signal is imposed by its rate of variation, due to 
the limited bandwidth of the actuator. The constraint -8<Δu(k)<8 allows the generation of 
reference signal that can be accurately tracked by actuator. Fig. 4a shows the response of the 
controlled system in the case of no adaptation of the mutation range; in the same figure it is 
also reported the uncontrolled response (dotted line). Fig. 4b shows the same response in the 
case that the adaptive law of the mutation range is active. While in the two cases a not 
significant difference in the performance variable is observed, on the other hand, a big 
discrepancy is present in the sequence of the control input increments (Fig. 5a-b). In the case 
of fixed mutation range the control increments exhibit an excessive chattering also when the 
system is near the steady state. The presence of persistent spikes in the control signal is due 
to the difficulty of the basic algorithm to select a smooth sequence of small increments in a 
large space of control alternatives in a limited number of generations. In the case of 
adaptation of the mutation range, the control increments are more reasonable.  Fig. 6 a-b 
shows the control signals applied to the system in the two cases. Although an unavoidable 
chattering is present during the transitory, it completely disappears when the system is near 
the steady state. This example shows that the adaptive reduction of the dimensionality of 
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the search alternatives helps the algorithm to select a sufficiently smooth signal able to drive 
the mechanical system to the steady state; furthermore, the adaptive mutation range does 
not degrade the performance of the controlled system. For this reason the adaptive mutation 
ranges represent a valid improvement of the basic algorithm for real-time Evolutionary 
MBPC of the system under inspection. Fig. 7 shows the adaptation of the gain α(k) during 
the transitory. 
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Figure 4.  Tip position (controlled and free) without the adaptation of the search space (a), 
and with the adaptation of the search space (b) 
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Figure 5. Control input increments without the adaptation of the search space (a), and 
control input increments with the adaptation of the search space (b) 
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the choice of the maximum mutation amplitude Δx is no more critical, because the adaptive 
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to the difficulty of the basic algorithm to select a smooth sequence of small increments in a 
large space of control alternatives in a limited number of generations. In the case of 
adaptation of the mutation range, the control increments are more reasonable.  Fig. 6 a-b 
shows the control signals applied to the system in the two cases. Although an unavoidable 
chattering is present during the transitory, it completely disappears when the system is near 
the steady state. This example shows that the adaptive reduction of the dimensionality of 
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the search alternatives helps the algorithm to select a sufficiently smooth signal able to drive 
the mechanical system to the steady state; furthermore, the adaptive mutation range does 
not degrade the performance of the controlled system. For this reason the adaptive mutation 
ranges represent a valid improvement of the basic algorithm for real-time Evolutionary 
MBPC of the system under inspection. Fig. 7 shows the adaptation of the gain α(k) during 
the transitory. 
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and with the adaptation of the search space (b) 
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Figure 6. Control signal without the adaptation of the search space (a), control signal with 
the adaptation of the search space (b) 
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Figure 7. Online adaptation of gain )(kα  

6.2 The computational delay problem  
The implementation of a MBPC procedure implies the online optimization of the cost index 
J at every sampling period Ts. In most of theoretical and simulation studies concerning the 
MBPC, the problems related to the computational delay, that is the CPU time Tc required for 
the numerical optimization of index (1), are seldom taken into account. In the ideal situation 
(Tc=0), the optimal control signal applied in the m-th sampling interval depends directly on 
the current state, x(kTs), at the same instant. Under this hypothesis the optimal control law is 
defined by the following function fs(·): 

 ( ) [ ]* ( ) ( ), ( ), , ( 1)= ∈ +k s s s s su t f x kT u kT t t mT m T   (19) 

Although this hypothesis can be reasonable in some particular cases, the computational 
delay is a major issue when nonlinear systems are considered, because the solution of a 
nonlinear dynamic optimization problem with constraints is often computationally 
intensive. In fact, in many cases the computation time Tc required by the optimization 
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procedure could be much longer than the sampling interval Ts, making this control strategy 
not implementable in real-time. Without loss of generality we assume that the computing 
time is a multiple of the sampling time: 

 c sT H T= ⋅  (20) 

where H is an integer. The repetition of the optimization process in each sampling instant is 
related to the desire of inserting robustness in the MBPC by updating the feedback 
information at the beginning of each sampling interval (Ts) before the new optimization is 
started. Generally, the mismatches between system and model cause the prediction error to 
increase with the prediction length and for this reason the feedback information should be 
exploited to realign the model toward the system to keep the prediction error bounded. The 
simplest strategy to take into account the system/model mismatches is to use a parallel 
model and to add the current output model error )(ˆ)()( kykyke −=  to the current output 
estimation. In this way the improved prediction to be used in index (1) is: 

 1 2ˆ ˆ( ) ( ) ( ) ,...,y k j y k j e k j N N+ ← + + =  (21) 

This approach works satisfactory to recover steady state errors and for this reason it is 
widely used in process control and in presence of slow and not oscillatory dynamics 
(Linkens & Nyongesa, 1995). In case a white box model of the system is available, a more 
effective approach is to employ the inputs and the measured outputs to reconstruct the 
unmeasured states of the system by means of a nonlinear observer (Chen, 2000); this allows 
a periodic realignment of the model toward the system. 

6.2.1 Intermittent feedback 
In the case the prediction model generates an accurate prediction within a defined horizon, 
it is not really necessary to perform the system/model realignment at the sampling rate Ts. 
As proposed in (Chen et Al., 2000) an intermittent realignment is sufficient to guarantee an 
adequate robustness to system/model mismatches. Following this approach, the effects of 
the computational delay are overcome by applying to the system, during the current 
computation interval [kTc,(k+1)Tc], not only the first value of the optimal control sequence 
yielded in the previous computation interval [(k-1)Tc,kTc], but also the successive H-1 values 
(Tc=H·Ts). When the current optimization process is finished, the optimal control sequence is 
updated and the feedback signals are sampled and exploited to perform a new realignment; 
then a new optimization is started. By applying this strategy the realignment period is 
therefore equal to the computation time Tc. According to this approach the system is open 
loop controlled during two successive computational intervals and the optimal control 
profile during this period is defined by the following function fc(·): 
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where ( )tu kk
*

1| −  is the predicted sequence to be applied in the k-th computational interval 

that has been computed in the previous interval. The main advantage of the intermittent 
feedback strategy is that it allows the decoupling between the system sampling time Ts and 
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6.2 The computational delay problem  
The implementation of a MBPC procedure implies the online optimization of the cost index 
J at every sampling period Ts. In most of theoretical and simulation studies concerning the 
MBPC, the problems related to the computational delay, that is the CPU time Tc required for 
the numerical optimization of index (1), are seldom taken into account. In the ideal situation 
(Tc=0), the optimal control signal applied in the m-th sampling interval depends directly on 
the current state, x(kTs), at the same instant. Under this hypothesis the optimal control law is 
defined by the following function fs(·): 

 ( ) [ ]* ( ) ( ), ( ), , ( 1)= ∈ +k s s s s su t f x kT u kT t t mT m T   (19) 

Although this hypothesis can be reasonable in some particular cases, the computational 
delay is a major issue when nonlinear systems are considered, because the solution of a 
nonlinear dynamic optimization problem with constraints is often computationally 
intensive. In fact, in many cases the computation time Tc required by the optimization 
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procedure could be much longer than the sampling interval Ts, making this control strategy 
not implementable in real-time. Without loss of generality we assume that the computing 
time is a multiple of the sampling time: 

 c sT H T= ⋅  (20) 

where H is an integer. The repetition of the optimization process in each sampling instant is 
related to the desire of inserting robustness in the MBPC by updating the feedback 
information at the beginning of each sampling interval (Ts) before the new optimization is 
started. Generally, the mismatches between system and model cause the prediction error to 
increase with the prediction length and for this reason the feedback information should be 
exploited to realign the model toward the system to keep the prediction error bounded. The 
simplest strategy to take into account the system/model mismatches is to use a parallel 
model and to add the current output model error )(ˆ)()( kykyke −=  to the current output 
estimation. In this way the improved prediction to be used in index (1) is: 

 1 2ˆ ˆ( ) ( ) ( ) ,...,y k j y k j e k j N N+ ← + + =  (21) 

This approach works satisfactory to recover steady state errors and for this reason it is 
widely used in process control and in presence of slow and not oscillatory dynamics 
(Linkens & Nyongesa, 1995). In case a white box model of the system is available, a more 
effective approach is to employ the inputs and the measured outputs to reconstruct the 
unmeasured states of the system by means of a nonlinear observer (Chen, 2000); this allows 
a periodic realignment of the model toward the system. 

6.2.1 Intermittent feedback 
In the case the prediction model generates an accurate prediction within a defined horizon, 
it is not really necessary to perform the system/model realignment at the sampling rate Ts. 
As proposed in (Chen et Al., 2000) an intermittent realignment is sufficient to guarantee an 
adequate robustness to system/model mismatches. Following this approach, the effects of 
the computational delay are overcome by applying to the system, during the current 
computation interval [kTc,(k+1)Tc], not only the first value of the optimal control sequence 
yielded in the previous computation interval [(k-1)Tc,kTc], but also the successive H-1 values 
(Tc=H·Ts). When the current optimization process is finished, the optimal control sequence is 
updated and the feedback signals are sampled and exploited to perform a new realignment; 
then a new optimization is started. By applying this strategy the realignment period is 
therefore equal to the computation time Tc. According to this approach the system is open 
loop controlled during two successive computational intervals and the optimal control 
profile during this period is defined by the following function fc(·): 
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that has been computed in the previous interval. The main advantage of the intermittent 
feedback strategy is that it allows the decoupling between the system sampling time Ts and 



Frontiers in Evolutionary Robotics 

 

154 

the computing time Tc; this implies a significant decrease in the computational burden 
required for the real-time optimization. On the other hand, a drawback of the intermittent 
feedback is that it inserts a delay in the control action, because the feedback information has 
an effect only after Tc seconds. The evolutionary MBPC algorithms described in (Onnen et 
Al., 1999; Martinez et Al. 1998) do not take into account the computational delay problem; 
therefore, their practical real-time implementation strictly depends on the computing power 
of the available processor that should guarantee the execution of an adequate number of 
generations within a sampling interval [mTs,(m+1)Ts]. The employment of an intermittent 
feedback strategy allows the enlargement of the computation time available for the 
convergence of the algorithm and makes the algorithm implementable in real-time also with 
no excessively powerful processors. 
The choice of the computing time Tc (realignment period) represents an important design 
issue. This period should be chosen as a compromise between the two concurrent facts: 
1. The enlargement of the computing time Tc allows to refine the degree of optimality of 

the solution by increasing the number of generations within an optimization period. 
2. Long realignment periods cause the prediction error to increase, as a consequence of 

system/model mismatches. 

6.2.2.  Effects of the intermittent feedback 
To evaluate the effects of the intermittent feedback we considered two exemplificative 
simulations. 
Reference is made to the model (4-5) of the flexible mechanical system. We investigated the 
following situations: 
Case A) No system/model mismatches (ideal case) 
Case B) Significant modeling error (realistic case) 
Since the Evolutionary MBPC optimization procedure is based on a pseudo randomized 
search, it is unavoidable that the repetition of the same control task generates slightly 
different sub optimal control sequences. For this reason the investigation of the performance 
should be carried out by means of a stochastic analysis by simulating a significant number 
of realizations (in our analysis 20 experiments of 10 seconds each). We choose as 
performance measure the mean and the standard deviation of the mean absolute tracking 
error e  for the tip position of the beam starting from the deflected position 0.1 radθ = , 

0θ =& , 0=φ , 0φ =& . This variable is defined as: 

 
1

1( ) ( , ) 0
endT

m

e m
N

ξ θ ξ
=

= −∑  (23) 

where the (stochastic) variable ξ is used to put into evidence the stochastic nature of the 
variable e . 
• Case A, no model uncertainty: The Evolutionary MBPC is set according to the parameters 

of table 2. The scope of the analysis is to show the effect on the performance caused by 
the enlargement of the computing time. As the computing time Tc is expressed as a 
multiple of the sampling time Ts, its enlargement is obtained by increasing the value of 
the integer H in (20). The analysis is performed by varying the number of the 
generations K that are computed during Tc. The computational power (P) required to 
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make the MBPC controller implementable in real-time is proportional to the number of 
generations K that can be evaluated in a computing interval Tc, namely: 

  /P K H∝   (24) 

Table 3 shows the value of the mean value of variable ( )e ξ  for different values of K and 
H. Some general design considerations can be drawn. The computing power P required 
to implement in real-time the algorithm keeps almost constant along the same diagonal 
of table 3. It is not surprising that, in this ideal case, controllers with the same value of P 
give comparable performance. Actually, the increase of the prediction error with the 
increase of the realignment period has no effect; therefore in case of not significant 
modeling error, given a certain computing power, the choice of the realignment period 
is not critical. 

 
                         H     (Tc=H•Ts)  mean value 

on 20 exp. 1 2 4 8 16 

1 0.0191 0.0196 0.0201 0.0229 0.0349

2 0.0187 0.0189 0.0195 0.0203 0.0279

4 0.0167 0.0180 0.0189 0.0196 0.0223

8 0.0159 0.0176 0.0185 0.0189 0.0212

16 0.0148 0.0171 0.0178 0.0180 0.0204

 
 

K 
Gen 

32 0.0147 0.0166 0.0176 0.0177 0.0193

Table 3. Mean absolute traking eror for ( )e ξ , (Case A) 

• Case B, significant model uncertainty: To examine the effect of modeling uncertainty, we 
assumed an inaccuracy in the value of the mass of the pendulum in the prediction 
model; its value was increased of 30% with respect to the nominal one. Fig. 8 shows 
the comparison between the system output (solid line) and the output predicted by 
the model (dashed line) for the Evolutionary MBPC controller characterized by 
parameters K=32 and H=16. The two systems are driven by the same optimal input 
signal calculated online on the basis of the inaccurate prediction model. At the 
realignment instants the modeling error is zeroed, subsequently it increases due to 
the system/model mismatch. The corresponding performance of the evolutionary 
MBPC are reported in table 4. Some general consideration can be drawn. As expected, 
due to the system/model mismatches, a decrease in the controller performance with 
respect to the case (A) is observed. Given a certain computing power P, the 
performance degrades significantly by increasing the realignment period. This is due 
to the fact that the prediction error increases by enlarging the realignment period. For 
these reasons, in case of significant modeling error, given a defined value of P, it is 
preferable to choose the controller characterized by the minimum value of Tc. It is 
worth of mention that by using the basic Evolutionary MBPC (Onnen, 1997) we are 
limited by the constraint Tc=Ts, namely it is possible to implement only the controllers 
of the first column (H=1) of tables 3 and 4. Clearly, the adoption the proposed 
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the computing time Tc; this implies a significant decrease in the computational burden 
required for the real-time optimization. On the other hand, a drawback of the intermittent 
feedback is that it inserts a delay in the control action, because the feedback information has 
an effect only after Tc seconds. The evolutionary MBPC algorithms described in (Onnen et 
Al., 1999; Martinez et Al. 1998) do not take into account the computational delay problem; 
therefore, their practical real-time implementation strictly depends on the computing power 
of the available processor that should guarantee the execution of an adequate number of 
generations within a sampling interval [mTs,(m+1)Ts]. The employment of an intermittent 
feedback strategy allows the enlargement of the computation time available for the 
convergence of the algorithm and makes the algorithm implementable in real-time also with 
no excessively powerful processors. 
The choice of the computing time Tc (realignment period) represents an important design 
issue. This period should be chosen as a compromise between the two concurrent facts: 
1. The enlargement of the computing time Tc allows to refine the degree of optimality of 

the solution by increasing the number of generations within an optimization period. 
2. Long realignment periods cause the prediction error to increase, as a consequence of 

system/model mismatches. 

6.2.2.  Effects of the intermittent feedback 
To evaluate the effects of the intermittent feedback we considered two exemplificative 
simulations. 
Reference is made to the model (4-5) of the flexible mechanical system. We investigated the 
following situations: 
Case A) No system/model mismatches (ideal case) 
Case B) Significant modeling error (realistic case) 
Since the Evolutionary MBPC optimization procedure is based on a pseudo randomized 
search, it is unavoidable that the repetition of the same control task generates slightly 
different sub optimal control sequences. For this reason the investigation of the performance 
should be carried out by means of a stochastic analysis by simulating a significant number 
of realizations (in our analysis 20 experiments of 10 seconds each). We choose as 
performance measure the mean and the standard deviation of the mean absolute tracking 
error e  for the tip position of the beam starting from the deflected position 0.1 radθ = , 

0θ =& , 0=φ , 0φ =& . This variable is defined as: 
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where the (stochastic) variable ξ is used to put into evidence the stochastic nature of the 
variable e . 
• Case A, no model uncertainty: The Evolutionary MBPC is set according to the parameters 

of table 2. The scope of the analysis is to show the effect on the performance caused by 
the enlargement of the computing time. As the computing time Tc is expressed as a 
multiple of the sampling time Ts, its enlargement is obtained by increasing the value of 
the integer H in (20). The analysis is performed by varying the number of the 
generations K that are computed during Tc. The computational power (P) required to 
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make the MBPC controller implementable in real-time is proportional to the number of 
generations K that can be evaluated in a computing interval Tc, namely: 

  /P K H∝   (24) 

Table 3 shows the value of the mean value of variable ( )e ξ  for different values of K and 
H. Some general design considerations can be drawn. The computing power P required 
to implement in real-time the algorithm keeps almost constant along the same diagonal 
of table 3. It is not surprising that, in this ideal case, controllers with the same value of P 
give comparable performance. Actually, the increase of the prediction error with the 
increase of the realignment period has no effect; therefore in case of not significant 
modeling error, given a certain computing power, the choice of the realignment period 
is not critical. 
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• Case B, significant model uncertainty: To examine the effect of modeling uncertainty, we 
assumed an inaccuracy in the value of the mass of the pendulum in the prediction 
model; its value was increased of 30% with respect to the nominal one. Fig. 8 shows 
the comparison between the system output (solid line) and the output predicted by 
the model (dashed line) for the Evolutionary MBPC controller characterized by 
parameters K=32 and H=16. The two systems are driven by the same optimal input 
signal calculated online on the basis of the inaccurate prediction model. At the 
realignment instants the modeling error is zeroed, subsequently it increases due to 
the system/model mismatch. The corresponding performance of the evolutionary 
MBPC are reported in table 4. Some general consideration can be drawn. As expected, 
due to the system/model mismatches, a decrease in the controller performance with 
respect to the case (A) is observed. Given a certain computing power P, the 
performance degrades significantly by increasing the realignment period. This is due 
to the fact that the prediction error increases by enlarging the realignment period. For 
these reasons, in case of significant modeling error, given a defined value of P, it is 
preferable to choose the controller characterized by the minimum value of Tc. It is 
worth of mention that by using the basic Evolutionary MBPC (Onnen, 1997) we are 
limited by the constraint Tc=Ts, namely it is possible to implement only the controllers 
of the first column (H=1) of tables 3 and 4. Clearly, the adoption the proposed 
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intermittent feedback strategy allows more flexibility in the choice of the parameters 
of the algorithm to achieve the best performance. In particular, it is not required to 
compute at least one EA generation in one sampling interval, but this can be 
computed in two or more sampling intervals thus decreasing the computational load; 
in fact, as shown by the simulation study, there are many controllers with a K/H  ratio 
less than one that give satisfactory performance. 

 

mean value 
on 20 exp.    H      (Tc=H•Ts) 

 1 2 4 8 16 
1 0.0274 0.0311 0.0332 0.0361 0.0498

2 0.0267 0.0294 0.0318 0.0329 0.0441

4 0.0249 0.0268 0.0297 0.0332 0.0394

8 0.0237 0.0258 0.0278 0.0302 0.0366

16 0.0231 0.0255 0.0273 0.0297 0.0368

 
 

K 
Gen 

32 0.0220 0.0253 0.0270 0.0293 0.0340

Table 4. Mean absolute traking eror for ( )e ξ , (Case B) 
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Figure 8. Effect of the system/model realignment in presence of significant modeling error 
(case K=32, L=16) 

6.3 Repeatability of the control action 
The degree of repeatability of the control action of the controllers described in tables 3 and 4 

is investigated in this section . The standard deviation (STD) of the variable ( )e ξ  can 
capture this information; in fact a big STD means that the control action in not reliable 
(repeatable) and the corresponding controller should not be selected.  Table 5 reports the 

STD of ( )e ξ  in the case of no model uncertainty (case A).  In general, given a defined 
realignment period Tc, the increase of the computational power P reduces the variability in 
the control action. Acceptable performance can be obtained by employing controllers 
characterized by the ratio K/H >0.5. Similar considerations are valid also in the case in 
which the STD is evaluated for a significant model error (case B) and for this reason are not 
reported. 
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L      (Tc=H•Ts)  
1 2 4 8 15 

1 5.857e-4 9.319e-4 0.0021 0.0039 0.0044 

2 4.395e-4 7.736e-4 0.0018 0.0033 0.0042 

4 4.217e-4 5.759e-4 0.0023 0.0023 0.0015 

8 3.802e-4 5.682e-4 9.340e-4 0.0011 0.0017 

16 3.568e-4 3.258e-4 4.326e-4 0.0010 0.0020 

 
 
 
K

32 2.165e-4 2.267e-4 2.896e-4 4288e-4 0.0015 

Table 5. Standard Deviation of  ( )e ξ (Case A)  

6.4 Comparison with conventional optimization methods  
The comparison of the Evolutionary MBPC with respect to conventional methods was first 
carried in (Onnen, 1997), where it was showed the superiority of the EA on the branch-and-
bound discrete search algorithm. In this work the intention is to compare the performance 
provided by the population-based global search provided by an EA with a local gradient-
based iterative algorithm. We implemented a basic gradient steepest descent algorithm and 
used the standard gradient projection method to fulfill the amplitude and rate constraints 
for the control signal (Kirk,1970); the partial derivatives of the index J with respect to the 
decision variables were evaluated numerically.  Table 6 reports the result of the comparison 
of the performance provided by the two methods regarding the simulation time, the mean 
absolute tracking error e  and the number of simulations required by the algorithm, by 
varying the number of algorithm cycles K in the case Tc=Ts. The Evolutionary MBPC gave 
remarkably better performance than the gradient-based MBPC regarding the performance 
e ; furthermore, the Evolutionary MBPC requires a minor number of simulations that imply 
also a minor simulation time. This comparison clearly shows that, in this case, the gradient-
based optimization get tapped in local minima, while the EA provides an effective way to 
prevent the problem. 

K GA 
(Ls=32,N=20) 

GRAD 
(Ls=32) 

N° 
cycles

sim 
Time e  N° 

sim
sim 

Time e  N° 
sim

1 3.79 1.55 20 4.16 1.51 32 
2 5.99 0.33 40 6.81 0.66 64 
4 9.31 0.33 80 12.08 0.78 128 
8 15.99 0.34 160 30.25 0.59 256 
16 41.13 0.32 320 50.32 0.54 512 
32 65.87 0.35 640 92.81 0.52 1024

Table 6. Comparison between GA and Gradient Optimization 
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intermittent feedback strategy allows more flexibility in the choice of the parameters 
of the algorithm to achieve the best performance. In particular, it is not required to 
compute at least one EA generation in one sampling interval, but this can be 
computed in two or more sampling intervals thus decreasing the computational load; 
in fact, as shown by the simulation study, there are many controllers with a K/H  ratio 
less than one that give satisfactory performance. 
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Figure 8. Effect of the system/model realignment in presence of significant modeling error 
(case K=32, L=16) 
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The degree of repeatability of the control action of the controllers described in tables 3 and 4 

is investigated in this section . The standard deviation (STD) of the variable ( )e ξ  can 
capture this information; in fact a big STD means that the control action in not reliable 
(repeatable) and the corresponding controller should not be selected.  Table 5 reports the 

STD of ( )e ξ  in the case of no model uncertainty (case A).  In general, given a defined 
realignment period Tc, the increase of the computational power P reduces the variability in 
the control action. Acceptable performance can be obtained by employing controllers 
characterized by the ratio K/H >0.5. Similar considerations are valid also in the case in 
which the STD is evaluated for a significant model error (case B) and for this reason are not 
reported. 
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L      (Tc=H•Ts)  
1 2 4 8 15 

1 5.857e-4 9.319e-4 0.0021 0.0039 0.0044 

2 4.395e-4 7.736e-4 0.0018 0.0033 0.0042 

4 4.217e-4 5.759e-4 0.0023 0.0023 0.0015 

8 3.802e-4 5.682e-4 9.340e-4 0.0011 0.0017 

16 3.568e-4 3.258e-4 4.326e-4 0.0010 0.0020 

 
 
 
K

32 2.165e-4 2.267e-4 2.896e-4 4288e-4 0.0015 

Table 5. Standard Deviation of  ( )e ξ (Case A)  

6.4 Comparison with conventional optimization methods  
The comparison of the Evolutionary MBPC with respect to conventional methods was first 
carried in (Onnen, 1997), where it was showed the superiority of the EA on the branch-and-
bound discrete search algorithm. In this work the intention is to compare the performance 
provided by the population-based global search provided by an EA with a local gradient-
based iterative algorithm. We implemented a basic gradient steepest descent algorithm and 
used the standard gradient projection method to fulfill the amplitude and rate constraints 
for the control signal (Kirk,1970); the partial derivatives of the index J with respect to the 
decision variables were evaluated numerically.  Table 6 reports the result of the comparison 
of the performance provided by the two methods regarding the simulation time, the mean 
absolute tracking error e  and the number of simulations required by the algorithm, by 
varying the number of algorithm cycles K in the case Tc=Ts. The Evolutionary MBPC gave 
remarkably better performance than the gradient-based MBPC regarding the performance 
e ; furthermore, the Evolutionary MBPC requires a minor number of simulations that imply 
also a minor simulation time. This comparison clearly shows that, in this case, the gradient-
based optimization get tapped in local minima, while the EA provides an effective way to 
prevent the problem. 

K GA 
(Ls=32,N=20) 

GRAD 
(Ls=32) 

N° 
cycles

sim 
Time e  N° 

sim
sim 

Time e  N° 
sim

1 3.79 1.55 20 4.16 1.51 32 
2 5.99 0.33 40 6.81 0.66 64 
4 9.31 0.33 80 12.08 0.78 128 
8 15.99 0.34 160 30.25 0.59 256 
16 41.13 0.32 320 50.32 0.54 512 
32 65.87 0.35 640 92.81 0.52 1024

Table 6. Comparison between GA and Gradient Optimization 
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7. Experimental Results 
Basing on the results of the previous analysis, we were able to derive the guidelines to 
implement the improved Evolutionary MBPC for the real-time control of the experimental 
laboratory system of Fig. 2. The EA was implemented by means of a C procedure and the 4th 
order Runge-Kutta method was used to perform the time domain integration of the 
prediction model (6) of the flexible system. As in section 5, the scope of the control system is 
to damp out the oscillations of the tip of the flexible beam, that starts in the deflected 
position rad1.0=θ , 0=θ& , 0=φ , 0=φ& . The desired target position is yd(k)=θd(k)=0. Fig. 9 
shows the experimental free response of the tip position that put into evidence the very 
small damping of the uncontrolled structure. In the same figure it is reported the response 
obtained by employing a co-located dissipative PD control law of the form 

 )(ˆ5.0)(1.0)( kkk φφτ &−−=  (25) 

where velocity )(ˆ kφ&  has been estimated by means of the following discrete time filter 

 )]1()([10)1(ˆ78.0)(ˆ −−+−= kkkk φφφφ &&   (26) 
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The conventional PD controller is not able to add a satisfactory damping to the nonlinear 
system. It is expected that a proper MBPC shaping of the controlled angular position φd(k) of 
the pendulum could improve the damping capacity of the control system. Fig. 10 shows the 
block diagram of the implemented MBPC control system. 
In order to perform system/model realignment, it is necessary to realign intermittently all 
the states of the prediction model (6) basing on the measured variables. Because of only 
positions θ (k) and φ(k) can be directly measured by the optical encoders, it was necessary to 
estimate both the beam and pendulum velocities. The velocity were estimated with a 
sufficient accuracy by applying single pole approximate derivative filters to the 

corresponding positions; the discrete time filter for )(ˆ kφ&  is eq (26); )(ˆ kθ&  is estimated by: 

 )]1()([10)1(ˆ78.0)(ˆ −−+−= kkkk θθθθ &&   (27) 

Every cT seconds the vector ]ˆˆ[ φφθθ &&  is passed to the MBPC procedure to perform the 
realignment. For the reasons explained in section 3, the redefined inputs of the system is the 
pendulum position φ(k); therefore a PD controller has been designed to guarantee an 
accurate tracking of the desired optimal pendulum shaped position  φd(k); the PD regulator 
is: 

 ( ) ⎟
⎠
⎞⎜

⎝
⎛ φ−φ−φ−φ−=τ )()(ˆ6.0)()(0.5)( kkkkk desdes

&&   (28) 

The accurate tracking of the desired trajectory φd(k) is essential for the validity of the 
predictions carried out by exploiting the model (6). Fig. 11 shows the comparison of shaped 
reference φd(k) and the measured one φ(k) in a typical experiment. The tracking is 
satisfactory and the maximum error |φ (k)-φd(k)| during the transient is 0.11 rad. This error 
is acceptable for the current experimentation. Note that this PD regulator has a different task 
respect to regulator (25), employed in the test of Fig. 9; in fact regulator (28) is characterized 
by higher gains to achieve trajectory tracking, which cause almost a clamping of the 
pendulum with the beam. 
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7.1 Settings of the experimental evolutionary MBPC  
The settings of the MBPC are the same used for the simulations of section 5 and reported in 
table 2. The decision variables are the sequence of the control input increments 

])()2()1([ 2Nkukuku +Δ+Δ+Δ L . The corresponding input signals ( ), ( ), ( )φ φ φ& &&
d d dk k k  

are obtained by integration of the nominal model equations (6) driven by the sub-optimal 
control input sequence determined in real-time by the MBPC. The choice of the realignment 
period Tc is strongly influenced by the available computational power. In this experiment at 
least two sampling periods Ts are required to compute one generation of the EA when the 
settings of table 2 are employed, therefore it cannot be implemented with a standard 
Evolutionary MBPC. On the other hand, the improved algorithm can be easily implemented 
in real-time by choosing a computing power ratio K/H≤0.5. An idea of the performance 
achievable can be deduced by inspecting tables 2, 3 and 4. 

7.2 Results 
In the experimental phase, it has been evaluated the performance of the MBPC for 4 
values of the realignment period cT  ( [2, 4, 8, 16]c sT HT H= = ) in the case of a 
computing power K/H=0.5. Figs. 12 a-d show the measured tip position and the respective 
value of index e  for different values of Tc. In all the laboratory experiments a significant 
improvement of the performance with respect to the co-located PD controller (25) is 
achieved. In fact, after about 6 seconds the main part of the oscillation energy is almost 
entirely damped out. In all the experiments the performance does not undergo a 
significant degradation with the increase of the realignment period, showing that in this 
case an accurate model of the system has been worked out. The values of the index e  are 
in good agreement with the corresponding predicted in table 3 in the case of small 
modeling error. Anyway, in the case  Tc=2 Ts (Fig. 12a) a superior performance was 
achieved near the steady state;  in this case, the prediction error is minimum and the 
residual oscillations can be entirely compensated. On the other hand, in the case  Tc=16⋅Ts  
(Fig. 12d) some residual oscillations remain, because the prediction error becomes large 
due to the long realignment period. To underline the effects of the realignment, in Fig. 13 
the error θd(k)-θ(k) in the case Tc=16⋅Ts is reported. Every 0.64 seconds, thanks to the 
realignment, the prediction error is zeroed and a fast damping of the oscillations is 
achieved; near the steady state, the occurrence of high frequency small amplitude 
oscillations, cannot be recovered effectively. Fig. 14 reports the sequence of the sub 
optimal control increments applied to the system for the experiment of Fig. 12a. As 
expected, the adoption of the adaptive mutation range drives to zero the sequence of 
control increments near the steady state, allowing a very accurate tracking of the desired 
trajectory. As for the repeatability of the control action no significant difference was 
observed on the performance in comparable experiments. Repeating 10 times the 
experiment of Fig. 12a gave a mean of 0.0205 for the ( )e ξ  index and a standard deviation 
of 1.112e-3; these are in good accordance with the predicted results of table 5.  
The results of the experiments clearly demonstrate that the proposed improved 
Evolutionary MBPC is able to guarantee an easy real-time implementation of the algorithm 
giving either excellent performance and a high degree of repeatability of the control action. 
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d d dk k k  
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8. Conclusion 
This work introduces an improved Evolutionary Algorithm for the real-time Model Based 
Predictive Control of nonlinear dynamical systems. The main issues involved in the 
practical real-time implementation of this control scheme have been pointed out and 
addressed by adapting and extending some known concepts of the conventional 
Evolutionary MBPC. The advantage of the online adaptation of the dimension of the search 
space has been pointed out and a new adaptive mutation range operator in function of the 
actual prediction error has been proposed. The problem related to the computational delay 
has been faced by inserting an intermittent feedback strategy in the basic Evolutionary 
MBPC. This extension allows the computation of one generation of the EA in more than one 
sampling interval, thus decreasing the required computational power for the real-time 
implementation. The application of the improved EA allows the real-time MBPC of fast 
dynamics systems by employing a CPU with a limited computing power. The improved 
algorithm has been experimented with remarkable results for the stabilization of oscillations 
of a laboratory nonlinear flexible mechanical system.  A stochastic analysis showed that 
improved Evolutionary Algorithm is reliable in the sense that a good repeatability of the 
control action can been achieved; furthermore, the EA outperforms a conventional iterative 
gradient-based optimization procedure. Although the potentiality of the improved 
Evolutionary MBPC have been shown only for a single laboratory experiments, the analysis 
and design guidelines are general and for this reason can be easily applied to the design of 
real-time Evolutionary MBPC for a general nonlinear constrained dynamical systems. 

9. Predictive Reference Shaping for Constrained Robotic Systems Using 
Evolutionary Algorithms 
Part of the following article has been previously published in: M.L. Fravolini, A. Ficola, M. La Cava. 
“Predictive Reference Shaping for Constrained Robotic Systems Using Evolutionary Algorithms”, 
Applied Soft Computing, Elsevier Science, in stampa, vol. 3, no. 4, pp.325-341, 2003, ISSN:1568-
4946. 
The manufacturing of products with a complex geometry demands for efficient industrial 
robots able to follow complex trajectories with a high precision. For these reasons, tracking a 
given path in presence of task and physical constraints is a relevant problem that often 
occurs in industrial robotic motion planning. Because of the nonlinear nature of the robot 
dynamics, the robotic optimal motion-planning problem cannot be usually solved in closed 
form; therefore, approximated solutions are computed by means of numerical algorithms. 
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Many approaches have been proposed concerning the constrained robot motion-planning 
problem along a pre specified path, taking into account the full nonlinear dynamics of the 
manipulator. In the well-known technique described in (Bobrow er Al. 1985; Shin, & Mc 
Kay, 1985), the robot dynamics equations are reduced into a set of second order equations in 
a path parameter. The original problem is then transformed into finding the curve in the 
plane of the path parameter and its first time derivative, while the constraints on actuators 
torque are reduced into bounds on the second time derivative of the path parameter. 
Although this approach can be easily extended to closed loop robot dynamics, it essentially 
remains an offline-planning algorithm; indeed, in presence of unmodeled dynamics and 
measurement noise this approach reduces its effectiveness when applied to a real system. 
Later, to overcome these robustness problems, some online feedback path planning schemes 
have been formulated. Dahl in (Dahl & Nielsen, 1990) proposed an online path following 
algorithm, in which the time scale of the desired trajectory is modified in real time according 
to the torque limits. A similar approach has been also proposed by Kumagai (Kumagai et 
Al., 1996).  
Another approach to implement an online constrained robotic motion planning is to employ 
Model Predictive Control (MPC) strategies (Camacho & Bordons, 1996; Garcia et Al., 1989). 
A MPC, on the basis of a nominal model of the system, online evaluates a sequence of future 
input commands minimizing a defined index of performance (tracking error) and taking 
into account either input or state constraints. The last aspect is particularly important 
because MPC allows the generation of sophisticated optimal control laws satisfying general 
multiobjective constrained performance criteria.  
Since only for linear systems (minimizing a quadratic cost function) it is possible to derive 
a closed form solution for MPCs, an important aspect is related to the design of an 
efficient MPC optimization procedure for the online minimization of an arbitrary cost 
function, taking into account system nonlinearities and constraints. Indeed, in a general 
formulation, a constrained non-convex nonlinear optimization problem has to be solved 
on line, and in case of nonlinear dynamics, the task could be highly computationally 
demanding; therefore, the online optimization problem is recognized as a main issue in 
the implementation of MPC (Camacho & Bordons, 1996). Many approaches have been 
proposed to face the online optimization task in nonlinear MPC. A possible strategy, as 
proposed in (Mutha et Al., 1997; Ronco et Al., 1999) consists of the linearization of the 
dynamics at each time step and of the use of standard linear predictive control tools to 
derive the control policies. Other methods utilize iterative optimization procedures, as 
gradient based algorithms (Song & Koivo, 1999) or discrete search techniques as Dynamic 
Programming (Luus, 1990)  and Branch and Bound (Roubos et Al., 1999)  methods. The 
main advantages of a search algorithm is that it can be applied to general nonlinear 
dynamics and that the structure of the objective function is not restricted to be quadratic 
as in most of the other approaches. A limitation of these methods is the fast increase of the 
algorithm complexity with the number of decision variables and grid points. Recently, 
another class of search techniques, called Evolutionary Algorithms (EAs) (Foegel, 1999; 
Goldberg, 1989) showed to be very effective in offline robot path planning problems (Rana, 
1996); in the last years, thanks to the great advancements in computing technology, some 
authors have also proposed the application of EAs for on-line performance optimization 
problems (Lennon & Passino, 1999; Liaw & Huang, 1998; Linkens & Nyongesa, 1995; 
Martinez et Al., 1998; Onnen et Al., 1997 ; Porter & Passino, 1998). 
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4946. 
The manufacturing of products with a complex geometry demands for efficient industrial 
robots able to follow complex trajectories with a high precision. For these reasons, tracking a 
given path in presence of task and physical constraints is a relevant problem that often 
occurs in industrial robotic motion planning. Because of the nonlinear nature of the robot 
dynamics, the robotic optimal motion-planning problem cannot be usually solved in closed 
form; therefore, approximated solutions are computed by means of numerical algorithms. 
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Many approaches have been proposed concerning the constrained robot motion-planning 
problem along a pre specified path, taking into account the full nonlinear dynamics of the 
manipulator. In the well-known technique described in (Bobrow er Al. 1985; Shin, & Mc 
Kay, 1985), the robot dynamics equations are reduced into a set of second order equations in 
a path parameter. The original problem is then transformed into finding the curve in the 
plane of the path parameter and its first time derivative, while the constraints on actuators 
torque are reduced into bounds on the second time derivative of the path parameter. 
Although this approach can be easily extended to closed loop robot dynamics, it essentially 
remains an offline-planning algorithm; indeed, in presence of unmodeled dynamics and 
measurement noise this approach reduces its effectiveness when applied to a real system. 
Later, to overcome these robustness problems, some online feedback path planning schemes 
have been formulated. Dahl in (Dahl & Nielsen, 1990) proposed an online path following 
algorithm, in which the time scale of the desired trajectory is modified in real time according 
to the torque limits. A similar approach has been also proposed by Kumagai (Kumagai et 
Al., 1996).  
Another approach to implement an online constrained robotic motion planning is to employ 
Model Predictive Control (MPC) strategies (Camacho & Bordons, 1996; Garcia et Al., 1989). 
A MPC, on the basis of a nominal model of the system, online evaluates a sequence of future 
input commands minimizing a defined index of performance (tracking error) and taking 
into account either input or state constraints. The last aspect is particularly important 
because MPC allows the generation of sophisticated optimal control laws satisfying general 
multiobjective constrained performance criteria.  
Since only for linear systems (minimizing a quadratic cost function) it is possible to derive 
a closed form solution for MPCs, an important aspect is related to the design of an 
efficient MPC optimization procedure for the online minimization of an arbitrary cost 
function, taking into account system nonlinearities and constraints. Indeed, in a general 
formulation, a constrained non-convex nonlinear optimization problem has to be solved 
on line, and in case of nonlinear dynamics, the task could be highly computationally 
demanding; therefore, the online optimization problem is recognized as a main issue in 
the implementation of MPC (Camacho & Bordons, 1996). Many approaches have been 
proposed to face the online optimization task in nonlinear MPC. A possible strategy, as 
proposed in (Mutha et Al., 1997; Ronco et Al., 1999) consists of the linearization of the 
dynamics at each time step and of the use of standard linear predictive control tools to 
derive the control policies. Other methods utilize iterative optimization procedures, as 
gradient based algorithms (Song & Koivo, 1999) or discrete search techniques as Dynamic 
Programming (Luus, 1990)  and Branch and Bound (Roubos et Al., 1999)  methods. The 
main advantages of a search algorithm is that it can be applied to general nonlinear 
dynamics and that the structure of the objective function is not restricted to be quadratic 
as in most of the other approaches. A limitation of these methods is the fast increase of the 
algorithm complexity with the number of decision variables and grid points. Recently, 
another class of search techniques, called Evolutionary Algorithms (EAs) (Foegel, 1999; 
Goldberg, 1989) showed to be very effective in offline robot path planning problems (Rana, 
1996); in the last years, thanks to the great advancements in computing technology, some 
authors have also proposed the application of EAs for on-line performance optimization 
problems (Lennon & Passino, 1999; Liaw & Huang, 1998; Linkens & Nyongesa, 1995; 
Martinez et Al., 1998; Onnen et Al., 1997 ; Porter & Passino, 1998). 
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Recently the authors, in (Fravolini et Al., 2000) have applied an EA based optimization 
procedure for the online reference shaping of flexible mechanical systems. The practical real-
time applicability of the proposed approach was successively tested with the experimental 
study reported in (Fravolini et Al., 1999). In this work the approach is extended to the case 
of robotic motion with constraints either on input and state variables. Two significant 
simulation examples are reported to show the usefulness of the online reference shaping 
method; some considerations concerning the online computational load are also discussed. 
The paper is organized as follows. Section 10 introduces the constrained predictive control 
problem and its formalization. Section 11 introduces the EA paradigm, while section 12 
describes in details either the online EA based optimization procedure and the specialized 
EA operators required for MPC. In section 13 the proposed method is applied to two 
benchmark systems; in section 14 a comparison with a gradient-based algorithm is 
discussed. Finally, the conclusions are reported in section 15.  

10. The Robotic Constrained Predictive Control Method 
In the general formulation it is assumed that an inner loop feedback controller has already 
been designed to ensure stability and tracking performance to the robotic system, as shown 
is figure 15. In case of fast reference signals r(k), the violation of input and state constraints 
could occur; to overcome this problem the authors, in (Fravolini et Al., 2000) proposed to 
add to the existing feedback control loop an online predictive reference shaper. The 
predictive reference shaper is a nonlinear device, that modifies in real-time the desired 
reference signal r(k) on the basis of a prediction model and of the current feedback measures 
y(k). The scope is that the shaped reference signal rs(k) allows a more accurate track of the 
reference signal without constraints violation. Usually, these requirements are quantified by 
an index of cost J and a numerical procedure is employed to online minimize this function 
with regard to a set of decision variables. Typically, the decision variables are obtained by a 
piecewise constant parameterization of the shaped reference rs(k).  
As for predictive controllers strategies, the reference shaper evolves according to a receding 
horizon strategy: the planned sequence is applied until new feedback measures are 
available; then a new sequence is calculated that replaces the previous one. The receding 
horizon approach provides the desired robustness against both model and measurement 
disturbance.  
Note 1: The trajectory shaper of figure 15 could also be employed without the inner feedback 
control loop. In this case, the shaper acts as the only feedback controller and it directly 
generates the control signals; in this case u(k)≡rs(k). 
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10.1 Problem Formulation 
The equation of motion of a constrained robot dynamics can be formally expressed as 
follows:  
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where mq R∈ is the vector of robot positions, q& is the vector of robot velocities, ξ collects 
the states either of the controller or of the actuation system, M is the inertia matrix, C is the 
Coriolis vector, G the gravity vector, Q is the input selection matrix, mu R∈ is the control 
vector, ny R∈  is the output performance vector, F is the output selection matrix, n

sr R∈  is 

the shaped reference to be tracked by q. The vector [ , , ]o o oq q ξ&  represents the initial 

condition of the feedback-controlled system; ph R∈ is the vector of the p constraints that 
must satisfy the relation: 

 ( , , , , ) 0sh q q r t H tξ ∈ >&  (2) 

where H is the set where all the constraints (2) are fulfilled.  
The aim of the reference shaper is to online compute the shaped reference rs(k) in order to 
fulfill all the constraints (2) while minimizing a defined performance measure J that is 
function of tracking error of the performance variables y. Since the online optimization 
procedure requires a finite computing time Tc (optimization time) to compute a solution, the 
proposed device is discrete time with sampling instants kc·Tc. The inner feedback controller 
is allowed to work at a faster rate kTs (where Tc = a⋅Ts and a>1 is an integer, therefore kc=a⋅k). 
The optimal sequence rs*(kc) is determined as the result of an optimization problem during 
each computing interval Tc. The cost index J , which was employed, is: 

  1
1 1 1 1

ˆJ( ) ( | ) - ( ) ( -1) +J ( )
Yi UiN Nn m

c i i c c i c i i c c
i j i j

k y k j k r k j u k j kα β
= = = =

= + + + Δ +∑ ∑ ∑ ∑   (3) 

The first term of (3) quantifies the absolute predicted tracking error between the desired 
output signal ri(kc+j) and the predicted future output ˆ ( | )i c cy k j k+ , estimated on the basis 
of the robot model and the feedback measures available at instant kc; this error is evaluated 
over a defined prediction horizon of NYi samples. The second term of (4) is used to weight 
the control effort that is quantified by the sequence of the input increments Δui(k)= ui(k)-ui(k-
1) (evaluated over the control horizon windows of NUi samples). The coefficients αi and βi 
are free weighting parameters. The term J1(kc) in (5) is a further cost function, which can be 
used to take into account either task or physical constraints. In this work the following 
constraints on control and state variables have been considered:  

 ( ) ( )i i i i i iU u k U U u k U− + − +< < Δ < Δ < Δ  1,i n= L  (6) 
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where mq R∈ is the vector of robot positions, q& is the vector of robot velocities, ξ collects 
the states either of the controller or of the actuation system, M is the inertia matrix, C is the 
Coriolis vector, G the gravity vector, Q is the input selection matrix, mu R∈ is the control 
vector, ny R∈  is the output performance vector, F is the output selection matrix, n
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the shaped reference to be tracked by q. The vector [ , , ]o o oq q ξ&  represents the initial 

condition of the feedback-controlled system; ph R∈ is the vector of the p constraints that 
must satisfy the relation: 
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where H is the set where all the constraints (2) are fulfilled.  
The aim of the reference shaper is to online compute the shaped reference rs(k) in order to 
fulfill all the constraints (2) while minimizing a defined performance measure J that is 
function of tracking error of the performance variables y. Since the online optimization 
procedure requires a finite computing time Tc (optimization time) to compute a solution, the 
proposed device is discrete time with sampling instants kc·Tc. The inner feedback controller 
is allowed to work at a faster rate kTs (where Tc = a⋅Ts and a>1 is an integer, therefore kc=a⋅k). 
The optimal sequence rs*(kc) is determined as the result of an optimization problem during 
each computing interval Tc. The cost index J , which was employed, is: 
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The first term of (3) quantifies the absolute predicted tracking error between the desired 
output signal ri(kc+j) and the predicted future output ˆ ( | )i c cy k j k+ , estimated on the basis 
of the robot model and the feedback measures available at instant kc; this error is evaluated 
over a defined prediction horizon of NYi samples. The second term of (4) is used to weight 
the control effort that is quantified by the sequence of the input increments Δui(k)= ui(k)-ui(k-
1) (evaluated over the control horizon windows of NUi samples). The coefficients αi and βi 
are free weighting parameters. The term J1(kc) in (5) is a further cost function, which can be 
used to take into account either task or physical constraints. In this work the following 
constraints on control and state variables have been considered:  
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 ( ) ( )i i i i i iX x k X X x k X− + − +< < Δ < Δ < Δ  1,i n= L  (7) 

Constraints (6) take into account possible saturations in the amplitude and rate of the 
actuation system, while constraints (7) prevent the robot to work in undesirable regions of 
the state space. The optimization problem to be solved during each sampling interval Tc  is 
formalized as follows: 

 
( )

J( )
si c

cR k
mim k  (8) 

taking into account the fulfillment constraints (6) and (7). The optimization variables of the 
problem are the elements of the sequences Rsi(kc)  evaluated within the control horizon:  

 ( ) [ ( ), ( 1), , ( 1)]si c si c si c si c UiR k r k r k r k N= Δ Δ + Δ + −L  1,i n= L  (9) 

11. Evolutionary Algorithms 
The Evolutionary Algorithms are multi point search procedures that reflect the principle of 
evolution, natural selection and genetics of biological systems (Foegel; 1994; Goldberg, 
1989). An EA explores the search space by employing stochastic rules; these are designed to 
quickly direct the search toward the most promising regions. It has been shown that the EAs 
provide a powerful tool that can be used in optimization and classification applications. The 
EAs work with a population of points called chromosomes; a chromosome represents a 
potential solution to the problem and comprises a string of numerical and logical variables, 
representing the decision variables of the optimization problem. The EA paradigm does not 
require auxiliary information, such as the gradient of the cost function, and can easily 
handle constraints; for these reasons EAs have been applied to a wide class of problems, 
especially those difficult for hill-climbing methods. 
An EA maintains a population of chromosomes and uses the genetic operators of “selection” 
(it represents the biological survival of the fittest ones and is quantified by a fitness measure 
that represents the objective function), “crossover ” (which represents mating), and 
“mutation” (which represents the random introduction of new genetic material), with the 
aim of emulating the evolution of the species. After some generations, due to the 
evolutionary driving force, the EA produces a population of high quality solutions for the 
optimization problem.  
The implementation of a basic EA can be summarized by the following sequence of 
standard operations: 
a. (Random) Initialization of a population of N solutions 
b. Calculation of the fitness function for each solution 
c. Selection of the best solutions for reproduction 
d. Application of crossover and mutation to the selected solutions 
e. Creation of the new population 
f. Loop to point b) until a defined stop criterion is met 

12. The Online Optimization Procedure for MPC 
In order to implement the predictive shaper described in the previous section, it is necessary 
to define a suitable online optimization procedure. In this section it is described the MPC 

Real-Time Evolutionary Algorithms for Constrained Predictive Control 

 

167 

algorithms based on an EA; the resulting control scheme is reported in figure 16. The flow 
diagram of the online optimization procedure implemented by the Evolutionary reference 
shaper is reported in figure 17. 
Note 2: In this work, to keep notation simple, the prediction (NYi) and control (NUi) horizons 
are constrained to have the same length for each output and each input variable (NY = NU).  
Note 3: Because the feedback controller sampling interval Ts is often different from the 
optimization time Tc (Tc = a⋅Ts, often Tc >> Ts), during a period Tc it is required to perform 
predictions with a prediction horizon NY longer al least 2Tc (2a samples, Tc=2a⋅Ts). More 
precisely, during the current computation interval [kc, kc+1] the first a values of the optimal 
sequences Rsi*(kc) that will be applied to the real plant are fixed and coincide with the 
optimal values computed in the previous computational interval [kc-1, kc]; the successive NU-
a values are the actual optimization variables that will be applied in the successive 
computation interval [kc+1,kc+2]. 
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12.1 Specialized Evolutionary Operators for MPC 
The application of EA within a MPC requires the definition of evolutionary operators 
expressly designed for real time control. These operators were introduced in previous works 
(Fravolini et Al, 1999; Fravolini et Al. 2000) and tested by mean of extensive simulation 
experiments. Some of these operators are similar to those reported in (Goggos; 1996; Grosman 
& Lewin, 2002; Martinez et Al., 1998; Onnen et Al., 1997) and constitute a solid, tested, and 
accepted base for evolutionary MBPC. 
In this paragraph the main EA operators expressly specialized for online MPC are defined. 
• Fitness function: The objective function to be online minimized (with rate Tc) is the index 

J(kc) in (3). The fitness function is defined as: 

 Jf /1=  (10) 

• Decision variables: The decision variables are the elements of the sequences Rsi (kc) (9). 
• Chromosome structure and coding: A chromosome is generated by the juxtaposition of the 

coded sequence of the increments of the shaped reference Rsi(kc). With regard to the 
codification of the decision variables, some alternatives are possible. Binary or decimal 
codification are not particularly suited in online applications, since they require time 
consuming coding and decoding routines. Real coded variables, although do not 
require any codification, have the drawback that the implementation of evolutionary 
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The application of EA within a MPC requires the definition of evolutionary operators 
expressly designed for real time control. These operators were introduced in previous works 
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experiments. Some of these operators are similar to those reported in (Goggos; 1996; Grosman 
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In this paragraph the main EA operators expressly specialized for online MPC are defined. 
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coded sequence of the increments of the shaped reference Rsi(kc). With regard to the 
codification of the decision variables, some alternatives are possible. Binary or decimal 
codification are not particularly suited in online applications, since they require time 
consuming coding and decoding routines. Real coded variables, although do not 
require any codification, have the drawback that the implementation of evolutionary 
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operators for real numbers is significantly slower than in the case of integers variables. 
Therefore, the best choice is an integer codification of the decision variables, which can 
guarantee a good accuracy of the discretization while operating on integer numbers. A 
coded decision variable xij can assume an integer value in the range 00,..., ,..., iL L , 
where Li represents the quantization accuracy. This set is uniformly mapped in the 
bounded interval i si iR r R− +Δ ≤ Δ ≤ Δ . L0 represents the integer corresponding to 

0sirΔ = . The l-th chromosome in the population at t-th generation during the 
computing interval [kc, kc+1] is a string of integer numbers: 

 
1 211 12 1, 21 22 2, 1 2 ,[ , ,..., | , ,..., |,..., , ,..., ]

U U Um

t
l N N m m m NX x x x x x x x x x=  (11) 

the actual value of the decision variables Δrsi(kc+j) are obtained by applying the 
following decoding rule: 

 ,( ) 1,...si i Ri i j Uir k j R x j N−Δ + = Δ + Δ ⋅ = 1,i n= L  (12) 

where /Ri i i iR R L+ −Δ = Δ − Δ  is the control increment resolution for the i-th input. The 

sequences of shaped references applied in the prediction window result: 

 ( ) ( 1 ) ( ) 1,...,si c si c si c Uir k j r k j r k j j N+ = − + + Δ + = 1,i n= L   (13) 

• Selection and Reproduction mechanisms (during a computing interval Tc) Selection and 
reproduction mechanisms act at two different levels during the on-line optimization. 
The lower level action concerns the optimization of the fitness function f during Tc. 
Because a limited computation time is available, it is essential that the good solutions 
founded in the previous generations are not lost, but are used as “hot starters” for the 
next generation. For this reason a steady state reproduction mechanism is employed, 
namely the best S chromosomes in the current generation are passed unchanged in the 
next one; this ensures a not decreasing fitness function for the best population 
individual. The remaining part of the population is originated on the basis of a rank 
selection mechanism; given a population of size N, the best ranked D individuals 
constitute a mating pool. Within the mating pool two random parents are selected and 
two child solutions are created applying crossover and mutation operators; this 
operation lasts until the new population is entirely replaced. This approach is similar to 
the algorithm described in(Yao & Sethares, 1994).  

• Receding Horizon Heredity (between two successive computational intervals): The second 
level of selection mechanism implements the receding horizon strategy. The best 
chromosomes computed during the current Tc are used as starting solutions for the next 
optimization. At the beginning of the next computational interval, because the 
prediction and control horizons are shifted in the future, the values of the best S’ 
chromosomes are shifted back of a locations (Tc = a⋅Ts). In this way the first a values are 
lost and their positions are replaced by the successive a. The values in the last positions 
(from a+1 to NU) are simply filled by keeping constant the value of the a-th variable. The 
shifted S’ chromosomes represent the “hot starters” for the optimization in the next 
computational interval; the remaining N-S’ chromosomes are randomly generated. The 
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application of hereditary information is of great relevance, because a significant 
improvement in the convergence speed of the algorithm has been observed. 

• Crossover: during an optimization interval Tc uniform crossover has been implemented. 
Given two selected chromosomes t

aX and t
bX  in the current generation t, two 

corresponding variables are exchanged with a probability cp , namely the crossed 
elements in the successive generation result: 
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• Mutation: random mutation are applied with probability mp  to each variable of a 
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aX , in the current generation according to the formula: 
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maximum mutation amplitude. 

• Constraints: One of the main advantages of MPC is the possibility of taking into account 
of constraints during the online optimization. Different kinds of constraints have been 
considered: 

i) Constraints on the shaped reference: In order to generate references that could be accurately 
tracked by means of the available actuation system, it can be required to constrain either the 
maximum/minimum value of the shaped signals or and their rate of variation. For this 
reason, if, during the optimization a decision variable xi,j violates its maximum or minimum 
allowed value in the range 0,... iL , the following threshold is applied:  

 
, ,

, ,0 0

t t
i j i i j i

t t
i j i j

if x L then x L

if x then x

⎧ > =⎪
⎨

< =⎪⎩
 1,i n= L  (16) 
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Thresholds (16) and (17) ensure the desired behavior of rsi(k). 
ii) Constraints on control signals: In the case the inner control loop is not present, then  
u(k)≡rs(k) (see Note1) therefore the constraints  are automatically guaranteed by thresholds 
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operators for real numbers is significantly slower than in the case of integers variables. 
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Thresholds (16) and (17) ensure the desired behavior of rsi(k). 
ii) Constraints on control signals: In the case the inner control loop is not present, then  
u(k)≡rs(k) (see Note1) therefore the constraints  are automatically guaranteed by thresholds 
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(16)-(17). In the case the inner loop is present, constraints (18) are implicitly taken into 
account in the optimization procedure by inserting in the prediction model an amplitude 
and a rate saturation on the command signals generated by the inner controller. These 
thresholds are implemented by: 

  
( ) ( )

( ) ( )
i i i i

i i i i

if u k U then u k U

if u k U then u k U

+ +

− −

⎧ > =⎪
⎨

< =⎪⎩
 (19) 

and: 

 
( ) ( )

( ) ( )
i i i i

i i i i

if u k U then u k U

if u k U then u k U

+ +

− −

⎧ Δ > Δ Δ = Δ⎪
⎨

Δ < Δ Δ = Δ⎪⎩
 (20) 

Generally, in the design phase of the inner feedback controllers, it is difficult to take into 
account the effects of the possible amplitude and rate limit on the inputs; on the other hand 
constraints (19) and (20) are easily introduced in the MPC approach. The resulting shaped 
references are thus determined by taking explicitly into account the physical limitations of 
the actuation systems.  
iii) Constraints on state variables: These constraints are taken into account by exploiting the 
penalty function strategy; namely a positive penalty term J1, proportional to the constraint 
violation, is added to the cost function J(kc) in (21). Let the set H defining the p constraints in 
(2) be defined as: 

 { }: ( , , , ) 0, 1,...,p
i i sH h R h q q x r i p= ∈ ≤ =&  (22) 

then, the penalty function taking into account the violation of constraints along the whole 
prediction horizon has been defined as: 

 ( )1
1 1

J ( ) max ( ), 0) 0
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i i
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k h k jγ
= =

= + ≥∑ ∑  (23) 

When all the constraints are fulfilled, J1 is equal to zero, otherwise it is proportional to the 
integral of the violations. By increasing the values of the weights γi, it is possible to enforce 
the algorithm toward solutions that fulfill all the constraints. 
• Choice of Computing time Tc: It should be chosen as a compromise between the two 

concurrent factors: 
1) The enlargement of the computing time Tc allows to refine the degree of optimality of the 
best solutions by increasing the EA generation number, gen, that can be evaluated within an 
optimization period. 
2) A large Tc causes the increase of the delay in the system. Excessive delays cannot be 
acceptable for fast dynamics systems. 
Obviously, the computational time is also influenced by the computing power of the 
processor employed. 
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Figure 17. Flow diagram of the evolutionary reference shaper 

13 Applications 
In this section the proposed evolutionary shaper is applied to two significant robotic control 
problems. 

13.1 Coupled Flexible Beam/Pendulum (Ex. 1 ) 
In this example the performance of the trajectory shaper has been tested on a nonlinear 
flexible mechanical system. The system is composed of a flexible beam clamped at one side, 
with a controlled pendulum hinged on the other; the motion occurs in the horizontal plane 
(figure 18a). The stabilization of this system represents an excellent benchmark because of 
the fast dynamics and the presence of oscillatory and scarcely damped modes. The scope of 
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the algorithm toward solutions that fulfill all the constraints. 
• Choice of Computing time Tc: It should be chosen as a compromise between the two 

concurrent factors: 
1) The enlargement of the computing time Tc allows to refine the degree of optimality of the 
best solutions by increasing the EA generation number, gen, that can be evaluated within an 
optimization period. 
2) A large Tc causes the increase of the delay in the system. Excessive delays cannot be 
acceptable for fast dynamics systems. 
Obviously, the computational time is also influenced by the computing power of the 
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Figure 17. Flow diagram of the evolutionary reference shaper 

13 Applications 
In this section the proposed evolutionary shaper is applied to two significant robotic control 
problems. 

13.1 Coupled Flexible Beam/Pendulum (Ex. 1 ) 
In this example the performance of the trajectory shaper has been tested on a nonlinear 
flexible mechanical system. The system is composed of a flexible beam clamped at one side, 
with a controlled pendulum hinged on the other; the motion occurs in the horizontal plane 
(figure 18a). The stabilization of this system represents an excellent benchmark because of 
the fast dynamics and the presence of oscillatory and scarcely damped modes. The scope of 
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the control law is to add damping to the system by properly driving the pendulum, when 
the beam starts in a deflected position. The beam is modeled as a first order mass-spring-
damper element (figure 18b). The matrices of the system according to model (1) are: 
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[0 ]TQ u=    [ ]Tq θ φ=  

The parameters of the model (25) are reported in table 7. The inner loop is controlled by a 
PD law; this controller was expressly tuned to increase the damping effect induced by the 
controlled pendulum on the beam oscillations. In figure 19a it is reported the deflection of 
the tip position of the beam in the case of free and of PD-controlled response, while in figure 
19b it is reported the corresponding PD control signal u(k). Although a significant reduction 
of the oscillations is observed, the PD controller is not able to add a large damping to the 
system.  
To improve the performance of the PD controlled system a reference MPC shaper is added 
to the inner loop according to general scheme of figure 15. The decision variables are the 
elements of the sequence [Δrs(kc+1), Δrs(kc+2),…, Δrs(kc+NU-1)] of the shaped rs(k) reference 
for the feedback PD controller. The horizon length was set to NU=NY=32; this implies a 
control horizon of NU⋅Ts =1.28 s (Ts=0.04s); the employment of shorter horizons has 
generated unsatisfactory responses. The other parameters of the evolutionary shaper are 
reported in table 8. Since the scope is to damp out the oscillation of the tip of the beam, the 
objective function (25) was particularized as follows: 

 c c c c
0 0

J(k ) ( ) ( ) ( ) - 0
U UN N

d
j j

k j y k j k jθ θ
= =

= + − + = +∑ ∑  (26) 

where the angle θ(k) is chosen as performance variable (θ(k)=y(k) ) (it was assumed that for 
small deflections the tip position is ( )kLθ&&  ). Furthermore, a saturation block (-20<u(k)<20) 
was added at the output of the PD controller either in the “real” system and in the 
prediction model to take into account the saturation of the actuation system. Some 
simulations were performed with the aim of comparing the performance of the reference 
shaper by varying the computational power required for real-time computation. This aspect 
has been emulated by fixing the number of generations (gen=10) evaluated during the 
interval Tc and by varying its duration; indeed, the longer is Tc, the less is the computing 
power required. The computing times Tc=[1, 2, 4, 8, 16] ⋅Ts have been evaluated; the test 
results are summarized by the performance indexes reported in table 9. The reported 
indexes were evaluated over a period of 15 s. In column 2 the percent performance increase 
(evaluated by means of the mean absolute tracking error) with regard to the PD controller 
case is reported; the shaper produced a significant reduction of about 30 %  in the case of 
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Tc=[1, 2, 4]⋅Ts. Conversely, for Tc=16⋅Ts the shaper has an evident negative effect (-56%), 
because in this case, the number of generations evaluated in a sampling time Ts 
(gen/Ts=0.625, see column 7) is too small to reach a satisfactory solution. In the successive 
columns of table 9 the mean, maximum and minimum value of the control signal are 
reported. In column 6 it is reported the ratio (ts/tr) between the simulation time ts employed 
to run the simulation and the real-time tr. All the described simulations were carried out by 
employing a PentiumII 200 MHz processor; the code was written in C, and the dynamics 
were simulated with a fourth order Runge-Kutta algorithm. In more details, for Tc≥2⋅Ts, the 
normalized simulation time is less than one; this implies that the proposed procedure could 
be employed on the physical system with the current processor as real-time controller. In 
figure 20a it is shown the tip position when the reference shaper is applied when Tc=2⋅Ts. A 
significant increase in the oscillation damping is observed with respect to the PD law. In 
figure 20b the corresponding control signal is shown; it should be noted that, although the 
active constraint on the command amplitude, the performance are not degraded. In figure 
21a the online shaped reference rs(k) is shown, while in figure 21b it is reported the motor 
position φ(k). Overall, the results clearly show that the evolutionary shaper was able to give 
a substantial improvement to the performance of the existing PD feedback controller.   
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Figure 18. The structure (a), and the model (b) 
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Figure 19. Free and PD controlled response (a), PD control effort (b) 
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the control law is to add damping to the system by properly driving the pendulum, when 
the beam starts in a deflected position. The beam is modeled as a first order mass-spring-
damper element (figure 18b). The matrices of the system according to model (1) are: 
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The parameters of the model (25) are reported in table 7. The inner loop is controlled by a 
PD law; this controller was expressly tuned to increase the damping effect induced by the 
controlled pendulum on the beam oscillations. In figure 19a it is reported the deflection of 
the tip position of the beam in the case of free and of PD-controlled response, while in figure 
19b it is reported the corresponding PD control signal u(k). Although a significant reduction 
of the oscillations is observed, the PD controller is not able to add a large damping to the 
system.  
To improve the performance of the PD controlled system a reference MPC shaper is added 
to the inner loop according to general scheme of figure 15. The decision variables are the 
elements of the sequence [Δrs(kc+1), Δrs(kc+2),…, Δrs(kc+NU-1)] of the shaped rs(k) reference 
for the feedback PD controller. The horizon length was set to NU=NY=32; this implies a 
control horizon of NU⋅Ts =1.28 s (Ts=0.04s); the employment of shorter horizons has 
generated unsatisfactory responses. The other parameters of the evolutionary shaper are 
reported in table 8. Since the scope is to damp out the oscillation of the tip of the beam, the 
objective function (25) was particularized as follows: 
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small deflections the tip position is ( )kLθ&&  ). Furthermore, a saturation block (-20<u(k)<20) 
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Tc=[1, 2, 4]⋅Ts. Conversely, for Tc=16⋅Ts the shaper has an evident negative effect (-56%), 
because in this case, the number of generations evaluated in a sampling time Ts 
(gen/Ts=0.625, see column 7) is too small to reach a satisfactory solution. In the successive 
columns of table 9 the mean, maximum and minimum value of the control signal are 
reported. In column 6 it is reported the ratio (ts/tr) between the simulation time ts employed 
to run the simulation and the real-time tr. All the described simulations were carried out by 
employing a PentiumII 200 MHz processor; the code was written in C, and the dynamics 
were simulated with a fourth order Runge-Kutta algorithm. In more details, for Tc≥2⋅Ts, the 
normalized simulation time is less than one; this implies that the proposed procedure could 
be employed on the physical system with the current processor as real-time controller. In 
figure 20a it is shown the tip position when the reference shaper is applied when Tc=2⋅Ts. A 
significant increase in the oscillation damping is observed with respect to the PD law. In 
figure 20b the corresponding control signal is shown; it should be noted that, although the 
active constraint on the command amplitude, the performance are not degraded. In figure 
21a the online shaped reference rs(k) is shown, while in figure 21b it is reported the motor 
position φ(k). Overall, the results clearly show that the evolutionary shaper was able to give 
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Figure 18. The structure (a), and the model (b) 
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Figure 19. Free and PD controlled response (a), PD control effort (b) 
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Figure 20.  The response with the reference shaper PD+MPC  (Tc =2⋅Ts) 
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Figure 21. Shaped reference rs (a) and motor position (b) 

M 0.689 kg Mass of the beam 
m 0.070 kg Mass of the pendulum 
L 1.000 m Length of the beam 
l 0.086 m Length of the pendulum 

K1 25.3 Nm/rad Elastic coeff. of the beam 
C1 0.008 Nm/s rad Damping coeff. of the beam 
C2 0.050 Nm/s rad Damping coeff. of the pendulum 

Table 7.  Parameters of the model (Example 1) 

20N =  6D =  2S =  ' 4S =  
0.1mp =  0.8cp =  0.04sT =  4000L =  
32UN =  32YN =  1000XΔ =  0.4R+ =  
0.4R− = −  0.01R+Δ =  0.01R−Δ = −  10gen =  

Table 8. Parameters of the evolutionary shaper (example 1) 
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Table 9. Performance of PD and PD+MPC (example 1). Col.1 Computing time, Col.2 Mean 
tracking error, Col.3 mean control effort, Col.4 Maximum control, Col.5 Minumum control, 
Col.6 Normalized simulation time, Col.7 Generation evaluated in a sampling interval 

13.2 Two Links Planar Robot (Ex. 2)  
In this study a well-known benchmark system in robotic optimal control was considered 
(Bobrow et Al., 1985): the two-links planar robot shown in figure 22. The matrices of the 
model according to (1) are: 
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Figure 22. The model of the two-links planar robot 
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Figure 20.  The response with the reference shaper PD+MPC  (Tc =2⋅Ts) 
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M 0.689 kg Mass of the beam 
m 0.070 kg Mass of the pendulum 
L 1.000 m Length of the beam 
l 0.086 m Length of the pendulum 

K1 25.3 Nm/rad Elastic coeff. of the beam 
C1 0.008 Nm/s rad Damping coeff. of the beam 
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Figure 22. The model of the two-links planar robot 
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The model parameters are reported in table 10. In this example it has been assumed that the 
reference shaper directly generates the control torques and for this reason no inner control 
loop was employed. The desired trajectory to be tracked by the end effector (tip position) is 
the rectangular trajectory defined (in Cartesian coordinates) by: 

  

0.21 (2 ) 0 0 4
0.42 10.5 ( 4) 4 8
0.21 (10 ) 0.42 8 12
0.42 10.5 ( 16) 12 16

d d

d d

d d

d d

x t y t
x y t t
x t y t
x y t t

= + ⋅ − = ≤ <⎧
⎪ = − = − ⋅ − ≤ <⎪
⎨ = − ⋅ − = ≤ <⎪
⎪ = + = ⋅ − ≤ <⎩

 (28) 

 

Length of the first link (l1) 0.4 m 

Length of the second link (l2) 0.25 m 

Length  b2 0.125 m 

Inertia of the 1th. link about its C.G. ( I1) 1.6 m2⋅kg 

Inertia of the 2th. link about its C.G. (I2) 0.43 m2⋅kg 

Inertia of the hand w.r. the  hand (I3) 0.01 m2⋅kg 

Mass of the second link (m2) 15 kg 

Mass of the load (ml) 6 kg 

Table 10.  Parameters of the model (Example 2) 

In the simulation study, the first joint was fixed at the origin of the reference frame. In figure 
23 the desired trajectory (28) and the corresponding velocities are shown. It has to be noted 
that, due to the discontinuity of the velocities, it is not possible to track the reference 
trajectory accurately near the discontinuity; anyway, thanks to the predictive action this 
effect can be reduced also in presence of constraints. The purpose of the MPC shaper is to 
achieve a small tracking error while fulfilling the following constraints on inputs:  

 110 ( ) 10u k− ≤ ≤  13 ( ) 3u k− ≤ Δ ≤  (29) 

 22 ( ) 2u k− ≤ ≤  20.3 ( ) 0.3u k− ≤ Δ ≤  (30) 

and the constraints on joint velocities:  

 0.9 ( ) 0.9kθ− ≤ ≤&  0.9 ( ) 0.9kφ− ≤ ≤&  (31) 
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Figure 23. The cartesian trajectory and velocity 

All the values are expressed in MKS. The decision variables of the trajectory shaper are the 
elements of the sequences of the torques that have to be applied at joints, namely: 

 1 1 1 1

2 2 2 2

( 1), ( 2),..., ( )
( )

( 1), ( 2),..., ( )
c c c u

s c
c c c u

u k u k u k N
R k

u k u k u k N
Δ + Δ + Δ +⎡ ⎤

= ⎢ ⎥Δ + Δ + Δ +⎣ ⎦
 (32) 

The following objective function have been employed:  

 1
1

J( ) ( ) - ( ) ( ) - ( ) ( )
UN

c c d c c d c c
j

k x k j x k j y k j y k j J k
=

= + + + + + +∑  (33) 

where the first term represents the absolute tip position tracking error, while the penalty 
term J1 is employed to take into account the constraints on joint velocities and it is defined, 
according to the penalty approach (34),  as: 

 ( ) ( )1
1 1

J ( ) 5 max ( ) 0.9, 0) max ( ) 0.9, 0)
U UN N

j j
k k j k jθ φ

= =

⎡ ⎤
= + − + + −⎢ ⎥

⎣ ⎦
∑ ∑& &  (35) 

Note that in this example, since the trajectory shaper directly generates the command 
signals ( ( ( ) ( ))sr k u k≡ , it is not required to explicitly insert the thresholds (36) and (37) in 
the prediction model, because thresholds (38) and (39) directly act on the control signals [u1, 
u2]. Some simulations were performed, in the case Tc=2Ts, to determine the appropriate 
values for the shaper parameters, that are reported in table 11.  The performance of the 
shaper has been detailing tested in three different contexts.  

20=N  6=D  2=S  4S =  
1.0=mp  8.0=cp  10gen =  0.02sT =  

4000L =  1000=Δ X  1 12uN =  2 12uN =  

1 3U −Δ = −  1 3U +Δ =  1 10U − = −  1 10U + =  

1 0.3U −Δ = −  2 0.3U +Δ =  2 2U − = −  1 2U + =  

Table 11.  Parameters of the evolutionary shaper (example  2) 
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reference shaper directly generates the control torques and for this reason no inner control 
loop was employed. The desired trajectory to be tracked by the end effector (tip position) is 
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Table 10.  Parameters of the model (Example 2) 

In the simulation study, the first joint was fixed at the origin of the reference frame. In figure 
23 the desired trajectory (28) and the corresponding velocities are shown. It has to be noted 
that, due to the discontinuity of the velocities, it is not possible to track the reference 
trajectory accurately near the discontinuity; anyway, thanks to the predictive action this 
effect can be reduced also in presence of constraints. The purpose of the MPC shaper is to 
achieve a small tracking error while fulfilling the following constraints on inputs:  

 110 ( ) 10u k− ≤ ≤  13 ( ) 3u k− ≤ Δ ≤  (29) 
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Figure 23. The cartesian trajectory and velocity 

All the values are expressed in MKS. The decision variables of the trajectory shaper are the 
elements of the sequences of the torques that have to be applied at joints, namely: 
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term J1 is employed to take into account the constraints on joint velocities and it is defined, 
according to the penalty approach (34),  as: 
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Note that in this example, since the trajectory shaper directly generates the command 
signals ( ( ( ) ( ))sr k u k≡ , it is not required to explicitly insert the thresholds (36) and (37) in 
the prediction model, because thresholds (38) and (39) directly act on the control signals [u1, 
u2]. Some simulations were performed, in the case Tc=2Ts, to determine the appropriate 
values for the shaper parameters, that are reported in table 11.  The performance of the 
shaper has been detailing tested in three different contexts.  

20=N  6=D  2=S  4S =  
1.0=mp  8.0=cp  10gen =  0.02sT =  

4000L =  1000=Δ X  1 12uN =  2 12uN =  
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Table 11.  Parameters of the evolutionary shaper (example  2) 
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Experiment 1: In this experiment no constraints were imposed either on inputs or on states; 
the scope was just to obtain a very accurate tracking and therefore the constraints (40)(41) 
where disabled. In figure 24a it is reported the trajectory of the tip position, while in figure 
24b the corresponding absolute tracking error is shown. Although a very good tracking 
have been achieved, the constraints on inputs, joint velocities and the corresponding rates 
are violated. In figure 25 the corresponding shaped input torques and the joint velocities are 
shown. A resume of the performance is reported in table 12. In this and in the following 
experiments the computational load was not demanding (ts/tr=0.86) and could be 
implemented in real time with the available computing power. 
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Figure 24. Tracking performance for example 2, experiment 1. Constraints on inputs and 
angular rates are disabled 
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Figure 25. Shaped torques and joints velocities example 2, experiment 1 
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(1) 

max
( )e k
(2) 

1 max
( )u k
(3) 
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max
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/s rt t  
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/ sgen t  
(10) 

Exp.1 0.0033 0.0093 22,01 2,93 6 2 1.05 1.76 086 5 
Exp.2 0.0056 0.041 10 2 3 0.3 1.383 1.66 0.86 5 
Exp.3 0.0087 0.0463 9,84 1.77 3 0.3 0.881 0.900 0.86 5 

Table 12. Performance of  MPC for Tc=2Ts : example 2. Col.1-2 Computing time, Col.3-4 
Maximum control effort, Col.5-6 Maximum control increnent, Col.7-8 Maximum angular 
rate, Col.9  Normalized simulation time, Col.10 Generation evaluated in a sampling interval 

Experiment 2: In this experiment the constraints (29) and (30) on inputs were activated while 
the constraint (31) on the velocities remain still inactive (J1=0). Due to torque saturations, an 
increase in the tracking error is observed particularly in the corners of the trajectory; anyway 
a good tracking is still achieved. It should be noted that also in this case the constraints on 
joint velocities are violated. In figure 26a and 26b the trajectory of the tip position and the 
corresponding absolute tracking error are reported respectively. In figure 27 the shaped 
input torques and the velocities of joints are shown. A resume of the performance is 
reported in table 12. 
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Figure 26.  Tracking performance for example 2, experiment 2. Only the constraints on 
inputs are active 
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Figure 27. Shaped torques and joints velocities example2, experiment 2 
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Experiment 1: In this experiment no constraints were imposed either on inputs or on states; 
the scope was just to obtain a very accurate tracking and therefore the constraints (40)(41) 
where disabled. In figure 24a it is reported the trajectory of the tip position, while in figure 
24b the corresponding absolute tracking error is shown. Although a very good tracking 
have been achieved, the constraints on inputs, joint velocities and the corresponding rates 
are violated. In figure 25 the corresponding shaped input torques and the joint velocities are 
shown. A resume of the performance is reported in table 12. In this and in the following 
experiments the computational load was not demanding (ts/tr=0.86) and could be 
implemented in real time with the available computing power. 
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Figure 24. Tracking performance for example 2, experiment 1. Constraints on inputs and 
angular rates are disabled 
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Figure 25. Shaped torques and joints velocities example 2, experiment 1 
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Figure 26.  Tracking performance for example 2, experiment 2. Only the constraints on 
inputs are active 
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Figure 27. Shaped torques and joints velocities example2, experiment 2 
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Experiment 3: In the last experiment also the constraints (31) on the velocities have been 
activated ( ).01 ≠J  Due to the presence of these additional constraints, it was not possible to 
maintain a good tracking in some parts along the trajectory. In figure 28a and 28b the 
trajectory of the tip position and the corresponding absolute tracking errors are reported. In 
figure 29 the shaped input torques and the joints velocities are shown. It should be observed 
that in this case all the constraints were fulfilled; in particular the most decisive constraint 
was that on the second joint velocity. Indeed, in the periods when this signal is saturated the 
biggest tracking error was observed. The control torques never reached the saturation. In all 
the three experiments the trajectory shaper has given an appropriate solution to the 
constrained robot motion planning problem. 
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Figure 28. Tracking performance for example 2, experiment 3. Constraints on inputs and 
angular rates are active 

 

In this and in the following experiments the 
computational load was not demanding 
(ts/tr=0.66) and could be implemented in real 
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Figure 29. Shaped torques and joints velocities example 2, experiment 3 
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14. Comparison with conventional optimization methods  
The comparison of the Evolutionary optimization for nonlinear MPC with respect to 
conventional methods was first carried out in (Onnen et Al., 1997); in this study it was 
showed the superiority of the EA on the branch-and-bound discrete search algorithm. In this 
study, our intention was to compare the performance provided by the proposed EA with a 
local gradient-based iterative algorithm. It was implemented a basic gradient steepest 
descent algorithm and used the standard gradient projection method to fulfill the amplitude 
and rate constraints for the control commands (Kirk, 1970); the partial derivatives of the 
index J with respect to the decision variables were evaluated numerically. The performance 
comparison was performed on the more challenging two-links planar robot system in the 
case of the experiment 2. Table 13 reports the performance provided by the two methods in 
terms of the normalized simulation time, the mean absolute tracking error and the number 
of prediction required by increasing the number of algorithm cycles per sampling interval 
Ts. The Evolutionary optimization gave remarkably better performance in terms of the mean 
tracking error. This fact clearly puts into evidence that, in this case, the gradient-based 
optimization gets tapped in local minima, while the EA provides an effective way to prevent 
the problem. As for the computational power (N_ sim/ Ts) required by the two methods to 
converge to a sub optimal solution within 5% of the stationary value, the EA required 160 
simulations while the gradient-based 196; the corresponding normalized simulation times 
were comparable. The possibility of achieving remarkable performance improvement with a 
comparable computational cost clearly demonstrates that the EA-based predictive shaper 
offers a valid alternative to iterative local optimization methods especially in the case of 
multi modal objective functions. 

 EA 
(NU=12,N=20)  GRAD 

(NU=12) 

n°-cicles/Ts ts/tr mean
ke )( N_ sim/ Ts ts/tr mean

ke )( N_ sim/ Ts  

1 0.28 0.0228 20 0.17 0.0311 12 

2 0.45 0.0069 40 0.25 0.0135 24 

4 0.71 0.0057 80 0.40 0.0122 48 

8 1.21 0.0055 160 0.70 0.0115 96 

16 3.10 0.0054 320 1.26 0.0104 192 

32 4.97 0.0054 640 2.39 0.0103 384 

Table 13. MPC performance comparison of EA and gradient-based optimization 

15. Conclusions 
In this work an online predictive reference shaper has been proposed as a method to 
improve the tracking performance of robotic systems subjected to constraints on input and 
state variables. The method allows the choice of an arbitrary multi-objective cost function 
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Figure 28. Tracking performance for example 2, experiment 3. Constraints on inputs and 
angular rates are active 
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Figure 29. Shaped torques and joints velocities example 2, experiment 3 
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The comparison of the Evolutionary optimization for nonlinear MPC with respect to 
conventional methods was first carried out in (Onnen et Al., 1997); in this study it was 
showed the superiority of the EA on the branch-and-bound discrete search algorithm. In this 
study, our intention was to compare the performance provided by the proposed EA with a 
local gradient-based iterative algorithm. It was implemented a basic gradient steepest 
descent algorithm and used the standard gradient projection method to fulfill the amplitude 
and rate constraints for the control commands (Kirk, 1970); the partial derivatives of the 
index J with respect to the decision variables were evaluated numerically. The performance 
comparison was performed on the more challenging two-links planar robot system in the 
case of the experiment 2. Table 13 reports the performance provided by the two methods in 
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of prediction required by increasing the number of algorithm cycles per sampling interval 
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tracking error. This fact clearly puts into evidence that, in this case, the gradient-based 
optimization gets tapped in local minima, while the EA provides an effective way to prevent 
the problem. As for the computational power (N_ sim/ Ts) required by the two methods to 
converge to a sub optimal solution within 5% of the stationary value, the EA required 160 
simulations while the gradient-based 196; the corresponding normalized simulation times 
were comparable. The possibility of achieving remarkable performance improvement with a 
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15. Conclusions 
In this work an online predictive reference shaper has been proposed as a method to 
improve the tracking performance of robotic systems subjected to constraints on input and 
state variables. The method allows the choice of an arbitrary multi-objective cost function 
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that quantifies all the objectives of the desired constrained motion. The global nonlinear 
optimization is performed in discrete time employing an online specialized Evolutionary 
Algorithm. The trajectory shaper has been applied in two examples of constrained robotic 
motion. Both the simulation tests have clearly pointed out the benefits on the performance 
given by the proposed Predictive Evolutionary Trajectory Shaper; furthermore, the EA 
algorithm outperformed a conventional iterative gradient-based optimization procedure. It 
has also been shown that real time implementation can be easily achieved using a not 
excessively powerful CPU. Finally, it is worth mentioning that the proposed method is 
sufficiently general and for this reason could be easily extended to other kinds of nonlinear 
dynamic systems with arbitrary references and constraints. 
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Applying Real-Time Survivability 
Considerations in Evolutionary Behavior 

Learning by a Mobile Robot 
Wolfgang Freund, Tomás Arredondo V. and César Muñoz 

Universidad Técnica Federico Santa María, Departamento de Electrónica 
Chile 

1. Introduction 
In this chapter we investigate real-time extensions for evolutionary mobile robot learning. 
The learning performance is measured in navigation experiments of complex environments 
as performed in a Kephera mobile robot simulator (YAKS). All these experiments are done 
in the context of our recently introduced motivation based interface that provides an 
intuitive human-robot communications mechanism (Arredondo et al., 2006). This 
motivation interface has been used in a variety of behavior based navigation and 
environment recognition tasks (Freund et al., 2006). 
Our first heuristic introduces active battery level sensors and recharge zones, which are 
used as soft deadlines to improve robot behavior for reaching survivability in environment 
exploration. Based on our previously defined model, we also propose a hard deadline based 
hybrid controller for a mobile robot, combining behavior-based and mission-oriented 
control mechanisms. 
These methods are implemented and applied in action sequence based environment 
exploration tasks in a YAKS mobile robot simulator. We validate our techniques with 
several sets of configuration parameters on different scenarios. We consider soft-deadlines 
as a dangerous but not critical battery charge level which affect a robot's fitness. Hard-
deadlines are considered as a possible (because of partial knowledge) point where, if the 
robot does not recharge his battery, an unrecoverable final freezing state is possible. Our 
tests include action sequence based environment exploration tasks. These experiments show 
a significant improvement in robot responsiveness regarding survivability and environment 
exploration when using these real-time based methods. 
The rest of the chapter is organized as follows. In Section 2 a description of our soft-
computing based navigation model is given. In Section 3 real-time extensions of our model 
are presented. In Section 4 we show the experimental setup and test results. Finally, in 
Section 5 some conclusions and future work are drawn. 

2. Soft-computing Based Robotic Navigation 
Navigation and environment recognition is something that is taken for granted by most of 
us but as we see when observing an infant this is a difficult task fraught with peril for the 
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These methods are implemented and applied in action sequence based environment 
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as a dangerous but not critical battery charge level which affect a robot's fitness. Hard-
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2. Soft-computing Based Robotic Navigation 
Navigation and environment recognition is something that is taken for granted by most of 
us but as we see when observing an infant this is a difficult task fraught with peril for the 
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inexperienced navigator. Thanks to its tolerance of imprecision and incomplete data, soft-
computing has had much recent success in robotic navigation where other more structured 
or formal methods have not fared so well (Arkin, 1998; Jang et al., 1997; Konolige et al. 1992; 
Goodrige, 1997 ; Kem & Woo, 2005). Fuzzy logic has been a mainstay of several such efforts: 
applying fuzzy rule based method for a hexapod obstacle avoidance (Kem & Woo, 2005), 
using independent distributed fuzzy agents and weighted vector summation via fuzzy 
multiplexers for producing drive and steer commands (Goodrige, 1997), neuro-fuzzy 
controllers for behavior design (Hoffmann, 2000), fuzzy modular motion planning (Al-
Khatib & Saade, 2003), fuzzy integration of groups of behaviors (Izumi & Watanabe, 2000), 
multiple fuzzy agents for behavior fusion (Barberá & Skarmeta, 2002), GA based neuro 
fuzzy reinforcement learning agents (Zhou, 2002), and fuzzy logic integration for robotic 
navigation in challenging terrain (Seraji & Howard, 2002). 
Using fuzzy logic as a motivation toward a variety of useful behaviors is something that has 
not seen wide usage in robotics previously. Toward this goal, we have implemented such 
motivations (e.g. a need, desire or want) as fuzzy fitness functions that serve to influence the 
intensity and direction of robotic behaviors (Arredondo et al., 2006). In general, motivations 
are accepted as involved in the performance of learned behaviors given that a learned 
behavior may not occur unless it's driven by a motivation (Huitt, 2001). Having a variety of 
motivations helps produce diverse behaviors some of which have a high degree of benefit 
(or fitness) for the organism. 
In our experiments, we have used fuzzy membership functions (Fig. l) toward 
implementing a motivation based interface for determining robotic fitness. There are five 
triangular functions used for each of the four motivations in our experiment (Very Low, 
Low, Medium, High, Very High). 
The motivation set (M) considered in this study includes: curiosity (m1), homing (m2), and 
energy (m3). These motivations are used as input settings (between 0 and 1) prior to running 
each experiment. 
During training, a run environment (room) is selected and the GA initial robot population is 
randomly generated. After this, each robot in the population performs its navigation task 
and a set of fitness values corresponding to the performed task are obtained (f1 through f3). 
Finally, robotic fitness is calculated using the fitness values information provided by the 
simulator and the different motivations at the time of exploration (Fig. 2). 
Takagi-Sugeno-Kang (TSK) fuzzy logic model is used, TSK fuzzy logic does not require 
deffuzification as each rule has a crisp output that is aggregated as a weighted average (Jang 
et al., 1997). 
The membership functions used are given in Fig. 1. Sample fuzzy rules (numbers 9 and 10) 
are given as follows: 
 

if (f1 == M) and (f2 == V.L.) and (f3 == V.L.) then 
f[9] = m1f1C[3]+m2f2C[1]+m3f3C[1]  
 

if (f1 == M) and f2 == V.L.) and (f3 == L) then 
f[10] = m1f1C[3]+m2f2C[1]+m3f3C[1] 
 

The values for these fitness criteria are normalized (range from 0 to 1). The criteria and the 
variables that correspond to them are: amount of area explored (f1), proper action 
termination and escape from original neighborhood area (f2), and percent of battery usage 
(f3). These fitness values are calculated after the robot completes each run. The f1 value is 
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determined by considering the percentage area explored relative to the optimum, f2 is 
determined by f2 = 1 —l/L, where l is the final distance to robot's home and L the theoretical 
maximum value. Finally f3 is the estimated total energy consumption of the robot 
considering each step. 
The final fuzzy motivation fitness value (F) is calculated using TSK based fuzzy logic (three 
fuzzy variables with five membership functions each: 35 = 243 different fuzzy rules) as 
shown in Fig. 3 and using the membership functions to compute μ, values. For the 
coefficient array C we used a linear function. 

 
 

 
Figure 1. Fuzzy membership functions 

 

 

 
Figure 2. System overview 
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Figure 3. Fuzzy fitness algorithm 

2.1 Implementation 
The YAKS (Yet Another Khepera Simulator) simulator is the base for our implementation. 
YAKS is a simple open source behavior-based simulator (YAKS) that uses neural networks 
and genetic algorithms to provide a navigation environment for a Khepera robot as seen in 
Fig. 5. Sensors are directly provided into a multilayer neural network in order to drive left 
and right wheel motors (Fig. 4). A simple genetic algorithm is used with 200 members, 100 
generations, mutation of 1%, and elite reproduction. Random noise (5%) is injected into 
sensors to improve realism. The GA provides with a mechanism for updating neural 
network weights used by each robot in the population that is being optimized. An overview 
of our fuzzy fitness implementation is shown in Fig. 6. 
Outputs of the Neural Network are real valued motor commands (Motor_L and Motor_R) 
between 0 and 1 which are discretized into one of four actions (left 30°, right 30°, turn 180°, 
go straight). This follows the Action-based environmental modeling (AEM) search space 
reduction paradigm (Yamada, 2005). 
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Figure 4. Robotic neural network 

 

 
Figure 5. Kephera robot 

3. Real-Time Extensions 
Real-time systems are concerned with real-world applications, where temporal constraints 
are part of system specification imposed by the environment, i.e. firm-deadlines in QOS 
environments, soft-deadlines in non-critical control applications and hard deadlines in 
safety-critical systems. In the last years more research effort have been made applying soft-
computing techniques to real-time control problems (Wang & Lee, 2003; Jha et al., 2005; 
Seraji & Howard, 2002; Maione & Naso, 2003; Ziemke et al., 2005). The main advantage over 
traditional control mechanisms is in the additional robustness regarding lack or poor 
environmental information (if not the problem definition itself) which concerns almost all 
real-time control applications (Sick et al., 1998). 



Frontiers in Evolutionary Robotics 

 

188 

 
Figure 3. Fuzzy fitness algorithm 

2.1 Implementation 
The YAKS (Yet Another Khepera Simulator) simulator is the base for our implementation. 
YAKS is a simple open source behavior-based simulator (YAKS) that uses neural networks 
and genetic algorithms to provide a navigation environment for a Khepera robot as seen in 
Fig. 5. Sensors are directly provided into a multilayer neural network in order to drive left 
and right wheel motors (Fig. 4). A simple genetic algorithm is used with 200 members, 100 
generations, mutation of 1%, and elite reproduction. Random noise (5%) is injected into 
sensors to improve realism. The GA provides with a mechanism for updating neural 
network weights used by each robot in the population that is being optimized. An overview 
of our fuzzy fitness implementation is shown in Fig. 6. 
Outputs of the Neural Network are real valued motor commands (Motor_L and Motor_R) 
between 0 and 1 which are discretized into one of four actions (left 30°, right 30°, turn 180°, 
go straight). This follows the Action-based environmental modeling (AEM) search space 
reduction paradigm (Yamada, 2005). 
 

Applying Real-Time Survivability Considerations in Evolutionary Behavior 
Learning by a Mobile Robot 

 

189 

 
Figure 4. Robotic neural network 

 

 
Figure 5. Kephera robot 

3. Real-Time Extensions 
Real-time systems are concerned with real-world applications, where temporal constraints 
are part of system specification imposed by the environment, i.e. firm-deadlines in QOS 
environments, soft-deadlines in non-critical control applications and hard deadlines in 
safety-critical systems. In the last years more research effort have been made applying soft-
computing techniques to real-time control problems (Wang & Lee, 2003; Jha et al., 2005; 
Seraji & Howard, 2002; Maione & Naso, 2003; Ziemke et al., 2005). The main advantage over 
traditional control mechanisms is in the additional robustness regarding lack or poor 
environmental information (if not the problem definition itself) which concerns almost all 
real-time control applications (Sick et al., 1998). 



Frontiers in Evolutionary Robotics 

 

190 

 
Figure 6. Robotic system implementation 

On the other hand, soft-computing based methods are more intuitive than strict formal 
models, soft-computing (e.g. fuzzy logic) aims to gain from operator perceptions and 
through iterative improvements in the associated rule set tries to obtain the capabilities of 
the real expert. However, not much attention has been given to real-time considerations, 
regarding soft or hard deadlines. Some important aspects of real-time must be taken into 
account: how could soft-computing techniques, such as fuzzy logic, neural networks or 
genetic algorithms affect systems responsiveness and survivability? 
In order to introduce our behavior based mobile robot methodology in a real-world 
application, we introduce an active battery sensor to allow for the detection of low battery 
conditions and we also provide various number of recharge zones within different room 
configurations. These real-time extensions must be capable of supporting different sets of 
motivations while also improving survivability and exploration performance. 
Our primary goal consists of full environment exploration considering energy consumption 
and recharge zones. To reach this objective, the robot's behavior must be influenced through 
periodic energy evaluation for recharging the battery before it is be too late. In this approach 
we consider soft-deadlines as a dangerous but not critical battery charge level which affect 
robot's fitness. Hard-deadlines are considered as a possible (because of partial knowledge) 
point where, if the robot does not recharge his battery, an unrecoverable final freezing state 
is possible. Soft vs hard-deadlines force a change in the robot's operation from behavior-
based to mission-oriented (hybrid), which guides the robot using the shortest known path to 
a nearest previously found charging zone. 
During environment exploration, autonomous or semi-autonomous mobile robots are 
confronted with events which could be predictable such as walls and static objects, or 
unpredictable such as moving objects or environmental changes. Some of these events must 
be attended in real-time (responsiveness) to guarantee the robot's integrity (survivability) 
(Kopetz, 1997). 
Traditional control mechanisms are based on reliable real-time systems, i.e. time constraints 
over executions and predictability (Gheith & Schwan, 1993), also known as dependable 
systems (Motet & Geffroy, 2003), e.g. the mars pathfinder or DUSAUV, a semi-autonomous 
underwater vehicle presented in (Li et al., 2005). On the other hand, soft-computing based 
methods have not been widely used in this arena due to their inherent uncertainty. 
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In order to introduce real-time considerations into our behavior-based mobile robot for a 
real-world application, we extend our model by using temporal constraints during the 
navigation test-phase. The constraints considered include energy consumption and finite 
battery charge capacity. 
In our approach soft-deadlines dynamically affects the robots navigation. This could 
influence behaviors to avoid highly energy consuming actions and could guide the robot's 
movement to a recharging zone as necessary. 
When a critical battery level is reached, the previously defined method is no longer useful. 
A responsive real-time method is needed to, if possible, guarantee survivability (Kopetz, 
1997). Strictly speaking, we can't guarantee survivability because of the robots partial 
knowledge of the world map which, initially, has no recharge zones mapped (we do not 
consider the starting point as a recharging zone). Nevertheless, because of the off-line robot 
training-phase, we expect that the trained robot (e.g. NN) will be capable of finding 
charging zones. Using the charge zone information obtained on-line, the robot applies real-
time based navigation. We establish a hard-deadline as the point of the robot's 
unrecoverable final freezing state. Before reaching this deadline (with a 10% safety margin) 
the robot's operation mode changes from behavior-based to mission oriented, following the 
shortest path to the nearest previously found charging zone (Tompkins et al., 2006). 

4. Experimental Evaluation 
The major purpose of the experiments reported in this section is to study the influence of 
our real-time extensions over the robot's behavior, considering survivability and exploration 
capability. 
We have designed four different rooms (environments) for the robot to navigate in. We 
denote these rooms as: S-ROOM (the simplest), L-ROOM, T-ROOM and H-ROOM (most complex). 
Walls are represented by lines and we designate up to three charging zones (see circles in 
Fig. 7). The starting zones for each room will be the lower left corner (quarter circles in Fig. 
7). 
We will denote by NRT the behavior-based algorithm which operates the robot without any 
real-time considerations, i.e. the battery level has no influence over robot's behavior but, if it 
comes near to a charging zone the battery level is updated to his maximum capacity. The 
main characteristics of NRT are: 
• the battery level has no influence on the robot during training phase and, 
• there is no input neuron connected to the battery sensor. 

 
 a) S-ROOM b) L-ROOM c) T-ROOM d) H-ROOM 
Figure 7. Experiment rooms layout with starting and recharging zones 
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We denote by SRT the algorithm which operates the robot with soft-real time considerations, 
influencing his behavior to avoid a dangerous battery level. This algorithm differs from NRT 
mainly by 
• battery level influences robot's fitness evaluation used by the GA and, 
• a new input neuron is connected to a battery level sensor. 
Finally, we denote by HRT the hybrid algorithm which operates the robot with hard-real 
time considerations, i.e., the same as SRT incorporating critical battery level sensing, and also 
having the capacity to change the robot's normal operation to mission oriented, 
guaranteeing his survivability (if at least one charging zone was previously found). 

4.1 Experimental Setup 
As mentioned before, the experiments are performed using a modified version of YAKS. 
This simulation system has several different elements including: the robot simulator, neural 
networks, GA, and fuzzy logic based fitness. 
Khepera Robot For these simulations, a Khepera robot was chosen. The robot configuration 
has two DC motors and eight (six front and two back) infrared proximity sensors used to 
detect nearby obstacles. These sensors provide 10 bit output values (with 5% random noise), 
which allow the robot to know in approximate form the distance to local obstacles. The 
YAKS simulator provides the readings for the robot sensors according to the robot position 
and the map (room) it is in. The simulator also has information for the different areas that 
the robot visits and the various obstacles (walls) or zones (home, charging zones) detected in 
the room. In order to navigate, the robot executes up to 1000 steps in each simulation, but 
not every step produces forward motion as some only rotate the robot. If the robot has no 
more energy, it freezes and the simulation stops. 
Artificial Neural Network The original neural network (NN) used has eight input neurons 
connected to the infrared sensors, five neurons in the hidden layer and two output neurons 
directly connected to the motors that produce the robot movement. Additionally, in our 
real-time extensions we introduce another input neuron connected to the battery sensor 
(activated by SRT and HRT). 
Genetic Algorithm A GA is used to find an optimal configuration of weights for the neural 
network. Each individual in the GA represents a NN which is evolving with the passing of 
different generations. The GA uses the following parameters: 
• Population size: 200 
• Crossover operator: random crossover 
• Selection method: elite strategy selection 
• Mutation rate: 1% 
• Generations: 100 
For each room (see Fig. 7) we trained a robot up to 400 steps, considering only 
configurations with 2 or 3 charging zones, i.e. shutting down zone 3 for 2-zones simulations. 
Startup battery level allows the robot to finish this training phase without recharging 
requirements. 
Finally, we tested our algorithms in each room up to 1000 steps, using the previously 
trained NN for each respective room. The startup battery level was set to 80 (less than 50% 
of it's capacity), which was insufficient to realize the whole test without recharging. 
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4.2 Experimental Results 

 
 a) S- ROOM 2 charge zones b) S- ROOM 3 charge zones 

 
 c) H- ROOM 2 charge zones d) H- ROOM 3 charge zones 
Figure 8. Exploration behaviour 

We chose the S-ROOM and H-ROOM to show results for a simple and complex room 
respectively, which are representative behaviors of our approach. 
In Fig. 8 we show the robot's exploration behavior for selected rooms. Each curve in the 
graph shows the average value of 10 executions of the same experiment (deviation between 
experiment iterations was very small, justifying only 10 executions). Let surv()i the 
survivability of the experiment instance i of algorithm , we define surv() as the 
survivability of an experiment applying algorithm  as the worst case survivability instance 
of an experiment, i.e. 

 surv() =    min   [surv()i] (1) 
i=l,...,10 

Please note that the end of each curve in Fig. 8 denotes the survivability of the respective 
algorithm (for better readability, we mark NRT survivability with a vertical line). Reaching 
step 1000 (the maximum duration of our experiments) means that the robot using the 
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 c) H- ROOM 2 charge zones d) H- ROOM 3 charge zones 
Figure 8. Exploration behaviour 

We chose the S-ROOM and H-ROOM to show results for a simple and complex room 
respectively, which are representative behaviors of our approach. 
In Fig. 8 we show the robot's exploration behavior for selected rooms. Each curve in the 
graph shows the average value of 10 executions of the same experiment (deviation between 
experiment iterations was very small, justifying only 10 executions). Let surv()i the 
survivability of the experiment instance i of algorithm , we define surv() as the 
survivability of an experiment applying algorithm  as the worst case survivability instance 
of an experiment, i.e. 

 surv() =    min   [surv()i] (1) 
i=l,...,10 

Please note that the end of each curve in Fig. 8 denotes the survivability of the respective 
algorithm (for better readability, we mark NRT survivability with a vertical line). Reaching 
step 1000 (the maximum duration of our experiments) means that the robot using the 
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algorithm survives the navigation experiment. Finally, in Fig. 9 we show a representative 
robot's battery level. Monitoring was made during test phase in a H-ROOM with 3 charging 
zones. 

 
 a) S- ROOM 3 charge zones b) H- ROOM 2 charge zones 
Figure 9. Battery Behaviour 

4.3    Discussion 
The results of our experiments are summarized below: 
Survivability: As shown in Fig. 8, SRT and HRT algorithms give better reliability of 
completing missions than the NRT method, independently of the rooms (environments) we 
use for testing (see Fig. 7). As expected, if fewer charging zones are provided, NRT has a less 
reliable conduct. Please note that as shown in Fig. 9, NRT is also prone to battery depletion 
risk and does not survive in any case. 
When varying the room complexity, i.e. 8(b) and 8(d), real-time considerations have 
significant impact. Using SRT, a purely behavior-based driven robot (with the additional 
neuron and motivation), improves it's performance. The SRT method does not guarantee 
Survivability since without changing the robot operation from behavior based to mission 
oriented the robot is prone to dying even with a greater number of recharge zones (as seen 
in 8(d)). Finally, we conclude that despite the uncertainty introduced by soft-computing 
methods, HRT (e.g. the hybrid algorithm), in general is the best and safest robot control 
method from a real-time point of view. 
Exploration Environment: As can be seen in Fig. 8 safer behaviors means slower 
exploration rates (more conservative), up to 12% slower in our experiments. When 
comparing NRT with SRT, the exploration rates are almost equal in simple environments. In 
more complex rooms, SRT exploration is slower than NRT (due to battery observance). 
However, because of SRT having better survivability on the whole it's performance wins 
over NRT. If we compare NRT with HRT, exploration performance also favors NRT, wich 
could be explained given HRT conservative battery management (see Fig. 9). 
Given 2 charge zones, HRT behaves differently in environments of varying complexity (up to 
25%) which could be attributed to the complexity of the returning path to the nearest 
charging zone and loosing steps in further exploration. This phenomena becomes less 
notorious when increasing the number of charging zones (more options for recharge). 
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5. Conclusions and Future Work 
In this work we investigate real-time adaptive extensions of our fuzzy logic based approach 
for providing biologically based motivations to be used in evolutionary mobile robot 
learning. We introduce active battery level sensors and recharge zones to improve robot's 
Survivability in environment exploration. In order to achieve this goal, we propose an 
improvement of our previously defined model (e.g. SRT), as well as a hybrid controller for a 
mobile robot (e.g. HRT), combining behavior-based and mission-oriented control 
mechanisms. 
These methods are implemented and tested in action sequence based environment 
exploration tasks in a Khepera mobile robot simulator. Experimental results shows that the 
hybrid method is in general, the best/safest robot control method from a real-time point of 
view. Also, our preliminary results shows a significant improvement on robot's survivability 
by having minor changes in the robot's motivations and NN. 
Currently we are implementing a real robot for environment exploration to validate our 
model moving from simulation to experimentation. We are also introducing dynamic 
motivations schedules toward robotic behavior enhancement. Improving the dependability 
of HRT, we want to extend this control algorithm to safety-critical domains. 
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1. Introduction   
This chapter presents a new evolutionary algorithm for Mobile Robot Global Localization. 
The Evolutive Localization Filter (ELF) presented in this paper is a non linear filter 
algorithm which is able to solve the global localization problem in a robust and efficient 
way. The proposed algorithm searches along the configurations space for the best robot 
pose estimate. The elements of each generation are the set of pose solutions and represent 
the areas with more probability according to the perception and motion information up to 
date. The population evolves according to the observation and the motion error derived 
from the comparison between observed and predicted data obtained from the probabilistic 
perception and motion model. The algorithm has been tested using a mobile robot with a 
laser range finder to demonstrate the effectiveness, robustness and computational efficiency 
of the proposed approach.  
Mobile robot localization finds out a robot’s coordinates relatives to its environment, 
assuming that one is provided with a map of the environment. Localization is a key 
component in navigation and required to execute successfully a trajectory. We can 
distinguish two different cases: the re-localization case and the global localization case. Re-
localization or tracking problem tries to keep track of mobile robot´s pose, where the robot 
knows its initial position (at least approximately) and therefore has to maintain localized the 
robot along the given mission. The global localization problem does not assume any 
knowledge about the robot’s initial position and therefore has to globally localize itself.  
The two most important aspects that have to be dealt with when designing a localization 
system is how to represent uncertain information of the environment and the robot’s pose. 
Among the many ways to represent the knowledge about an environment, this article deals 
with geometrical localization methods and assumes that the environment is modelled 
geometrically as an occupancy grid map.  
In the robot’s pose uncertainty representation and estimation techniques, the vast majority 
of existing algorithms address only the position tracking problem. In this case the small 
incremental errors produced along the robot motion and the initial knowledge of the robot’s 
pose makes classical approaches such as Kalman filters or Scan Matching techniques 
applicable. If we consider the robot’s pose estimation as a Bayesian recursive problem, 
Kalman filters estimate posterior distribution of robot’s poses conditioned on sensor data. 
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In the robot’s pose uncertainty representation and estimation techniques, the vast majority 
of existing algorithms address only the position tracking problem. In this case the small 
incremental errors produced along the robot motion and the initial knowledge of the robot’s 
pose makes classical approaches such as Kalman filters or Scan Matching techniques 
applicable. If we consider the robot’s pose estimation as a Bayesian recursive problem, 
Kalman filters estimate posterior distribution of robot’s poses conditioned on sensor data. 
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Based on the Gaussian noise assumption and the Gaussian-distributed initial uncertainty 
this method represents posteriors distributions by Gaussians. Kalman filter constitutes an 
efficient solution for re-localization problems. However, the assumption’s nature of the 
uncertainty representation makes Kalman filters not robust in global localization problems. 
Scan Matching techniques are also an iterative local minimization technique and can not be 
used for global localization. 
Different families of algorithms can solve the global localization problem, some frequently 
used are: multi-hypothesis Kalman filters, grid-based probabilistic filters and Monte Carlo 
localization methods. Those methods can be included in a wider scope group of Bayesian 
estimation methods. Multi-hypothesis Kalman filters (Arras et al., 2002, Austin & Jensfelt, 
2000, Jensfelt & Kristensen, 1999, Cox & Leonard, 1994, Roumeliotis et. al, 2000)  represent 
distributions using mixtures of Gaussians, enabling them to keep track of multiple 
hypothesis, each of which is represented by a separate Gaussian. This solution presents 
some initialization problems: one of them is the determination of the initial hypotheses (the 
number can be very high and it is not bounded), this leads the algorithm to a high 
computational cost at initial stages. Besides, the Kalman filter is essentially a gradient based 
method and consequently poorly robust if the initial hypothesis is bad or noise assumptions 
fails. Grid-based localization algorithms (Fox et al., 1999, Burgard et al., 1996, Reuter, 2000) 
represent distributions by a discrete set of point probabilities distributed over the space of 
all possible poses. This group of algorithms are capable of representing multi-modal 
probabilities distributions. A third group is the Monte Carlo localization algorithms (Jensfelt 
et al., 2000, Thrun et al., 2001, Dellaert et al., 1999). These algorithms represent the 
probability distribution by means of a set of samples drawn according to the posterior 
distribution over robot’s poses. These algorithms can manage arbitrary noise distributions 
and non-linearities in the system and observation models. These methods present a high 
computational cost due to its probabilistic nature requires a high number of samples to 
draw properly the posterior probability density function. The main advantage is its 
statistical robustness.  
This article presents a localization algorithm based on a non-linear filter called Evolutionary 
Localization Filter (ELF). ELF solves the global localization robot problem in a robust and 
efficient way. The algorithm can deal with arbitrary noise distributions and non-linear space 
state systems. The key idea of ELF is to represent the uncertainty about the robot’s pose by a 
set of possible pose estimates weighted by a fitness function. The state is recursively 
estimated using set of solutions selected according on the weight associated to each possible 
solution included in the set. The set of solutions evolve in time to integrate the sensor 
information and the robot motion information. The adaptation engine of the ELF method is 
based on an evolutive adaptation mechanism which combines a stochastical gradient search 
together with probabilistic search to find the most promising pose’s candidates.  

2. Differential evolutionary filter 
The evolutive optimization techniques constitute a series of probabilistic search methods 
that avoid derivatives or probability density estimations to estimate the best solution to a 
localization problem. In the method proposed here each individual in the evolutive 
algorithm will represent a possible solution to the localization problem and the value of the 
loss function represent the error to explain the perceptual and motion data. The search of 
this solution is done stochastically employing an evolutive search technique based on the 
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differential evolution method proposed by Storn and Price (Storn & Price, 2001) for global 
optimization problems over continuous spaces. The Evolutive Filter uses a a parallel direct 

search method which utilizes n dimensional parameter vectors 
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differential evolution method proposed by Storn and Price (Storn & Price, 2001) for global 
optimization problems over continuous spaces. The Evolutive Filter uses a a parallel direct 

search method which utilizes n dimensional parameter vectors 
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utilizes N parameter vectors{ 0 1 }k

ix i … N; = , , , as a population for each generation t  of the 
optimization process. Each element of the population set represents a possible solution, but 
it hasn’t associated a probability value to each one (in the particle filter case, each element of 
the particle set has associated a probability value).  
The initial population is chosen randomly to cover the entire parameter space uniformly. In 
absence of a priori information the entire parameter space has the same probability of 
containing the optimum parameter vector, and a uniform probability distribution is 
assumed. The differential evolution filter generates new parameter vectors by adding the 
weighted difference vector between two population members to a third member. If the 
resulting vector yields a lower objective function value than a predetermined population 
member, the newly generated vector replaces the vector with which it was compared; 
otherwise, the old vector is retained. This basic idea is extended by perturbing an existing 
vector through the addition of one or more weighted difference vectors to it.  
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where k
i jp ,  is a randomly chosen value from the interval [0 1],  for each parameter j  of the 

population member i  at step k  and δ  is the crossover probability and constitutes the 

crossover control variable. The random values k
i jp ,  are made anew for each trial vector i .  
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To decide whether or not vector k
iu  should become a member of generation 1i + , the new 

vector is compared to k
ix . If vector k

iu  yields a better value for the objective fitness function 

than k
ix , then is replaced by 1k

iu + ; otherwise, the old value k
ix  is retained for the new 

generation. The general idea of the previous mechanism: mutation, crossover and selection 
are well known and can be found in literature (Goldberg 1989). 
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Figure 1. New population member generation 
A. Fitness function 
Due to we are trying to localize a mobile robot, the natural choice for fitness function is the 

sum of squared errors function. If the observation vector at time t  is 1( )T
t t p tz z … z, ,= , ,  

and the predicted observations according the estimated robots pose is 1( )ˆ ˆ ˆ T
t t p t…z z z, ,= , ,  

then the penalty function can be stated as  

 ( ) ( ) ( )ˆ ˆ ˆT
t ttt t tL x z zx z z− = − −    (3) 

In the global localization problem there exist some aspects that make this fitness function 
difficult to manage:  
• The range and accuracy of the sensor limits the possibility of discriminate between 

different poses, leading the fitness function to a high number of global maxima.  
• The number of sensors limits the possibility of discriminate between robot’s poses 

leading to multiple global maxima in the fitness function.  
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• The geometrical similarities in the environment due to the repetition of the space 
distribution originate the presence of a high number of possible robot’s pose solutions 
to the mean square loss function.  

The loss function defined in this way provides us with an optimization mechanism which 
obtain an unstable parameter solution and by extension an unstable filter. The instability of 
an evolutive filter based on this penalty function derives from the environment ambiguities. 
Due to that the evolutive filter can move from one local minimum to other, originating 
abrupt changes in the pose estimate. This problem comes from the fact we are not using all 
information we know about the system at the loss function. In fact, we only use the 
observation model to predict the sensor measurements at each position, and these predicted 
measurements together with the actual measurements are introduced in the loss function to 
evaluate the robot’s pose estimate. The instability originated by the existence of multiple 
solutions to the loss function, can not be solved by considering only the available sensor 
observations. One possibility consists of introducing in the loss function all the information 
available about the system.  
The solution proposed introduced all available information in two ways:  

• State space model information.  
State transition model and observation model are used to estimate the robot’s pose and 
robot’s observations next cycle. If we define i tx ,  as a possible robot’s pose solution i  
obtained in the last iteration of the algorithm at step t . According to the robot motion model 
the estimated position at step 1t +  according to the odometric information available will be  

 1 ( )i t i t tx g x u, + ,= ,   (4) 

This information is used for moving the poses of all population members { }m
i tx  obtained in 

the last iteration m  of the evolutive filter at step t . A faster approach, from a computational 
point of view, consist of estimating only the movement of the best estimate 1 ( )ˆ ˆt t tg ux x+ = ,  

to estimate a displacement 1ˆ ˆ ˆt tt x xd += −  and then to apply to all population member. The  

initial population at step 1t +  will be  

 0
1

ˆ{ } { }m
ti t i tx x d+ = +  (5) 

In a similar form the observation model together with the state estimate let us predict the 
sensor observation values ( )ˆˆ t th xz = .  

• Probabilistic information.  
To eliminate the ambiguity, the statistical information available have to be considered. This 
information is included into the loss function. One possible choice is to include the distance 

between the estimated robot’s pose 1ˆ tx +  and each candidate solution k
ix  at iteration k  at 

step ;  in the loss function together with the observation error between sensor prediction 
and sensor measurement.  
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• The geometrical similarities in the environment due to the repetition of the space 
distribution originate the presence of a high number of possible robot’s pose solutions 
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and sensor measurement.  
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1
1( ) ( ) ( )ˆ ˆ ˆk T

t tt i t tL x z Q zx z z−
+ − = − −  

 1
1 1[( ) ( ) ]ˆ ˆk T k T

t ti ix R xx x−
+ ++ − −    (6) 

where Q  and R  are the covariance matrix of the observation and motion noises, and z  
the sensor data. This loss function includes two effects: the first term considers the 
observational error, that is the squared distances of sensor observation innovation, and the 
second term considers the motion innovation. The motion innovation considers the distance 
between the predicted robot position and the position for a particular solution weighted 
according a coefficient.  
 
B. The Evolutive Localization Filter algorithm 
According with the previous ideas algorithm has the following steps:  

• Step 1: Initialization.  
The initial set of solutions is calculated and the fitness value associated to each of the points 
in the state space is evaluated. In the most general case where no information about initial 
position is available, the initial set of robot’s pose solutions is obtained by drawing the 
robot’s poses according to a uniform probability distribution over the state space.  
The initial robot’s pose estimate is fixed to an initial value.  

• Step 2: Evolutive search.  
(a) For each element of the set of robot’s pose solutions, and according to the map, the 
expected sensor observations are obtained. The expected observation, the sensor 
observations, the robot’s pose estimate and the robot’s pose element are used to evaluate the 
loss function for each pose element in the set of solutions.  
(b) A new generation of perturbed robot’s pose solutions are generated according to the 
perturbation method exposed previously. For each perturbed solution the expected 
observations are calculated and the loss function evaluated. If the perturbed solution results 
in a better loss function, this perturbed solution is selected for the following iteration, 
otherwise the original is maintained.  
(c) The crossover operator is applied to the resultant population.  
(d) The robot’s pose element of the set with lower value of the loss function is marked as 
best robot’s pose estimate. Go to step 2b a given number of iterations.  

• Step 3: Updating. The best robot’s pose element of the population is used as the 
updated state estimate and then used in state transition model to predict the new 
state according to the odometry information.  

 1 ( )ˆ ˆt t tf ux x+ = ,   (7) 

Then, the displacement is evaluated and the whole population is moved according to this 
displacement. Then go to step 2.  
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Figure 2. Convergence speed as a function of the iteration number 

3. Experimental results 
All experiments have been developed in an indoor environment - University laboratories, 
offices and corridors, and conducted on a B21-RWI mobile vehicle, equipped with laser 
range finder.  
A. Convergence of the algorithm 
One fundamental question about evolutionary algorithms is their convergence and their 
convergence rates: how quickly can the populations come to the individuals (robot’s pose 
solutions) with the highest fitness value?  
It has been considered that the algorithm converges to a solution, when all population size is 
located in a ball of given radius around the best estimate (0.5 meters). Fig. 2 shows the 
convergence speed of the Evolutive Filter with a set of 500 individuals as a function of the 
iteration number used for a given trajectory. . As figure 2 suggest, the algorithm proposed is 
highly efficient in terms of convergence speed. The algorithm behaviour is clearly 
asymptotical. The speed of convergence grows with the iteration number, but an excessively 
fast convergence can lead to a local minima. In the tests, the appropriate range of iterations 
is located between 10 and 30. In this range, the probability of converging to a local minimum 
is low and the computational effort is reasonable.  
Fig. 2 shows a typical convergence process of the Evolutive Localization Filter for a population 
set of 1000 individuals and 15 iterations of the evolutive filter in each cycle. The robot trajectory 
starts in the left office of the upper side of the map, goes to the corridor,  and continue along the 
central corridor toward the right side of the map (Fig. 2). It can be noticed that the population 
individuals tend to concentrate in highly similar areas at the initial pose. After some cycles the 
algorithm estimate (black circle) reaches the true robot’s pose (blue cross) and the population set 
converges to the true robot’s pose. The environment is modelled as an occupancy grid with a 
cell’s size of 12  centimetres. The map scales in figure 2 are expressed in cells.  
B. Accuracy and robustness 
One striking aspect is the low number of robot’s pose solutions required in the population. 
An appropriate population size for the environment under consideration is 300. The size of 
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this environment is approximately 865 2m , and then less than 0.3 elements per square meter 
is required. In a similar test with Monte Carlo, for this environment are required 10000 
samples to localize reliably the mobile robot. Jensfelt tests with a Monte Carlo Localization 
method (Jensfelt, 2001) for a test environment of 900m2 required 10,000 samples. That is 11 
samples per square meter.  
Fig. 3 shows the performance of the ELF under different sensor noise levels. The ELF 
algorithm exhibit an relatively constant average error around 6 cm until a sensor noise level 
of 30%, but even with higher noise levels (50%) is able to localize the robot. This robustness 
to sensor noise is equivalent to Monte Carlo results shown in (Thrun & Fox, 2001).  
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Figure 3. EFL convergence process at cycles: 3, 5, 7 and 9 
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If we consider the effect of the population size on the accuracy of the algorithm, it can be 
noticed the minimum effect of the population size on the accuracy. This behaviour is 
consequence of the search nature of the ELF algorithm. This behaviour differs completely 
from Monte Carlo results. As noticed by several authors (Doucet, 1998, Liu & Chen, 1998), 
the basic Monte Carlo filter performs poorly if the proposal distribution, which is used to 
generate samples, place not enough samples in regions where the desired posterior is large. 
This problem has practical importance because of time limitations existing in on-line 
applications. 
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Figure 4. Error of ELF as a function of the sensor noise 
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Figure 5. Accuracy as a function of the population size 
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C. Complexity and computational cost 
A final issue addressed in our experiments concerns the running time of ELF algorithm. The 
absolute time depends on several factors: the computer platform, the observation prediction 
model and the sensor data, and the population and iterations number. This section 
illustrates the requirements of ELF. All results reported here were obtained in a PC with an 
Athlon XP 1800+ processor.  
Table 1 shows the time required for ELF to update the estimate value using 60 range laser 
data, 15 iterations and different population sizes. Table 2 shows the time required for ELF 
algorithm to update the robot’s pose estimate using a fixed population size and changing 
the iteration´s number. In both cases the behaviour of the algorithm is completely linear. In 
our experimental localization tests, in a test area of 865m2 the best results have been 
obtained with an initial population of 300 elements and 15 iterations. Once the population 
converge into a ball of 1 meter radius, the population required to keep the robot localized 
decrease considerably. In our experiments 50 elements are sufficient. This results shows that 
even in the initial steps of the ELF algorithm the computational cost is moderate.  

Population/Iterations Time(ms)  

1000/15  1703   
500/15  859   
400/15  704   
300/15  520   
200/15  359   
100/15  180   
75/15  141   
50/15  94   

Table 1. Computation time for a fixed number of iterations 

Population/Iter.Time(ms) 

500/5  328   
500/10  641   
500/15  859   
500/20  1125   
500/25  1407   

Table 2. Computation time for a fixed population of 500 elements 

A critical point in any global localization algorithm is the variation in the computational 
requirements with the environment dimensions. EFL algorithm requirements are 
proportional to the surface of the environment map. In the experiments done in our 
laboratory test site, to cope a 900m2 area the algorithms requires 300 samples and for an area 
of 1800m2 the samples required are 600. After the population convergence, the samples can 
be reduced to 30 elements.  
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4. Conclusions 
The proposed algorithm has a range of interesting characteristics:  
Evolutive filters can deal with non-linear state space dynamics and noise distributions.  
Due to the set of solutions does not try to approximate posterior density distributions, it 
does not requires any assumptions on the shape of the posterior density as parametric 
approaches do.  
Evolutive filter focus computational resources in the most relevant areas, by addressing the 
set of solutions to the most interesting areas according to the fitness function obtained.  
The number of tentative solutions required in the evolving set is much lower than those 
required in particle filters, and similarly to those filters the evolving set can be reduced 
when the algorithm has converged to a reduced area around the best estimate.  
The size of the minimum solution’s set required to guaranty the convergence of the 
evolutive filter to the true solution is low.  
Due to the stochastic nature of the algorithm search of the best robot’s pose estimate the 
algorithm is able to cope a high level of sensor noise with low degradation of the estimation 
results. 
The algorithm is easy to implement, and the computational cost makes it able to operate on 
line even in relatively big areas.  
The proposed method has been tested under real conditions in a B-21 mobile robot.  
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1. Introduction 
Many algorithms in robotics contain parameterized models. The setting of the parameters in 
general has a strong impact on the quality of the model. Finding a parameter set which 
optimizes the quality of the model typically is a challenging task, especially if the structure 
of the problem is unknown and can not be specified mathematically, i.e. the only way to get 
the function value for a certain parameter set is to test them on the real problem. Controlling 
the robot’s legs in order to walk is an example of such kind of black box approach. The walk 
is usually defined by three-dimensional trajectories for the movement of the legs and feet. 
The parameters (e.g. step height, step length, timings etc.) of these trajectories affect the 
stability and speed of the walking gait. Finding a parameter set which creates an optimal (in 
this case fast) walk can not be done by hand, since the direct effect of a parameter change is 
unclear. This chapter describes how Evolution Strategies can be used for the gait 
optimization of a four-legged robot whose walk is defined by 31 parameters and presents 
how Model Assisted Evolution Strategies lead to a faster convergence of the optimization of 
the problem.  
At first an introduction to the standard Evolution Strategy with self-adaptation of the 
mutation strengths is given. The individuals of the Evolution Strategy here define a set of 
walk parameters. To evaluate the fitness of each individual, the robot has to walk for a 
certain time with this parameter setting and measure the resulting walk speed. This is not 
only time consuming but also causes a lot of wear out of the robot – especially parameters 
resulting in stumbling or tumbling can damage the robot. Consequently, the goal is to 
minimize the amount of real fitness evaluations on the robot. For that reason Model 
Assisted Evolution Strategies will be introduced. These strategies use the fitness 
measurements as obtained samples from the search space to predict the fitness of the 
individuals and – based on the model – sort out the least promising individuals, resulting in 
a faster convergence of the optimization process. 
Since the quality of the model used for fitness prediction has a big effect on the 
convergence rate of the Model Assisted Evolution Strategy, mechanisms for controlling 
the impact of the model will be explained. The chapter closes with the results and 
comparisons of the walk learning process of the standard Evolution Strategy and its 
model assisted modifications. 
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only time consuming but also causes a lot of wear out of the robot – especially parameters 
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individuals and – based on the model – sort out the least promising individuals, resulting in 
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Since the quality of the model used for fitness prediction has a big effect on the 
convergence rate of the Model Assisted Evolution Strategy, mechanisms for controlling 
the impact of the model will be explained. The chapter closes with the results and 
comparisons of the walk learning process of the standard Evolution Strategy and its 
model assisted modifications. 
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2. The Standard Evolution Strategy 
The Evolution Strategy (ES) has been developed by Schwefel (Schwefel, 1975) and 
Rechenberg (Rechenberg, 1973) for the optimization of technical problems. It is inspired by 
the biological evolution and is working with a population of individuals. Each individual 
represents a point x

r in the real-valued search space; the point x
r is encoded in the object 

parameters 1, , nx xK of the individual and represents its genes. In terms of Evolution 
Strategies each individual can be assigned a function value ( )f x

r  (in this case scalar) 
representing the quality of the solution, the so called fitness which has to be optimized. The 
process of the evolution is shown in Fig. 1. An amount of μ individuals constitute the parent 
population and create a new offspring population of the next generation with λ individuals. 
An offspring individual is created by recombining the real-valued genes of ρ randomly 
selected parents followed by a random mutation of each object parameter such that the 
offsprings differ in their genes from their parents. The fitness of each individual in the 
offspring generation will be measured and the selection operation chooses the μ best 
individuals to establish the new parent generation. 

Figure 1. Optimization cycle of the standard Evolution Strategy 

Offspring individuals are generated by means of recombination from the parent individuals. 
They can be recombined in a discrete or intermediate way. In case of the discrete 
recombination each object parameter ix is selected randomly from the according object 
parameter ip from one out of the ρ parents. The intermediate recombination on the other 
hand creates the components ix out of the mean value of all ip of the ρ parents. In both 
recombination variants the ρ parents are chosen randomly from the parent population, their 
fitness does not affect the probability to be chosen. 
The leading part in the genetic modification of individuals is played by the mutation 
operator. The mutation operator is executed after the recombination. Each object parameter 

ix is modified by adding a normally distributed random value ( )20, iN σ with expected value 
0 and standard deviation iσ : 

 ( )20,i i ix x N σ= +% . (1) 

The standard deviation conforms to the mutation strength: the bigger the standard 
deviation, the higher is the probability of a greater mutation and vice versa. Each object 
parameter ix has its own mutation strength iσ . The values of the mutation strengths iσ have a 
big effect on the progress speed of the evolution process. With a mutation strength chosen 
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too big, the chance to overshoot the optimum rises, while small mutation strengths increase 
the probability to get stuck in a local optimum and furthermore the speed to approach the 
optimum is unnecessary small. Hence it is very important to adapt the mutations strengths 
to the current situation. For that reason Rechenberg developed the 1 5  rule for an Evolution 
Strategy with 1 parent and 1 offspring. He proved for two models that the mutation strength 
is optimal if 1 out of 5 generated offsprings is fitter than the previous parent (Rechenberg, 
1973). In case of a bigger success rate the mutation strength is too small and has to be 
increased, otherwise it is too big and has to be decreased. 
Schwefel improved the control of the mutation strengths and extended it to Evolution 
Strategies with more than 1 offspring (Schwefel, 1975). Each object parameter carries its own 
mutation strength (strategy parameter). These strategy parameters are also included in each 
individual and are selected and inherited together with the individual’s assignments for the 
object parameters. Thus, they have a higher probability to survive when they encode object 
parameter variations that produce fitter individuals. This adaptation of the mutation 
strength is called self-adaptation (Beyer, 1996). The recombination of the strategy 
parameters can be discrete or intermediate. The mutation of the strategy parameters is 
executed before the mutation of the object parameters with 

 ( ) ( )( )exp 0,1 0,1i i iN Nσ σ τ τ′= ⋅ ⋅ + ⋅% . (2) 

The mutation consists of the random number ( )0,1Nτ ′ ⋅  which is equal for all variances iσ  

of the individual while the random number ( )0,1iNτ ⋅  is varied for each iσ . Schwefel 

recommends τ ′~ 1 2n and τ ′~1 2 n for an n-dimensional search space. 
After the fitness values of the offspring individuals have been assigned, the selection 
operator selects the parents for the next generation. In case of the so called “+” strategy it 
chooses the μ best individuals out of the offspring and the parent population, while in case 
of the ”,” strategy only the best μ individuals out of the offspring population are selected to 
become the parents of the next generation. Additionally the lifetime of an individual can be 
limited to κ generations in case of the + selection, creating a mixture of the + and , selection. 
The evolution loop can be stopped after a satisfying solution has been found, a number of 
generations have passed or the fitness does not improve over a number of generations, 
indicating a convergence. 

3. Model Assisted Evolution Strategies 
The basic idea of a Model Assisted Evolution Strategy (MAES) is to generate a higher 
amount of offsprings pλ with pλ λ> and to preselect the most promising candidates. Out of 
the pλ offsprings the λ best ones will be preselected based on their predicted fitness. The 
fitness is predicted from a model which takes the previously measured fitness values into 
account. The λ preselected individuals will afterwards be evaluated and the μ best chosen as 
parents for the next generation like in the standard Evolution Strategy, Fig. 2 visualizes this 
extension to the standard Evolution Strategy. Notice that the fitness of the offsprings which 
are available to become parents is always evaluated on the real problem and therefore the 
individuals are always assigned the true fitness. This way a convergence to a wrong 
optimum caused by wrong fitness predictions by the model is excluded. 
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If the model manages to sort out the worst candidates and to preselect the best ones, the 
convergence of the Evolution Strategy is accelerated, even though the number of real fitness 

evaluations is the same as in the case of the standard Evolution Strategy. The following 
section will explain the three models used in this work for fitness approximation. 
 
Figure 2. Evolution loop of a Model Assisted Evolution Strategy 

3.1 Modelling the Search Space 
During the evolution process the fitness measurements give an indication for the structure 
of the search space, they represent known scalar function values. Based on these known 
function values the model has to be able to make predictions of function values of 
unobserved points. Mathematically speaking the model must approximate the function 

 based on d previously observed data points which are stored (with the 
according measured fitness values) in the data base D for any query point q D∉

r . The 
estimated function value will be called ( )f̂ q

r  and should be close to the real (unknown) 
function value ( )f q

r . 
Principally the model can be global or local. Global models are valid for the whole search 
space and can be used for estimation of any query point q

r . They have only to be calculated 
when new points are integrated in the underlying data base D, i.e. for Evolution Strategies 
after each generation. The biggest problem for global models is the typically small number 
of points in D relative to the dimension of the usually multimodal search space, leading to a 
poor general approximation. Local models on the other hand are only valid for a small 
region around a query point qr and have to be recalculated for each approximation of ( )f̂ qr .  
Local models normally only take a subset of points in D closest to q

r into account since these 
points carry the most information about ( )f̂ qr . Notice that the data base D grows during the 
evolution process: each individual whose true fitness is evaluated is added with its 
measured fitness value. 
The simplest model is the Nearest Neighbour approximation. It estimates the function 
value of a query point qr with the function value of its nearest neighbour among the 
previously measured points in the data base D. The distance Δ between two points xr and q

r  
can be the Euclidian distance 
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which is appropriate if each dimension has the same scaling and a comparable gradient. If 
the dimensions have different scales, they can be standardized to have a standard deviation 
of 1 to make them comparable. For distance calculation each dimension i then has to be 
scaled by the reciprocal of the standard deviation ( )( )var ,1l

i ix l dσ = ≤ ≤ with the 
weight 1i iw σ=  
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In case of this Nearest Neighbour model the approximated function value ( )f̂ qr is given by 
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This model is computationally very efficient; however it has the disadvantage that it does 
not interpolate between measured points which could lead to the problem that several 
offsprings will be assigned the same fitness value and the preselection operation can not 
distinguish their quality. 
The polynomial model uses linear regression to fit the measured points in D to a 
polynomial function to overcome this problem. At first the standard linear regression will be 
explained and then extended to the weighted linear regression. 
An n-dimensional polynomial of second-order is specified by 
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with the coefficients ia . The problem in regression is now to determine the coefficients ia  
such that ( )f̂ x
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approximates ( )f x
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in all d points of the data set D as good as possible. In 

mathematical notation the squared error function 
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has to be minimized. Written as a matrix equation with the measured function values 
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the equation 
 Xy a= ⋅

r r
 (10) 

holds for an exact approximation.  
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If the model manages to sort out the worst candidates and to preselect the best ones, the 
convergence of the Evolution Strategy is accelerated, even though the number of real fitness 

evaluations is the same as in the case of the standard Evolution Strategy. The following 
section will explain the three models used in this work for fitness approximation. 
 
Figure 2. Evolution loop of a Model Assisted Evolution Strategy 
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If the polynomial can not approximate the function values exactly, an error term v
r

has to be 
added: 

 Xy a v= ⋅ +
r r r

. (11) 

As mentioned before, the error term ( )aε r
has to be minimized and equation (7) can be 

written in matrix notation as 
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For the minimization of ( )aε r
it is sufficient to postulate that ( )( ) 0aε∇ =

r
, resulting in the 

solution for the coefficients a
r
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This regression method can be used to build a global model if all points in D are used to 
estimate the coefficients a

r
. The disadvantage is that an underlying multimodal search space 

requires a polynomial of high order to be approximated closely. Unfortunately the number 
of coefficients rises disproportionately with the order of the polynomial; a polynomial of 
second order already has ( )( )1 2 2n n+ +  coefficients (Jin, 2003) and still can only 
approximate the function with a unimodal polynomial. This least square method requires at 
least as many samples in the data base D as coefficients exist.  
This problem can be overcome with a local model. The model becomes local if the distances 
to the query point are weighted and represent the fact that the close points carry more 
information about the query point q

r than points which are further away. All points in D can 
be taken or, since far points would get a weight close to 0, only a subset of the k closest 
points. The weight lw is a function of the distance between the query point q

r and the l-th 
measured point ( )lx

r in the data base. As suggested in (Hoffmann & Hölemann, 2006) the 
weight is determined by a Gaussian kernel function 
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lw x q x q⎛ ⎞Δ = −Δ⎜ ⎟

⎝ ⎠
r r r r . (14) 

The distance is measured as suggested in equation (4).  
For the local model a polynomial of first order will be used which is given for an n-
dimensional space by 
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with the coefficients 0 1, , na a +K . The weights for the k points are stored in the diagonal matrix  
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and the error function (12) results in the weighted case to 
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 ( ) ( ) ( )X W XTa y a y aε = − ⋅ − ⋅
r r r r r . (17) 

The optimal coefficients then can be calculated with 

 ( ) 1
X WX X WT Ta y

−
=

r r . (18) 

Another used model is the approximation with a Gaussian Process. The Gaussian Process is 
a probabilistic model which can calculate besides the predicted value also a confidence 
value representing the certainty of the prediction. In this work the implementation of 
Rasmussen with automatic relevance determination has been used. Explaining prediction 
with a Gaussian Process in detail would go beyond the scope of this chapter, very good 
detailed descriptions of Gaussian Processes are given in (Gibbs & MacKay, 1997; Rasmussen 
& Williams, 2006).  

3.2 Controlling the Model Impact 
Theoretically the Model Assisted Evolution Strategy already converges faster than the 
standard Evolution Strategy when the model performs better than a random preselection of 
the individuals would perform (Ulmer et al., 2004). However for a model which performs 
worse than a random selection, the progress speed can be reduced or optima might even not 
be reached because the individuals leading towards the optimum always get sorted out by 
the preselection. For that reason it makes sense to control the impact of the model based on 
the capability of the model to preselect the individuals. 
For the preselection process the capability of the model to select the most promising 
individuals is of importance, while the ability to estimate the exact fitness value is of little 
interest. Thus the quality of the model is defined according to (Ulmer et al., 2004; Jin et al., 
2003), as follows: Since only the real fitness values of the λ offsprings are known, the quality 
will be evaluated based on the comparison of the selected μ individuals based on the real 
fitness measurement and the best μ individuals that would have been selected based on the 
predicted fitness. The λ offsprings are sorted according to their true fitness and a weight 
( )iλ −  with i representing their position is assigned to each individual. Thus the individual 
with the best fitness would get a weight ( )1λ − , the second best ( )2λ −  etc. Now the 
weights for the individuals that would have also been selected by the fitness estimated by 
the model are summed up: 

 ( )
μ

λ
=

= −∑
1

i
i

Q g i  (19) 

with ig =1 if the individual would have been selected and ig =0 otherwise. This quality 
measure takes the true rank of the individuals into account and reflects the fact that a 
wrongly classified best individual is punished more than for example a missed second best. 
The maximum quality as a result is given by 

 ( ) ( )
1

1
2
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i
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μ μ μ

λ μλ
=

+
= − = −∑  (20) 

and the quality of a random preselection is defined by 
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Two approaches based on the current quality of the preselection to influence the impact of 
the model will be used in this work. 
The Controlled Model Assisted Evolution Strategy (C-MAES) adapts the influence of the 
model by varying the amount of offsprings pλ which will be evaluated by the model. A good 
quality of the model results in a bigger trust in the model and pλ can be increased, while for 
a poor model quality pλ has to be decreased. After each generation t the selection 
quality ( )tQ gets re-evaluated and ( 1)t

pλ + adapted according to the control law suggested by 
(Ulmer et al., 2004). If the quality is better than the random quality, the amount of offsprings 
is increased by 
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p

max t
t t
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Q Q λλ λ δ+ −= + ⋅
−

, (22) 

if the quality on the other hand is worse than the random quality, the model impact is 
decreased by 
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p

max t
t t

p p rand
Q Q

Q λλ λ δ+ −= − ⋅ . (23) 

The factor
pλδ denotes the adaptation rate. 

Hoffmann and Hölemann suggest the adaptation of the size of the offspring generation λ  in 
order to have a better control over the model impact (Hoffmann & Hölemann, 2006). This 
variant is called λ-Controlled Model Assisted Evolution Strategy (λ-CMAES). Here the 
amount of offsprings pλ that is undergoing the preselection is kept constant. The idea is that in 
case of a good quality of the preselection only a smaller amount of offsprings λ has to be 
evaluated on the real problem, since in case of a good model already the best individuals from 
the pλ have been preselected. The amount of offsprings ( 1)tλ + for the next generation 1t + is 
updated according to the following control laws: if the current model quality is better than a 
random model, i.e. ( )t randQ Q> , the ( 1)tλ + is decreased, giving more trust in the model by 
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( 1) ( )max ,
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t t
rand

Q Q
Q λλ λ δ μ+ ⎛ ⎞−= − ⋅⎜ ⎟⎜ ⎟

⎝ ⎠
. (24) 

If the model actual quality is worse than the quality of the random model, the trust in the 
model is decreased by increasing ( 1)tλ + according to 
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pmax rand

Q Q
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. (25) 

A particularity to be mentioned is that the previously explained quality calculation becomes 
unstable for λ μ= since all individuals would always be selected correctly. To ensure a 
sufficient statistical basis, μ used in the quality calculation is replaced by 2μ λ=% if λ drops 
below 2μ (Hoffmann & Hölemann, 2006). 
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4. Learning to Walk with Evolution Strategies 
The performance of the different Evolution Strategies will be evaluated for a robot learning 
to walk. The problem of learning to walk is reduced to optimizing parameters for a given 
parameterized model which generates walk movements for a robot. 
The used robot platform for the presented research is a simulated model of the formerly 
commercially available Sony Aibo ERS-7 shown in Fig. 3. The Aibo is a quadruped robot 
with three degrees of freedom in each leg, i.e. a hip abduction, a hip flexion and a knee 
flexion joint. SimRobot (Laue et al., 2006) has been used as the simulator. It is a general robot 
simulator using the OpenDynamicsEngine for the physical simulation. The physical 
properties of the simulated robot like maximum force and maximum speed of the motors in 
the joints have been specially trained to behave like the joints of the real robot. 

Figure 3. Sony Aibo robot ERS-7 

The most significant achievement concerning the walk on this robotic platform has been 
presented by Hengst et al. with the so-called PWalk (Hengst et al., 2002) which achieves a 
very good stability using a particular posture of the front legs, where the contact point with 
the ground is located on the forearm instead of the paw. As shown in Fig. 4., this approach 
moves the robot’s legs on predefined loci. The required joint angles for the movement of the 
legs are then calculated using inverse kinematics. Following a trot gait, the two diagonal 
opposite legs are always moved at the same time, i.e. two legs are in the air while the other 
two legs remain in contact with the ground. The loci defining the foot movement are 
represented in a parameterized form (Hebbel et al., 2006). Each locus is defined by four 3-
dimensional points 1 4, ,P PK both for the front and hind legs (see Fig. 4.). The time parameter 

stept defines the total time for a complete step. Additionally 3 timing parameters 1 2 3, ,t t t are 
used for each locus to specify the relative amount of time needed for the foot to travel from 
vertex iP to 1iP+ for1 4i≤ < . These relative times sum up to 1, consequently the time 4t  to 
travel from 4P to 0P  is defined by 4 1 2 31t t t t= − − − . Thus, each locus is well-defined by 
the 3 4⋅ parameters 1 4, ,P PK , the 3 timing parameters 1 2 3, ,t t t and one global timing 
parameter stept , summing up to 16 parameters for one locus. The loci of the front and hind 
legs are specified separately, but the global time parameter stept is shared, hence the total 
amount of parameters is 31. 
Optimizing these 31 parameters by hand is not feasible and it has become state-of-the-art to 
use machine learning algorithms to optimize the walk parameters (Kohl & Stone, 2004; 
Röfer 2004; Hebbel et al., 2006). The criterion to be optimized is the walk speed of the robot. 
In this case only the straight forward walk is optimized. An individual defines with its 31 
object parameters the walk movement and its fitness is evaluated by letting the (simulated) 
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If the model actual quality is worse than the quality of the random model, the trust in the 
model is decreased by increasing ( 1)tλ + according to 
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simulator using the OpenDynamicsEngine for the physical simulation. The physical 
properties of the simulated robot like maximum force and maximum speed of the motors in 
the joints have been specially trained to behave like the joints of the real robot. 

Figure 3. Sony Aibo robot ERS-7 

The most significant achievement concerning the walk on this robotic platform has been 
presented by Hengst et al. with the so-called PWalk (Hengst et al., 2002) which achieves a 
very good stability using a particular posture of the front legs, where the contact point with 
the ground is located on the forearm instead of the paw. As shown in Fig. 4., this approach 
moves the robot’s legs on predefined loci. The required joint angles for the movement of the 
legs are then calculated using inverse kinematics. Following a trot gait, the two diagonal 
opposite legs are always moved at the same time, i.e. two legs are in the air while the other 
two legs remain in contact with the ground. The loci defining the foot movement are 
represented in a parameterized form (Hebbel et al., 2006). Each locus is defined by four 3-
dimensional points 1 4, ,P PK both for the front and hind legs (see Fig. 4.). The time parameter 

stept defines the total time for a complete step. Additionally 3 timing parameters 1 2 3, ,t t t are 
used for each locus to specify the relative amount of time needed for the foot to travel from 
vertex iP to 1iP+ for1 4i≤ < . These relative times sum up to 1, consequently the time 4t  to 
travel from 4P to 0P  is defined by 4 1 2 31t t t t= − − − . Thus, each locus is well-defined by 
the 3 4⋅ parameters 1 4, ,P PK , the 3 timing parameters 1 2 3, ,t t t and one global timing 
parameter stept , summing up to 16 parameters for one locus. The loci of the front and hind 
legs are specified separately, but the global time parameter stept is shared, hence the total 
amount of parameters is 31. 
Optimizing these 31 parameters by hand is not feasible and it has become state-of-the-art to 
use machine learning algorithms to optimize the walk parameters (Kohl & Stone, 2004; 
Röfer 2004; Hebbel et al., 2006). The criterion to be optimized is the walk speed of the robot. 
In this case only the straight forward walk is optimized. An individual defines with its 31 
object parameters the walk movement and its fitness is evaluated by letting the (simulated) 
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robot walk for an amount of time and measure its speed. Individuals which result in a walk 
which is either not straight or lets the robot fall on its side are assigned the worst fitness 
value, zero. The offsprings have been evaluated in parallel on a compute cluster with 60 
nodes, allowing an acceptable simulation time. 

Figure 4. Schematic representation of the leg movement  

5. Results 
For all experiments the basic settings of the ( )5,30 Evolution Strategy have been used: the 
population size of the parents was 5, the size of the offspring generation 30. The selection 
was a comma selection which ensures a good performance of the self-adaptation of the 
mutation strengths. The recombination was intermediate and the first parent generation was 
randomly initialised. Each strategy has been run until 7000 fitness evaluations have been 
exceeded and repeated with exactly the same settings at least 15 times. The resulting fitness 
curves of the runs have been averaged to suppress random fluctuations. 
At first the performance of the not controlled Model Assisted Evolution Strategies has been 
compared to the standard Evolution Strategy. The size of pλ has in this experiment been 
constantly set to 2 60pλ λ= = . In case of the polynomial model the 150 closest neighbours to 
the query point q

r have been used to build the local polynomial model. The Gaussian Process 
was trained with the 2λ most recently measured fitness evaluations (Ulmer et al., 2003). 
Fig. 5 shows the results: all model assisted strategies converge much faster towards an 
optimum fitness of approximately 66 than the standard Evolution Strategy. All model 
assisted strategies have found the optimum at the latest after 5000 fitness evaluations. The 
standard Evolution Strategy however has not reached this optimum after 7000 fitness 
evaluations. Apparently the capability to model the search space is reflected in the 
convergence speed. The Gaussian Process model converges fastest closely followed by the 
polynomial model and the nearest neighbour model.  
In the next experiment the effect of the Controlled Model Assisted Evolution Strategy and 
the λ-Controlled Model Assisted Evolution Strategy was analyzed. For this experiment the 
polynomial model has been used even though it is slightly inferior to the Gaussian Process 
model but is a lot faster to be calculated. The adaptation parameters

pλδ in equation (22) and 
(23) is set to 10

pλδ = and λδ  from equation (24) and (25) is set to 2 2.5λδ μ= = . The general 
strategy parameters are set as before. Fig. 6 shows the results of the controlled MAES 
compared to the not controlled MAES, notice that the ordinate in the graph has a different 
range than in Fig. 5. Both the C-MAES and the λ-CMAES show a slightly faster convergence 
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than the uncontrolled MAES. This happens because already after 500 fitness evaluations the 
model in both cases is good enough to preselect the most promising individuals and thus 
the impact of the model is increased. A meaningful difference between the C-MAES and the 
λ-CMAES is not observable for this problem. 

Figure 5. Comparison of the fitness curves of the Standard Evolution Strategy and the Model 
Assisted Evolution Strategies with different models 

Figure 6. Comparison of the fitness curves of the uncontrolled Model Assisted Evolution Strategy 
and the controlled Model Assisted Evolution Strategies with different control mechanisms 

6. Conclusion 
Evolution Strategies are well suited to optimize the parameters of this practical problem. 
However the MAES outperform the standard ES by far and lead to a much faster 
convergence. The controlled MAES variants in this case can improve the convergence speed 
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than the uncontrolled MAES. This happens because already after 500 fitness evaluations the 
model in both cases is good enough to preselect the most promising individuals and thus 
the impact of the model is increased. A meaningful difference between the C-MAES and the 
λ-CMAES is not observable for this problem. 

Figure 5. Comparison of the fitness curves of the Standard Evolution Strategy and the Model 
Assisted Evolution Strategies with different models 

Figure 6. Comparison of the fitness curves of the uncontrolled Model Assisted Evolution Strategy 
and the controlled Model Assisted Evolution Strategies with different control mechanisms 

6. Conclusion 
Evolution Strategies are well suited to optimize the parameters of this practical problem. 
However the MAES outperform the standard ES by far and lead to a much faster 
convergence. The controlled MAES variants in this case can improve the convergence speed 

 45

 50

 55

 60

 65

 70

 0  1000  2000  3000  4000  5000  6000  7000  8000

MAES
C-MAES

Fitness Evaluations

A
ve

ra
ge

d 
Fi

tn
es

s

 0

 10

 20

 30

 40

 50

 60

 70

 0  1000  2000  3000  4000  5000  6000  7000  8000

Standard ES
Nearest Neighbour
Polynomial Model

Gaussian Process

Fitness Evaluations

A
ve

ra
ge

d 
Fi

tn
es

s



Frontiers in Evolutionary Robotics 

 

220 

compared to the uncontrolled strategies a bit more. But since they do not perform worse 
they should by preferred over the uncontrolled strategies making sure that in case of a bad 
model quality the model impact is reduced and the Evolution Strategy does not perform 
worse than a strategy without model assistance.  
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1. Introduction  
Recent developments in robot technology have led to modular robots that are assembled 
from multiple parts. Modular robots have pros and cons. Their shape can be changed to suit 
a particular purpose and the same parts can be reused, which makes them fault-tolerant and 
extendable. However, such freedom and flexibility lead to higher cost so as to decide the 
configuration and actions to meet the purpose. 
With conventional robots, modular or non-modular, much research has been conducted on 
the way that a design is determined first and connections with sensory input, internal 
memory and motor output are acquired through learning. The designs are often based on 
existing creatures such as insects, dogs and earlier robot models, or parts of such creatures, 
for example, robot arms. As robot bodies operate in the real world, it makes sense to model 
them after living creatures that have been successful in nature. In fact, computer simulation 
patterns akin to living creatures have been created mainly in the field of artificial life, 
represented by the well-known L-System imitating plants and Dawkins’ biomorph 
(Dawkins, 1986) imitating insects. Sims’ virtual creatures (Sims, 1994a; Sims 1994b) feature 
not only a pattern but also a body and nerves, which are actually stylized art rather than 
robotics. Modular robots, which are easy to configure and recombine, have an advantage in 
that optimal robot shapes can be achieved, without modeling the existing creatures. Many 
existing modular robots are based on the block shape. Although automatic design research 
is not limited to the block shape, the shape has certain advantages: The basic units are easy 
to make, handle and combine. Furthermore, blocks are similar to cells, which enabled the 
simulation of biological development in the research on building structures. 
GOLEM Project (Lipson, 2000; Pollack, 2000) is one of the implementation models of Karl 
Sims experiments. They evolved frame-type virtual creatures using a linear actuator and 
fabricated them as a robot in a real world. In the modular robotics, new types of robots have 
been proposed with the functions such as a self-reconfiguration (Murata et al., 2002; 
Kurokawa et al., 2003) or self-reproduction (Zykov et al., 2005; Griffith et al, 2005). The 
LEGO Mind Storm is a famous block-based modular robot, parts of which are so small that 
half-assembled modules are combined in different placements (Lund, 2001). Ideally, robots 
can actively change their configuration by automatically recombining modules to fit a 
particular environment. However, this chapter deals with cube-shaped modular robots that 
can be manually recombined to achieve significant configurations that can adjust to actual 
environments using evolutionary morphology. This chapter describes how successfully EC 
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compared to the uncontrolled strategies a bit more. But since they do not perform worse 
they should by preferred over the uncontrolled strategies making sure that in case of a bad 
model quality the model impact is reduced and the Evolution Strategy does not perform 
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Recent developments in robot technology have led to modular robots that are assembled 
from multiple parts. Modular robots have pros and cons. Their shape can be changed to suit 
a particular purpose and the same parts can be reused, which makes them fault-tolerant and 
extendable. However, such freedom and flexibility lead to higher cost so as to decide the 
configuration and actions to meet the purpose. 
With conventional robots, modular or non-modular, much research has been conducted on 
the way that a design is determined first and connections with sensory input, internal 
memory and motor output are acquired through learning. The designs are often based on 
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LEGO Mind Storm is a famous block-based modular robot, parts of which are so small that 
half-assembled modules are combined in different placements (Lund, 2001). Ideally, robots 
can actively change their configuration by automatically recombining modules to fit a 
particular environment. However, this chapter deals with cube-shaped modular robots that 
can be manually recombined to achieve significant configurations that can adjust to actual 
environments using evolutionary morphology. This chapter describes how successfully EC 
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is applied to the morphology for real cubic robots. More precisely, we empirically show the 
following points by several experiments: 
• EC is effectively applied to designing the morphogenesis of cubic robots. 
• Evolutionarily designed morphogenesis proves to be superior to manually designed 

robots in terms of the performance, e.g., speed or stability. 
• The effectiveness of our approach is demonstrated by testing the generated behavior 

with a real robot, i.e., ROBOCUBE. 
The rest of this chapter is organized as follows. The next section introduces the ROBOCUBE 
we have used as a kind of cubic modular robot. Section 3 describes two proposed methods 
of the evolutionary morphologies. Section 4 and 5 present the experimental results to show 
the effectiveness of our approach. The discussion of these experiments is provided in Section 
6. Finally, Section 7 concludes the chapter. 

2. ROBOCUBE 
A block-based modular robot, ROBOCUBE, is used for the experiment. A ROBOCUBE block 
is a 5cm3 cube, each face of which has four connectors to be connected by button-shaped 
contact points to interlock the power supply line and the communications line to 
automatically establish a network for each module. Blocks are classified as sensor-related 
blocks (e.g., supersonic waves, light, sense of touch, gyro), motor blocks, output-related 
blocks (e.g., emission of light, buzzer, relay) and wireless blocks, which can provide wireless 
connectivity. Although one core block and one power source are essential for one robot 
body, once they are available, the robot is activated regardless of the connection; therefore, 
an enormous number of combination patterns exist. The number of blocks required to 
activate the actual robot is limited, and in case a block with certain functions is used, the 
maximum number of blocks to be used for the whole body is 16. The actuator for 
ROBOCUBE is a motor block with a DC servomotor embedded in it. The motor block has a 
turning-angle sensor for velocity and position controls and is used for movement with 
wheels or to make a turn by connecting to a sensor block. However, connecting such 
functional blocks necessitates wireless blocks or cables because each line is split at the motor 
axes. 
 

 
Figure 1. A sample of ROBOCUBE 
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3. Morphogenesis 
We used the following models for robot morphogenesis. The first model used Messy GA 
(Goldberg, 1989) and cellar automaton, whereas the second adopted GP (ANT). The first 
model easily configures a lump mass with a method modeling the development of living 
creatures, and the second effortlessly achieves a string-shaped structure with a method 
using the ANT route. 
There are two restrictions on morphogenesis for ROBOCUBE: the body must neither split 
nor interfere. The restrictions interact, and eliminating a block in a certain position to avoid 
interference creates the possibility of decoupling. There are several methods of expressing 
morphology via a certain kind of coding, however, the important issues are the fitness of the 
evolutionary computation and how to easily avoid the above restrictions. Each model is 
detailed below:  

3.1 MODEL Using Messy GA 
This development model is based on the conditions for connecting with adjacent blocks. The 
development model, or the cellar automaton that never dies, is a set of conditions to 
determine in which positions to connect a new block according to how the surrounding 
blocks are connected. 
Think of a simple 2-D case. Focusing on one block, there are four adjacent dimensions: top, 
bottom, left and right. Four flags, which correspond to each direction, are prepared both for 
the condition and the action parts. If the flag for the condition part is 1 (meaning true), the 
block must be connected in that direction. A 0 (meaning false) flag shows that the block 
must not be connected in that direction. When the condition part fits in each of the four 
directions, a block is connected in a direction for which the condition part flag is 1. 
This is the basic idea of the development model based on the conditions for connection. 
However, in reality, various extended models exist by adding other conditions including a 
coding method. Use of the development concept helps to reduce the parameters for 
determining the robot design and works well with the evolutionary method. This model can 
also easily resolve the interference issue by introducing dummy blocks. To insert a motor 
block, for example, dummy blocks are aligned along a trajectory of moving parts to prevent 
other blocks from being inserted in positions that have the possibility to interfere. (Nakano 
et al, 1997; Asai, 2002) is part of the research on this development method for actual robots. 
The easiest method for implementing this development model is to prepare a set of rules 
covering all these conditions. One development condition is obtained given a character 
string 16∗4 = 64 bit if the position of the character string is considered to be the condition 
part. The 0th 4 bit is an action part corresponding to 0000 of the condition part, the first 4 bit 
is an action part corresponding to 0001 of the condition part and so on. The merit of this 
method is that only character strings of a fixed length are necessary (64 bit), which allows 
easy adjustment to a genetic algorithm. A risk of this method is that a small number of genes 
could determine the final morphology. The genes of the former half, for which the condition 
parts are 0, are highly influential, therefore the location of each gene is a key factor and a 64 
bit chromosome has only 16 genes. 
To solve this problem, we consider providing more than one pair of a set of conditions and 
action parts, i.e., a basic model and its corresponding rule. For instance, the length of a 
chromosome of an 8 bit gene consisting of a 4 bit condition part and a 4 bit action part is 8 
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This is the basic idea of the development model based on the conditions for connection. 
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determining the robot design and works well with the evolutionary method. This model can 
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other blocks from being inserted in positions that have the possibility to interfere. (Nakano 
et al, 1997; Asai, 2002) is part of the research on this development method for actual robots. 
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string 16∗4 = 64 bit if the position of the character string is considered to be the condition 
part. The 0th 4 bit is an action part corresponding to 0000 of the condition part, the first 4 bit 
is an action part corresponding to 0001 of the condition part and so on. The merit of this 
method is that only character strings of a fixed length are necessary (64 bit), which allows 
easy adjustment to a genetic algorithm. A risk of this method is that a small number of genes 
could determine the final morphology. The genes of the former half, for which the condition 
parts are 0, are highly influential, therefore the location of each gene is a key factor and a 64 
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To solve this problem, we consider providing more than one pair of a set of conditions and 
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chromosome of an 8 bit gene consisting of a 4 bit condition part and a 4 bit action part is 8 
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bit ∗ N. This rule corresponds to a gene of Messy GA, checks the condition part from the 
front gene and starts connecting blocks based on the action part of the first gene that meets 
the condition. Each gene is moved from front to back and from back to front by crossover; 
therefore, a dependency on the location of genes is reduced for the aforementioned model. 
This model may have the disadvantage of developing slowly because the small size of the 
genes can cause difficulty in finding a corresponding condition part. In this case, 
introducing ‘‘*:don ’t care’‘ (meaning that the conditions for a connection are disregarded for 
the location) would solve the issue of a smaller number of corresponding condition parts. 
However, the action parts for genes of variable length are still 4 bit and therefore the 
condition parts containing many 1s make the corresponding action part meaningless. For 
example, an insignificant rule such as the action part 1100 corresponds to the condition part 
1100 could be generated. Although such an insignificant action part can be considered an 
intron in a chromosome, the action part is disassembled as follows by increasing the 
condition parts to reduce the impact of one gene on the entire development process. 
Genes originally have a one-directional condition part. Now focusing on one block in the 
development stage, to connect a new block with the block, an opening must exist in at least 
one of the four directions. The directional condition part leaves it to the manifestation 
condition of the genes. When conditions for connection other than the directions written on 
the rearward condition part of a gene are confirmed and met, the manifestation of the gene 
occurs and it adds additional blocks (i.e., action) in the direction of the directional condition 
part. In case of two dimensions, for instance, if the bottom is selected as the directional 
condition part, additional blocks are connected in the eight patterns as shown in Fig.2. This 
method reduces dependency on one gene and therefore the size of a chromosome, i.e., the 
number of genes must be increased to some extent. In that case, dummy blocks, which are 
assumed for the interpretation of directional conditions, are not considered to exist when 
conditions for connection are interpreted. 

 
Figure 2. The eight development patterns in 2-D (Each white arrow means a new 
connection) 
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As only simple conditions for connecting cellar automaton are expected to lead to a 
monotonous development process, including the manifestation conditions by the age of the 
block during the development process in what step the block was connected can ramify the 
blocks. Considering the above, the G-TYPE is defined as a gene of Messy GA, which is 3-D 
as in the experiment. 

Condition Action 
Direction Connection Step Kind 

• Direction: directional conditions (top, bottom, left, right, forward, backward) 
• Connection:  conditions for connecting in the five rest directions (5 bit) 
• Step:  manifestation occurs when the age of the block is less than the step (from 0 to the 

maximum size of the block) 
• Kind:  kinds of blocks (normal, motor, sensor) 
Considering the condition parts as the locus, the use of such genes can cause Messy GA 
evolution. The actual procedure is as follows: 
1. Initialize chromosomes at random to generate the initial population. 
2. Morphogenesis for the initial-state robot by gene manifestation. 
3. Morphogenesis ends when the genes for manifestation run out or the specified number 

of blocks is reached. 
4. Implement a task to determine the fitness. 
5. Generate the next-generation population through selection, crossover and mutation. 
6. Return to No. 2 above.  

3.2 Models Using GP 
In these models, the Agent (ANT) aligns the functional blocks of module-combination-type 
robots in 3-D. That is, an agent exists that can take actions such as ‘‘turn right,’‘ ‘‘turn left,’‘ 
‘‘look up,’‘ ‘‘look down’‘ and ‘‘put a block and go forward,’‘ and the morphology that is 
formed when the agent has finished aligning becomes that of a robot that implements the 
task. As an agent must align the blocks before it moves, the blocks are continuously aligned. 
In 3-D, the length is expressed by the x axis, the width by the z axis and the height by the y 
axis. Only two kinds of blocks are used: the motor block, which can rotate in any arbitrary 
angle, and the normal block, which cannot. Agents directly align only normal blocks, among 
which those that are already aligned and meet the following conditions are converted into 
motor blocks. 

 dxz(RG;BG) > 1 (1) 

 l = max(dxz(RG;BG)) •r       (0.1 < r < 0.9) (2) 

The equation dxz(a; b);RG;BG expresses the Euclidian distance, the gravity point of a robot and 
that of a block, respectively, with regard to a and b on the xz plane. The terminal and non-
terminal nodes of GP used in this paper are shown in Tables 1 and 2. The expression ‘‘allows 
connection of motor’‘ refers to whether connecting with a block that serves as a supporting 
point of motor rotation is possible. If there is more than one candidate that can be connected, 
the plus (+) directions of the z, y and x axes are searched sequentially and connected to the first 
block that is found. A motor block is vertically connected to the z axis. After determining 
where the motor is to be connected, the normal blocks that interfere with the rotation are 
eliminated. A body is formed in this way, and the GP procedure is applied to the balance.  
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Function name Definition 
Prog2 Take two terminal nodes and implement them in order. 
Prog3 Take three terminal nodes and implement them in order. 

Table 1. Non-terminal nodes 

Function name Definition 
Right Turn right 
Left Turn left 
Up Turn up 
Down Turn down 

Put and move 1 Put a normal block that allows connection of motor and move 
forward. 

Put and move 2 Put a normal block that does not allow connection of motor and 
move forward. 

Table 2. Terminal nodes 

4. Experiment 1: Moving the plane surface 
4.1 Setting of the Environment 
The first experiment attempts the evolutionary morphology of the working leg parts instead 
of wheels, without using sensors. A plane surface is assumed, and a robot proceeds where 
there are no obstacles. The initial state is a straight line of core blocks between two motor 
blocks that has one block as the leg part as shown in Fig.3. Even though the robot moves 
forward in this state, its rotating block touches the floor for such a short time that it moves 
only incrementally. 
The Messy GA + CA method was applied to morphogenesis. A maximum of 10 blocks were 
used for the leg part. The core block has two rollers to help reduce the impact of friction on 
the simulator. However, the rollers can become meaningless objects or even obstacles 
depending on the configuration of the robot. Controllers to output constant rotations and 
sin waves should be prepared in advance to define the following action genes in a 
chromosome. 
The action genes are initiated at random and exist in chromosomes at a constant probability. 
If an action gene corresponds with a certain motor, the action is output; otherwise, no action 
occurs. 
Fitness is computed by the moving distance on the plane [cm] multiplied by the stable 
movement time, and the simulation is conducted up to a maximum of 5[s]. If a controller 
does not exist, fitness is computed by reducing the maximum number of blocks (10) from 
the number of blocks of the leg part. Better fitness is obtained where more blocks are used. 
The following GA parameters were used. The Messy GA method used cut and splice for the 
crossover. If the length of a chromosome exceeds 1000 due to crossover, the experiment is 
repeated from the selection. 
• Number of individuals: 128 
• Number of generations: 512 
• Length of the initial chromosome: 20 
• Maximum length of a chromosome: 1000 
• Probability of mutation: 0.05 
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• Method of selection: tournament method (size 4) 
• Generation Gap: 0.1 
The experiment was made using a dynamic 3-D simulator-loading engine as in an actual 
environment, and the actual machines were used to ensure functionality of the obtained 
individuals. 
 

 
Figure  3. The initial structure and the movement (Plane surface) 

4.2 Result 
Fig.4 shows the maximum and average fitness for each generation at the time of action. The 
”wheel” means the fitness of a normal wheel robot (Fig.7), of which we can think as a target 
example for this moving task. Fig.5 shows some of the individuals that emerged during the 
evolution, and Fig.6 shows the second optimal individual resulting from the evolution. The 
optimal individual uses the leg part as a support during rotation, and the central rollers 
handle the rotating movement. As you can see from 4, the fitness of the best individual (e.g., 
Fig.6) is superior to the normal wheel robot. We performed the same experiment with the 
actual machines and observed the behavior in the real world. 
It may be easy to imagine individuals that adopt a controller of constant rotation, 
maximizing the diameter of the leg parts, however, an individual as in Fig.6 was actually 
obtained. The moving distance was maximized by rotation using the rollers attached to the 
body, which was realized by spreading the leg part in one direction. In reality, the 
individuals that maximize the diameter, such as the one with the cross-shaped feet, cannot 
take advantage of friction as a driving force, thereby spinning around and going nowhere. 
Table.III shows the fitness values of evolved individuals. Fitness is measured as the distance 
from the initial position at the end of simulation. Note that the performance of the 
suboptimal robot is 150% better than the wheel robot. The cross-shaped robot (see Fig.7) was 
stuck by its edge and could barely move. As a result of this, its fitness value is very small. 
This table clearly shows the effectiveness of the proposed evolutionary morphology in terms 
of the fitness values. 
During evolution, some were seen to move forward, leaping lightly by generating 
asymmetrical leg parts to take sin-wave output. From the viewpoint of the practical 
movement method of modular robots, they can be classified into those that transform like 
ameba to change a whole location and those that use leg parts or wheels. Although this 
result is an option due to a higher velocity than wheels, it requires sufficient strength and a 
function to shift directions. 
In this model, each gene does not have significant impact and therefore the initial state must 
contain various genes, which is made possible by increasing the number of individuals and 
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the initial chromosome length. In the experiment, the fitness computation from 
implementing the tasks was so costly that the initial chromosome length had to be extended. 
As this issue tends to increase the selection pressure, we tried to avoid it by reducing the 
generation gap. However, the average fitness was actually apt to shrink as if it was pulled 
by the optimal individual. 

 
Figure 4. Change in fitness (Plane surface) 

 

 
Figure 5. The suboptimal  individuals in each generation  (Plane surface) 

 

 
Figure 6. The best individual and the movement  (Plane surface) 
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Figure 7. The wheel robot and the cross-shaped robot 

Type Fitness 
Best 127.94 
Wheel 80.83 
Initial 4.68 
Cross-shaped 2.46 

Table 3. Fitness values 

5. Experiment 2: Ascending a slope 
5.1 Setting of the Environment 
This experiment attempted to ascend stairs via morphogenesis using GP. Fig.8 shows the 
stairs used in the experiment. The stair height was set higher than the usual wheel forward 
movement. The colored part shows the stairs that the robots ascended. The stair width was 2 
m, exceeding which meant the robot falling and terminating the attempt. Staircases were 
located 1 [m] away from the initial location of the robot in each of the four directions. The 
direction of the robot’s initial location did not matter. 

 
Figure 8. Section of a staircase 
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The controllers were not changed, and the robots were made to rotate under a certain rule in 
a constant direction. The initial evaluated value is 1500, and the value is reduced by 500 
when the robot reaches the first stair and by 100 for each subsequent stair that the robot 
ascends. The value of the trial time divided by 10 is added at the end of the trial. The 
maximum trial time was 1000. The less the evaluated value is, the better. If no normal blocks 
emerge during the action, an evaluated value of 3000 is given. 
The following parameters were used: 
• Number of individuals: 250 
• Number of generations: 50 
• r = 0:9 
• Selection method: Tournament method (size 6) 

5.2 Result 
Fig.9 shows the minimum fitness and the average fitness for each generation at the time of 
implementing GP. Fig.10 shows the good individuals that emerged in each generation. The 
light-colored blocks in the center are normal blocks, and the dark-colored blocks at the edge 
are motor blocks. 
Fig.10(a) shows an individual that emerged in the third generation. Because only one motor 
emerged, which made proceeding straight ahead difficult, it was not able to achieve a task. 
Fig.10(b) shows an individual that emerged in the eighth generation, featuring five blocks 
vertically aligned. 
The robot supported itself using its long vertical part and got on the gap between the stairs, 
but the tilt could not be supported. Afterward, the robot deviated from the right orbit. The 
individual that emerged in the 14th generation, shown in Fig.10(c), ascended the stairs, 
supported by the five central blocks as well. Starting with the eighth generation, there were 
two more blocks at the front. The wider shape could avoid deviation from the orbit caused 
by the tilting at the time of climbing over the gap in the stairs. 
Fig.11 shows the best individual during the simulation, which emerged in the 16th 
generation. Putting the three blocks on the right-side front of the robot upon the next stair, 
the robot could start climbing the staircase. Compared with Fig.10(c), there were fewer front 
blocks, thereby eliminating the front block obstacles and allowing the robot to ascend over 
the gap in the stairs and shorten the time to realize the task. 

6. Discussion 
We showed two experiments with different coding methods, i.e., messy GA and GP. In 
modular robotics, it is very important to acquire not only one best pattern but also various 
sub-optimal patterns. This is because modular robots are used and developed for the sake of 
search or rescue task, which requires the flexibility against the real-world environment. In 
such a case, moving is a basic and essential ability skill. 
Our experimental results have shown how successfully the significant pattern was acquired 
during the evolution. As can be seen from Fig.4 and Table.3, some of those patterns were 
superior to those designed manually for the target task. 
In this experiment, sensors were not used to avoid complicating controllers. Introducing 
sensors necessitates a certain level of dynamic generation of controllers and symbiosis with 
morphology models. Some computation cost is necessary, for which an application of 
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Neural Net or Q-Learning is a solution. Research in this field includes the co-evolution of 
morphology and behavior as well as the automatic generation of controllers. However, we 
intend to deepen our knowledge of expression methods of morphology for actual robots, 
and in that regard we will attempt the co-evolution of vegetable-type robots using only 
sensors and animal-type robots with motors. 

 
Figure 9. Change in fitness (Slope, less is better) 

a b ca b ca b c  
Figure 10. The suboptimal individuals in each generation (Slope) 

 
Figure 11. The best individual (Slope) 



Frontiers in Evolutionary Robotics 

 

230 

The controllers were not changed, and the robots were made to rotate under a certain rule in 
a constant direction. The initial evaluated value is 1500, and the value is reduced by 500 
when the robot reaches the first stair and by 100 for each subsequent stair that the robot 
ascends. The value of the trial time divided by 10 is added at the end of the trial. The 
maximum trial time was 1000. The less the evaluated value is, the better. If no normal blocks 
emerge during the action, an evaluated value of 3000 is given. 
The following parameters were used: 
• Number of individuals: 250 
• Number of generations: 50 
• r = 0:9 
• Selection method: Tournament method (size 6) 

5.2 Result 
Fig.9 shows the minimum fitness and the average fitness for each generation at the time of 
implementing GP. Fig.10 shows the good individuals that emerged in each generation. The 
light-colored blocks in the center are normal blocks, and the dark-colored blocks at the edge 
are motor blocks. 
Fig.10(a) shows an individual that emerged in the third generation. Because only one motor 
emerged, which made proceeding straight ahead difficult, it was not able to achieve a task. 
Fig.10(b) shows an individual that emerged in the eighth generation, featuring five blocks 
vertically aligned. 
The robot supported itself using its long vertical part and got on the gap between the stairs, 
but the tilt could not be supported. Afterward, the robot deviated from the right orbit. The 
individual that emerged in the 14th generation, shown in Fig.10(c), ascended the stairs, 
supported by the five central blocks as well. Starting with the eighth generation, there were 
two more blocks at the front. The wider shape could avoid deviation from the orbit caused 
by the tilting at the time of climbing over the gap in the stairs. 
Fig.11 shows the best individual during the simulation, which emerged in the 16th 
generation. Putting the three blocks on the right-side front of the robot upon the next stair, 
the robot could start climbing the staircase. Compared with Fig.10(c), there were fewer front 
blocks, thereby eliminating the front block obstacles and allowing the robot to ascend over 
the gap in the stairs and shorten the time to realize the task. 

6. Discussion 
We showed two experiments with different coding methods, i.e., messy GA and GP. In 
modular robotics, it is very important to acquire not only one best pattern but also various 
sub-optimal patterns. This is because modular robots are used and developed for the sake of 
search or rescue task, which requires the flexibility against the real-world environment. In 
such a case, moving is a basic and essential ability skill. 
Our experimental results have shown how successfully the significant pattern was acquired 
during the evolution. As can be seen from Fig.4 and Table.3, some of those patterns were 
superior to those designed manually for the target task. 
In this experiment, sensors were not used to avoid complicating controllers. Introducing 
sensors necessitates a certain level of dynamic generation of controllers and symbiosis with 
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Neural Net or Q-Learning is a solution. Research in this field includes the co-evolution of 
morphology and behavior as well as the automatic generation of controllers. However, we 
intend to deepen our knowledge of expression methods of morphology for actual robots, 
and in that regard we will attempt the co-evolution of vegetable-type robots using only 
sensors and animal-type robots with motors. 

 
Figure 9. Change in fitness (Slope, less is better) 

a b ca b ca b c  
Figure 10. The suboptimal individuals in each generation (Slope) 

 
Figure 11. The best individual (Slope) 
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7. Conclusion 
The chapter covered the evolutionary morphology of actual robots using a 3-D simulator. 
An individual fitted for plane movement using Messy GA rotated its body by extending the 
leg parts in a direction perpendicular to the rotation axis to increase stability. The individual 
that fitted itself to the ascending stairs by GP adjusted well to the stair gap by extending the 
support on the back of the body in a flat and a hook shape. Either shape is typical of block-
type robots, but uncommon for humans, and reflects the versatility of blocks as a basic unit. 
A future issue will be to apply to more complicated tasks or multi-agent cooperation using 
modular robotics. 

8. Acknowledgements 
The authors thank Kenta Shimada and Taiki Honma for helpful comments and for other 
contributions to this work.  

9. References 
Asai, Y. & Arita, T. (2002). Coevolution of Bodies and Behavior in a Modular 

Reconfiguration Robot, IPSJ Journal (in Japanese), Vol. 43, No. SIG10, pp. 110-118 
Dawkins, R. (1986). Blind Watchmaker, Longman 
Goldberg, D. E.; Korb, B. & Deb, K. (1989). Messy Genetic Algorithms: Motivation, Analysis, 

and First Results, Complex Systems, vol. 3, pp.493-530 
Griffith, S.; Goldwater, D. & Jacobson, J. M. (2005). Robotics: Self-replication from random 

parts, Nature, Vol. 437, pp. 636 
Kurokawa, H. et al. (2003). M-TRAN II: Metamorphosis from a Four-Legged Walker to a 

Caterpillar, Proceedings of International Conference on Intelligent Robots and Systems 
(IROS 2003), pp.2452-2459 

Lipson, H. & Pollack, J. B. (2000). Automatic Design and Manufacture of Artificial Lifeforms, 
Nature, Vol. 406, pp.974-978 

Lund, H. H. (2001). Co-evolving Control and Morphology with LEGO Robots, Proceedings of 
Workshop on Morpho-functional Machines 

Murata, S. et al. (2002). M-TRAN: Self-Reconfigurable Modular Robotic System, IEEE/ASME 
Trans. Mech. Vol. 7, No. 4, pp. 431-441 

Nakano, K. et al. (1997). A Self-Organizing System with Cell-Specialization, IEEE 
International Conference on Evolutionary Computation, pp.279-284 

Pollack, J. B. & Lipson, H. (2000). The GOLEM Project: Evolving Hardware Bodies and 
Brains, The Second NASA/DoD Workshop on Evolvable Hardware 

Sims, K. (1994a). Evolving Virtual Creatures, Proceedings of Computer Graphics, pp.15-22 
Sims, K. (1994b). Evolving 3d morphology and behavior by competition, In R. Brooks and P. 

Maes, editors, Proceedings of the International Conference Artificial Life IV 
Takahiro, T; Shimada, K. & Iba, H. (2006). Evolutionary Morphology for Cubic Modular 

Robot, Proceedings of 2006 IEEE World Congress on Computational Intelligence 
Zykov, V. et al. (2005). Self-reproducing machines, Nature, Vol. 435, pp.163-164 
 

13 

Mechanism of Emergent Symmetry Properties  
on Evolutionary Robotic System 

Naohide Yasuda, Takuma Kawakami, Hiroaki Iwano, 
Katsuya Kanai, Koki Kikuchi and Xueshan Gao 

Chiba Institute of Technology 
Japan 

1. Introduction 
In order to create an autonomous robot with the ability to dynamically adapt to a changing 
environment, many researchers have studied robotic intelligence, especially control systems, 
based on biological systems such as neural networks (NNs), reinforcement learning (RL), 
and genetic algorithms (GA) (Harvey et al., 1993, Richard, 1989, and Holland, 1975). In a 
recent decade, however, it has been recognized that it is important to design not only robotic 
intelligence but also a structure that depends on the environment as it changes because the 
dynamics of the structural system exerts a strong influence on the control system (Pfeifer & 
Scheier, 1999, and Hara & Pfeifer, 2003). The behavior of a robot is strongly affected by the 
physical interactions between its somatic structure and the outside world, such as collisions 
or frictions. Additionally, since the control system, the main part of robotic intelligence, is 
described as a mapping from sensor inputs to actuator outputs, the physical location of the 
sensors and actuators and the manner of their interaction are also critical factors for the 
entire robotic system. Therefore, to design a reasonable robot, it is necessary to consider the 
relationship between the structural system and the control system, as exemplified by the 
evolution of living creatures. 
From this point of view, several researchers have tried to dynamically design structural 
systems together with control systems. Sims (Sims, 1994) and Ventrella (Ventrella, 1994) 
have demonstrated the evolution of a robot with a reconfigurable multibody structure and 
control system through computer simulation. The Golem Project of Lipson and Pollack has 
realized the automatic design and manufacture of robotic life forms using rapid prototyping 
technology (Lipson & Pollack, 2000). Salomon and Lichtensteiger have simulated the 
evolution of an artificial compound eye as a control system by using NNs and have shown 
that the robot creates motion parallax to estimate the critical distance to obstacles by 
modifying the angular positions of the individual light sensors within the compound eye 
(Salomon & Lichtensteiger, 2000). These researches have shown the importance of 
adaptation through not only intelligence but also the relationship between morphology and 
intelligence. However, the mechanism of the function emerging from such relationship or 
some kind of design principle is not fully understood yet. 
Meanwhile, for living creatures, symmetry properties may be a common design principle; 
these properties may have two phases, that is, the structural and functional phases. For 
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1. Introduction 
In order to create an autonomous robot with the ability to dynamically adapt to a changing 
environment, many researchers have studied robotic intelligence, especially control systems, 
based on biological systems such as neural networks (NNs), reinforcement learning (RL), 
and genetic algorithms (GA) (Harvey et al., 1993, Richard, 1989, and Holland, 1975). In a 
recent decade, however, it has been recognized that it is important to design not only robotic 
intelligence but also a structure that depends on the environment as it changes because the 
dynamics of the structural system exerts a strong influence on the control system (Pfeifer & 
Scheier, 1999, and Hara & Pfeifer, 2003). The behavior of a robot is strongly affected by the 
physical interactions between its somatic structure and the outside world, such as collisions 
or frictions. Additionally, since the control system, the main part of robotic intelligence, is 
described as a mapping from sensor inputs to actuator outputs, the physical location of the 
sensors and actuators and the manner of their interaction are also critical factors for the 
entire robotic system. Therefore, to design a reasonable robot, it is necessary to consider the 
relationship between the structural system and the control system, as exemplified by the 
evolution of living creatures. 
From this point of view, several researchers have tried to dynamically design structural 
systems together with control systems. Sims (Sims, 1994) and Ventrella (Ventrella, 1994) 
have demonstrated the evolution of a robot with a reconfigurable multibody structure and 
control system through computer simulation. The Golem Project of Lipson and Pollack has 
realized the automatic design and manufacture of robotic life forms using rapid prototyping 
technology (Lipson & Pollack, 2000). Salomon and Lichtensteiger have simulated the 
evolution of an artificial compound eye as a control system by using NNs and have shown 
that the robot creates motion parallax to estimate the critical distance to obstacles by 
modifying the angular positions of the individual light sensors within the compound eye 
(Salomon & Lichtensteiger, 2000). These researches have shown the importance of 
adaptation through not only intelligence but also the relationship between morphology and 
intelligence. However, the mechanism of the function emerging from such relationship or 
some kind of design principle is not fully understood yet. 
Meanwhile, for living creatures, symmetry properties may be a common design principle; 
these properties may have two phases, that is, the structural and functional phases. For 
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example, most legged creatures are symmetric in the structural phase and their gait, that is, 
the manner in which they actuate their left and right legs, is also symmetric in the functional 
phase. For the locomotion of a biped robot, Bongard et al. have demonstrated the 
importance of a symmetry structure from the viewpoint of energy efficiency (Bongard & 
Paul, 2000, and Bongard & Pfeifer, 2002). This is an example of effective symmetry structure 
from the viewpoint of engineering. However, the effectiveness of an asymmetry structure 
has also been shown in nature. Although insect wings to fly are symmetric, those to sing are 
generally asymmetric. One claw of the fiddler crab is extremely big as compared with 
another. The asymmetric brain structure of a fruit fly enhances its long-term memory 
(Pascual et al., 2004) and an asymmetric ear structure of barn owls allows accurate auditory 
localization (Kundsen, 2002). These examples indicate that since living beings must have 
created optimal mechanisms through interactions with the environment, the characteristics 
of symmetry or asymmetry are extremely important for not only the physical structure but 
also functionality, including control. Hence, since the symmetry properties and their 
concomitant functionality show the design principle of the entire system, the clarification of 
the mechanism of the emergence of symmetry properties can contribute to the development 
of a methodology for a robotic system that designs its own morphology and intelligence 
depending on the changing environment.  
From this point of view, we have studied the mechanism of symmetry properties emerging 
from the balance between structural and control systems by using an evolutionary robotic 
system with reconfigurable morphology and intelligence (Kikuchi & Hara, 1998, Kikuchi et 
al., 2001, and Kikuch & Hara, 2000). Here, as an example of our studies, we introduce the 
symmetry properties created by two relative velocity conditions, fast predator vs. slow prey 
and slow predator vs. fast prey, and by genotype-phenotype noise conditions, genetic errors 
due to a growth process. 

2. Task and Evolutionary Robotic System 
In this section, we introduce a task for a robot, a fitness criterion, and an evolutionary 
robotic system. 

2.1 Task and Evaluation 
The task given to the robot is to maintain a certain distance D from a target. The robot and 
the target are in an arena surrounded by walls, as shown Fig. 1. The target moves randomly 
and the robot behaves by using the morphology and intelligence automatically generated by 
genetic programming (GP). Note that, the short distance D means that since the robot chases 
the target, the predator chases the prey. On the other hand, the long distance D means that 
since the robot departs from the target, the prey runs away from the predator.  
A fitness value, F, is calculated according to the performance of the robot. The performance 
is evaluated by using a multiobjective function that is defined as 
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where X is the center of the robot, P is the center of the target, t is the time, T is the total 
evaluation time, H is the side length of the arena, i is the trial number, and N is the total 
number of trials. The robot obtains a high evaluation if it maintains D. Here, the weight α is 
determined by the distance between the robot and the target. When this distance is smaller 
than D, α is 2 /H D , and when it is larger than D, α is 1. Note that the value of 2H  
means the maximum distance of the robot and the target. Additionally, the smaller the 
fitness value, the better the performance.  When the robot collides with the target, the fitness 
value is 1.63 and when the robot maintains an objective distance, it is 0.0. 

2.2 Evolutionary Robotic System 
The robot is modeled as a cylindrical shape and has two visual sensors and two wheels with 
motors. The motion is calculated on the basis of a two-dimensional dynamic model that 
includes realistic physical conditions such as collisions and frictions. The equations of 
motion are given by 
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where M is the mass of the robot, x and y are the coordinates of the center of the robot, Ti is 
the torque of the motor, Rt is the wheel radius, r is the distance from the center of the wheel 
to the center of the robot (equals to the robot radius), F* is the friction with the floor, P* is the 
impact with the target or a wall, I is the moment of inertia, θ is the direction of the robot, and 
i is the wheel ID that is 0 for the left wheel and 1 for the right wheel, as shown in Fig. 2. Note 
that the origin is the center of the arena and the counterclockwise direction is positive, as 
illustrated in Fig. 1. Using these equations, the motions of the robot and target are simulated 
by a Runge-Kutta method. 

Objective 
distance circle

 
Figure 1. Simulation arena 
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where X is the center of the robot, P is the center of the target, t is the time, T is the total 
evaluation time, H is the side length of the arena, i is the trial number, and N is the total 
number of trials. The robot obtains a high evaluation if it maintains D. Here, the weight α is 
determined by the distance between the robot and the target. When this distance is smaller 
than D, α is 2 /H D , and when it is larger than D, α is 1. Note that the value of 2H  
means the maximum distance of the robot and the target. Additionally, the smaller the 
fitness value, the better the performance.  When the robot collides with the target, the fitness 
value is 1.63 and when the robot maintains an objective distance, it is 0.0. 

2.2 Evolutionary Robotic System 
The robot is modeled as a cylindrical shape and has two visual sensors and two wheels with 
motors. The motion is calculated on the basis of a two-dimensional dynamic model that 
includes realistic physical conditions such as collisions and frictions. The equations of 
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where M is the mass of the robot, x and y are the coordinates of the center of the robot, Ti is 
the torque of the motor, Rt is the wheel radius, r is the distance from the center of the wheel 
to the center of the robot (equals to the robot radius), F* is the friction with the floor, P* is the 
impact with the target or a wall, I is the moment of inertia, θ is the direction of the robot, and 
i is the wheel ID that is 0 for the left wheel and 1 for the right wheel, as shown in Fig. 2. Note 
that the origin is the center of the arena and the counterclockwise direction is positive, as 
illustrated in Fig. 1. Using these equations, the motions of the robot and target are simulated 
by a Runge-Kutta method. 
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Figure 2. Two-dimensional model of evolutionary robotic system 

3. Morphology and Intelligence Genes 
In this study, the evolutionary robotic system is optimized through the processes of GP: (1) 
development, (2) evaluation, (3) selection and multiplication, and (4) crossover and 
mutation. Under GP, each robot is treated as an individual coded by a morphology gene 
and an intelligence gene. In this section, we explain the coding method. 

3.1 Morphology Gene 
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Figure 3. Morphological parameters 

A morphology of a robot may be generally defined by using many kinds of elements such as 
the body shape, size, weight, rigidity, surface characteristics, and sensor-actuator 
arrangement. In this study, the morphology is represented by the physical arrangement of 
two flexible visual sensors, two fixed motors, and a cylindrical shape, as illustrated in Fig. 3. 
Here, two visual sensors SL and SR have three degrees of freedom: alpha, beta, and gamma. 
Alpha corresponds to the arrangement angle of the sensors on a circumference of a circle 
with a radius of 0.04 m ( °≤≤° 90,0 RL αα ), beta is the range of the field of view 
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( °≤≤° 50,0 RL ββ ), and gamma is the direction of the visual axis ( °≤≤°− 90,90 RL γγ ). Thus, the 
evolutionary robotic system has six degrees of freedom for the morphology gene. Note that 
the shaded areas show the recognition areas for the target; the sensor becomes “ON” when 
the target is recognized in this area. The sensor resolution is set to be 1 for simplicity. 

3.2 Intelligence Gene 
The intelligence gene of the robot is a computer program described as a decision tree that 
represents the relationship between the sensor inputs and the motor outputs. The decision 
tree is created by using two kinds of nodes--terminal nodes and nonterminal nodes--as 
shown in Table 1. The terminal nodes are the sensor nodes and motor nodes. The sensor 
nodes L and R correspond to the state of the two sensors SL and SR shown in Fig. 3, with 
“true” and “false” assigned to “ON” and “OFF.” The motor nodes have the action functions 
such as MOVE_F to move forward, TURN_L to turn left, TURN_R to turn right, MOVE_B to 
move backward, and STOP to stop. Figure 4 shows the behavior of these functions. The 
nonterminal nodes are function nodes, i.e., typical computer language commands such as 
IF, AND, OR, and NOT. The robotic intelligence gene is automatically created by combining 
these nodes. 

 Sensor nodes  L, R
 Motor nodes  MOVE_F, TURN_L, TURN_R, MOVE_B, STOP

 Function nodes  IF, AND, OR, NOT

Terminal nodes

Nonterminal nodes

 
Table 1. Node for decision tree 
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Figure 4. Robotic behaviors for each motor node 

4. Evolutionary Simulation I 
4.1 Conditions for Simulation 
In this study, to clarify the mechanism of emergent symmetry properties, we performed two 
simulations for different relative velocities of the robot: in Case A, the robot was twice as 
fast as the target and in Case B, the target was twice as fast as the robot. Since we set an 



Frontiers in Evolutionary Robotics 

 

236 

 

Front 

I 

Wheel 0 

Wheel 1 

(x, y) 

Fθ Fy 

Fx 

θ 

T1 

Friction 

Velocity 

x 

y 

 
Figure 2. Two-dimensional model of evolutionary robotic system 

3. Morphology and Intelligence Genes 
In this study, the evolutionary robotic system is optimized through the processes of GP: (1) 
development, (2) evaluation, (3) selection and multiplication, and (4) crossover and 
mutation. Under GP, each robot is treated as an individual coded by a morphology gene 
and an intelligence gene. In this section, we explain the coding method. 

3.1 Morphology Gene 
 

d=0.12 

SL SR

αRαL 

βL 

γL γR 

βR

Recognition range of sensor 

Robotic body 

 
Figure 3. Morphological parameters 

A morphology of a robot may be generally defined by using many kinds of elements such as 
the body shape, size, weight, rigidity, surface characteristics, and sensor-actuator 
arrangement. In this study, the morphology is represented by the physical arrangement of 
two flexible visual sensors, two fixed motors, and a cylindrical shape, as illustrated in Fig. 3. 
Here, two visual sensors SL and SR have three degrees of freedom: alpha, beta, and gamma. 
Alpha corresponds to the arrangement angle of the sensors on a circumference of a circle 
with a radius of 0.04 m ( °≤≤° 90,0 RL αα ), beta is the range of the field of view 

Mechanism of Emergent Symmetry Properties  on Evolutionary Robotic System 

 

237 

( °≤≤° 50,0 RL ββ ), and gamma is the direction of the visual axis ( °≤≤°− 90,90 RL γγ ). Thus, the 
evolutionary robotic system has six degrees of freedom for the morphology gene. Note that 
the shaded areas show the recognition areas for the target; the sensor becomes “ON” when 
the target is recognized in this area. The sensor resolution is set to be 1 for simplicity. 

3.2 Intelligence Gene 
The intelligence gene of the robot is a computer program described as a decision tree that 
represents the relationship between the sensor inputs and the motor outputs. The decision 
tree is created by using two kinds of nodes--terminal nodes and nonterminal nodes--as 
shown in Table 1. The terminal nodes are the sensor nodes and motor nodes. The sensor 
nodes L and R correspond to the state of the two sensors SL and SR shown in Fig. 3, with 
“true” and “false” assigned to “ON” and “OFF.” The motor nodes have the action functions 
such as MOVE_F to move forward, TURN_L to turn left, TURN_R to turn right, MOVE_B to 
move backward, and STOP to stop. Figure 4 shows the behavior of these functions. The 
nonterminal nodes are function nodes, i.e., typical computer language commands such as 
IF, AND, OR, and NOT. The robotic intelligence gene is automatically created by combining 
these nodes. 

 Sensor nodes  L, R
 Motor nodes  MOVE_F, TURN_L, TURN_R, MOVE_B, STOP

 Function nodes  IF, AND, OR, NOT

Terminal nodes

Nonterminal nodes

 
Table 1. Node for decision tree 
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Figure 4. Robotic behaviors for each motor node 

4. Evolutionary Simulation I 
4.1 Conditions for Simulation 
In this study, to clarify the mechanism of emergent symmetry properties, we performed two 
simulations for different relative velocities of the robot: in Case A, the robot was twice as 
fast as the target and in Case B, the target was twice as fast as the robot. Since we set an 
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objective distance D as a short distance of 0.5 m, the robots mean the fast predator in Case A 
and the slow predator in Case B. 
The physical conditions were as follows. The length of one side of the arena H was 4.0m, the 
diameter of the robot and target d was 0.12 m, the evaluation time T ranged from 20.0 s to 
90.0 s, the maximum speeds of the robot and target were 0.2 m/s and 0.1m/s, respectively, 
in Case A and 0.1 m/s and 0.2 m/s, respectively, in Case B, the sampling time of the sensor 
was 100 ms, and the weight of the robot and the target M was 0.4 kg. The recognition error 
of the sensors was set from -3.0° to 3.0° (randomly determined from a normal distribution). 
The GP parameters were set as follows. The population size was 300, the generation was 
300, the selection ratio was 0.8, the crossover ratio was 0.3, and the mutation ratio was 0.1. 
The initial positions and directions of the robot and target were randomly determined from 
a uniform distribution within the center region. 

4.2 Definition: Indices of Symmetry Properties 
To analyze the structural symmetry properties of the robotic system, we defined three 
indices: || RL αα − , || RL ββ − , and || RL γγ − . Hence, the smaller the indices, the higher  was 
the structural symmetry. In the development of the first GP process, these values were 
uniformly generated to avoid bias.  

 

Actual cross point: Cpa

Actual cross point 
angle: θcpa 

Traveling direction 
line

Cross points: Cp 

Cross point angles: θcp 

 
Figure 5. Definition of cross-points and cross-point angles 

Additionally, we defined another index for the state space created by the visual sensors. As 
illustrated in Fig. 5, the values Cp represent the cross-points of the recognition areas of the 
two visual sensors, and the values θcp represent the angle between the traveling direction 
line and the line connecting the cross-points and the center of the robot. Note that the 
maximum cross-point number is four, since each visual sensor has two edges of recognition 
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area. We further defined the cross-point that is employed for action assignment as an actual 
cross-point Cpa. Similarly, θcpa represents the actual cross-point angle. 
Using these parameters, we performed 20 simulations for each case and analyzed elite 
individuals in the final generation of each simulation. 

4.3 Results 
Table 2 shows the fitness averages of the elite individuals obtained in Cases A and B and the 
standard deviations. The fitness in Case A is better than that in Case B, since the robot is 
faster than the target and can quickly approach it. Here, the fitness value of 0.218 means that 
the robot departs averagely 0.14 m inside from the objective distance circle shown in Fig. 1, 
and 0.278 means that it departs averagely 0.16 m inside. 

 

  Case A Case B 

Ave. 0.218  0.278  

Std. dev. 0.056  0.086  

Table 2. Fitness in Cases A and B 

 

Morphology genes α R=65, β R=35, γ R=-32

[deg] α L=37, β L=27, γ L=64

  ( if ( not L)

Intelligence genes       TURN_L

      MOVE_F)
 

Table 3. Genotype of typical individual obtained in Case A (Type I) 

Table 3 and Fig. 6 show the genotype and phenotype of a typical individual obtained in 
Case A, respectively. This individual divides the state space into two regions and assigns 
two actions. Here, we defined this kind of individual as Type I. This type occupies 52.5% out 
of 200 individuals in Case A and accomplishes the task of maintaing a certain distance from 
the target by using the following simple strategy. As shown in the intelligence gene of Table 
3, if L is not true, then TURN_L is executed; in other words, if the left visual sensor does not 
recognize the target, the robot turns left (State 1 in Fig. 6). Otherwise, if L is true, MOVE_F is 
executed, that is, if the left visual sensor recognizes the target, the robot moves forward 
(State 2 in Fig. 6). Here, MOVE_F in the state space is arranged in the right front of the robot 
and TURN_L occupies the rest of the state space. Further, the robot has two visual sensors, 
but actually uses only one. In Case A, the robot is two times faster than the target and 
collides with it if the MOVE_F is arranged in front of the robot. Thus, the Type I robot avoids 
a collision and maintains the objective distance by shifting the MOVE_F from the front and 
rotating frequently. 
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Figure 6. Phenotype of typical individual expressed by the genotype of Table 3 (Type I) 

Morphology genes α R=63, β R=27, γ R=82
[deg] α L=48, β L=50, γ L=30

  ( if L
Intelligence genes       (if R TURN_L MOVE_F)

      (if (not R) TURN_R MOVE_B))  
Table 4. Genotype of typical individual obtained in Case B (Type II) 
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Figure 7. Phenotype of typical individual expressed by the genotype of Table 4 (Type II) 

Next, Table 4 and Fig. 7 show the genotype and phenotype of a typical individual obtained 
in Case B. This individual divides the state space into four regions and assigns four actions. 
Here, we defined this kind of robot as Type II. This type occupies 57.5% out of 200 
individuals in Case B and accomplishes the task by using the following strategy. As shown 
in the intelligence gene of Table 4, if L and R are true, then TURN_L is executed, that is, if 
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both sensors recognize the target, the robot turns left (State 1 in Fig. 7). If L is true and R is 
not true, then MOVE_F is executed; in other words, if the left visual sensor recognizes the 
target and the right visual sensor does not, the robot moves forward (State 2 in Fig. 7). If 
both R and L are not true, then TRUN_R is executed, that is, if neither the left visual sensor 
nor the right visual sensor recognizes the target, the robot turns right (State 3 in Fig. 7). If L 
is not true and R is true, MOVE_B is executed, that is, if the left visual sensor does not 
recognize the target and the right visual sensor does, the robot moves backward (State 4 in 
Fig. 7). Here, MOVE_F in the state-action space is arranged in the front of the robot, TURN_L 
and TURN_R are to the left and right of the MOVE_F region, and MOVE_B is between 
MOVE_F and the robot. In Case B, the robot is two times slower than the target and needs to 
approach the target along the shortest path. Therefore, MOVE_F should be arranged in the 
front of the robot. Additionally, the arrangement of TURN_L and TURN_R for MOVE_F 
allows a fast search and the centering of the target. Furthermore, when the robot gets too 
close to the target, it moves backward and maintains a distance between the robot and the 
target. With this state-action space, Type II obtains better fitness as compared to the others 
in Case B. 

4.4 Discussion: Structural Symmetry Properties 
Table 5 shows the averages of the structural indices of the symmetry properties: || RL αα − , 

|| RL ββ − , and || RL γγ − , for the elite individuals in the final generation and the standard 
deviations. Since the standard deviations were high and the averages did not converge, 
distinguishing structural symmetry properties represented by the arrangement of the two 
visual sensors were identified. This result shows that a structural symmetry property does 
not clearly manifest in simulation without considering the physical factor such as sensor 
weight. 

  Case A [deg] Case B [deg] 
  Ave. Std. dev. Ave. Std. dev. 

|| RL αα −  29.5 27.2 25.5 19.4 
|| RL ββ −  14.3 7.9 14.5 13.3 
|| RL γγ −  37.4 29.1 42.4 36.0 

Table 5. Results of structural indices obtained in Cases A and B 

4.5 Discussion: Functional Symmetry Properties 
From the viewpoint of state-action space, we discus the phenotype of Type II. Figure 8 
shows the state-action space of Type II and the physical arrangement of the two visual 
sensors. As shown by the broken lines, the state-action space of Type II is symmetric about 
the line between the actual cross-point and the center of the robot, because MOVE_F and 
MOVE_B are arranged in the front and back for the actual cross-point and TURN_L and 
TURN_R are to its left and right. In this study, we define such symmetry of the state-action 
space as functional symmetry. This result shows that from the viewpoint of physical 
structure, the arrangement of the two visual sensors is not symmetric (the lower area 
marked by the broken line in Fig. 8), but from the viewpoint of control, the state-action 
space is symmetric. Table 6 shows the incidence ratio of an individual with functional 
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both sensors recognize the target, the robot turns left (State 1 in Fig. 7). If L is true and R is 
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symmetry obtained in Cases A and B. Since the ratios are 10.0% in Case A and 57.5% in Case 
B, the relative velocity difference must be one of factors that generate the functional 
symmetry. Table 7 shows the average of the actual cross-point angle of the individual with 
functional symmetry obtained in Cases A and B. Here, if the actual cross-point is 0 [deg] 
(i.e., exists on the traveling direction line), it means that the state-action space is almost 
symmetric about the traveling direction. The actual cross-point angle in Case B is lower than 
that in Case A, that is, the individual obtained in Case B is more symmetric. Furthermore, as 
shown in Fig. 9, 25% of individuals with functional symmetry in Case A created the actual 
cross-point within 10 [deg], while the percentage of individual in Case B was 90%. This 
result suggests that in Case B, most of the robotic systems designed the actual cross-point in 
front of the robot and assigned actions based on this point. Therefore, the condition in Case 
B tends to generate functional symmetry about the  traveling direction as compared with 
that in Case A. Furthermore, Fig. 10 shows the relationship between the actual cross-point 
angle and the fitness in Case B. This result shows that since the correlation is 0.38, the 
smaller the actual cross-point angle (i.e., the more the functional symmetry), the better the 
fitness. This is considered to be due to the following reason. In Case B, the robot consumes 
considerable amount of time in chasing the target because the target velocity is twice that of 
the robot velocity. Thus, the Type II robot has the fastest approach by creating a region of 
MOVE_F in the travelling direction, as shown Fig. 8. In addition, this type of robot can 
quickly cope with the random behavior of the target by symmetrically assigning actions 
based on the actual cross-point. Hence, functional symmetry properties about the traveling 
direction emerging from the arrangement of the two visual sensors are one of the important 
design principles in Case B. These result may show that, in nature, since a slower predator, 
for example, a tiger, compared with a prey must efficiently chase, it almost creates the 
symmetric stereo-vision. 
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Figure 8. State-action space of individual with functional symmetry 
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Table 6. Incidence ratio of individual with functional symmetry obtained in Cases A and B 
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  Case A [deg] Case B [deg] 

Ave. 12.5  4.6  

Std. dev. 3.4  3.7  

Table 7. Actual cross-point angle obtained in Cases A and B 
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Figure 9. Comparison of actual cross-point angle distribution obtained in Cases A and B 
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Figure 10. Correlation between actual cross point angle and fitness obtained in Case B 

5. Evolutionary Simulation II 
5.1 Condition for Simulation 
To investigate the influence of genetic noise on the manifestation of symmetry properties, 
we performed same simulations identical to Evolutionary Simulation I for the noise ratios: 
0%, 25%, 50%, 75%, and 100%. Here, the genetic noise is a genotype–phenotype noise (G-P 
noise) that is added during the transformation process from the genotype to the 
phenotype. From this, an individual with same genotype is translated to slightly different 
phenotypes and is given a different fitness value. This G-P noise may be similar to an 
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symmetry obtained in Cases A and B. Since the ratios are 10.0% in Case A and 57.5% in Case 
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5. Evolutionary Simulation II 
5.1 Condition for Simulation 
To investigate the influence of genetic noise on the manifestation of symmetry properties, 
we performed same simulations identical to Evolutionary Simulation I for the noise ratios: 
0%, 25%, 50%, 75%, and 100%. Here, the genetic noise is a genotype–phenotype noise (G-P 
noise) that is added during the transformation process from the genotype to the 
phenotype. From this, an individual with same genotype is translated to slightly different 
phenotypes and is given a different fitness value. This G-P noise may be similar to an 



Frontiers in Evolutionary Robotics 

 

244 

acquired disposition in nature. The G-P noise adds a disturbance from -1.0 [deg] to 1.0 
[deg] to α, β, and γ of the genotype according to the normal probability distribution. Note 
that the change in the sensor direction in the  traveling direction due to this G-P noise is 
less than 2.0 [deg], and that the change in the edge of the field of view is less than 2.5 
[deg]. 

5.2 Results and Discussion 
Table 8 shows the incidence ratio of an individual with functional symmetry for different 
G-P noise ratios. From this, we find that in Case A, the incidence ratio of functional 
symmetry gradually decreases with an increase in the G-P noise, and in Case B, there is a 
peak in the incidence ratio of functional symmetry depending on the G-P noise ratio. We 
consider this mechanism as follows. Type I is robust against the G-P noise as compared 
with Type II. Since Type II designs the state-action space based on the cross-point, a 
change in the cross-point due to the G-P noise deteriorates the fitness. However, Type I is 
not affected much, since it does not have a cross-point. Thus, in Case A, Type II is 
eliminated with an increase in the G-P noise. Consequently, the individuals in Case A lose 
one visual sensor through evolution and become Type I with high robustness in the 
presence of G-P noise. The Type I visual sensor has a bias angle (approximately 30 [deg]) 
for the traveling direction and is asymmetric. Hence, Case A creates functional 
asymmetry.  
On the other hand, Type II must use the state-action space with a cross-point for the fastest 
chase. Therefore, Type II is not eliminated by increasing the G-P noise in Case B. Moreover, 
a small G-P noise increases the incidence of functional symmetry. Hence, Case B creates 
functional symmetry. From this, in this case study, we conclude that Case A , in which the 
robot is faster, creates functional asymmetry and Case B, in which the target is faster, creates 
functional symmetry. 

G-P Noise Case A Case B 

0% 10.0  57.5  

25% 14.0  57.5  

50% 6.0  80.5  

75% 5.0  57.5  

100% 0.5  56.5  

Table 8. Incidence ratios of individual with functional symmetry 

6. Conclusions 
We focused on symmetry properties and performed computational simulations by using an 
evolutionary robotic system with reconfigurable morphology and intelligence. First, we 
investigated the mechanism of emergent symmetry properties for two different relative 
velocities of the robot and the target and the influence by which the genetic noise gives to 
the symmetry properties. Although, from the viewpoint of physical structure, 
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distinguishing structural symmetry properties were identified in simulation without 
considering the physical factor such as sensor weight, from the viewpoint of control, 
functional symmetric properties were manifested; functional asymmetry was designed in 
Case A in which the robot was faster than the target, and functional symmetry was designed 
in Case B in which the robot was slower than the target. Genotype-phenotype noise, which 
creates different individuals from the same genotype, improved the robustness of the robot 
in Case A and raised the incidence ratio of functional asymmetry. On the other hand, a small 
genotype –phenotype noise improved the incidence ratio of functional symmetry in Case B. 
In a future study, we intend to investigate the relationship between the sensory system and 
the driving system using an evolutionary robotic system that is capable of changing not only 
the sensor arrangement but also the motor arrangement. Additionally, we aim to further 
investigate the design principles leading to structural symmetry. Furthermore, we will 
employ physical experiments and attempt to reveal the characteristics of symmetry 
properties in the real world. 
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acquired disposition in nature. The G-P noise adds a disturbance from -1.0 [deg] to 1.0 
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a small G-P noise increases the incidence of functional symmetry. Hence, Case B creates 
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G-P Noise Case A Case B 

0% 10.0  57.5  

25% 14.0  57.5  

50% 6.0  80.5  

75% 5.0  57.5  

100% 0.5  56.5  

Table 8. Incidence ratios of individual with functional symmetry 

6. Conclusions 
We focused on symmetry properties and performed computational simulations by using an 
evolutionary robotic system with reconfigurable morphology and intelligence. First, we 
investigated the mechanism of emergent symmetry properties for two different relative 
velocities of the robot and the target and the influence by which the genetic noise gives to 
the symmetry properties. Although, from the viewpoint of physical structure, 
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distinguishing structural symmetry properties were identified in simulation without 
considering the physical factor such as sensor weight, from the viewpoint of control, 
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in Case A and raised the incidence ratio of functional asymmetry. On the other hand, a small 
genotype –phenotype noise improved the incidence ratio of functional symmetry in Case B. 
In a future study, we intend to investigate the relationship between the sensory system and 
the driving system using an evolutionary robotic system that is capable of changing not only 
the sensor arrangement but also the motor arrangement. Additionally, we aim to further 
investigate the design principles leading to structural symmetry. Furthermore, we will 
employ physical experiments and attempt to reveal the characteristics of symmetry 
properties in the real world. 
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1. Introduction    
Many agent problems in a grid world have been handled to understand agent behaviours in 
the real world or pursue characteristics of desirable controllers. Normally grid world 
problems have a set of restricted sensory configurations and motor actions. Memory control 
architecture is often needed to process the agent behaviours appropriately. Finite state 
machines and recurrent neural networks were used in the artificial ant problems (Jefferson 
et al., 1991). Koza (1992) applied genetic programming with a command sequence function 
to the artificial ant problem.  Teller (1994) tested a Tartarus problem by using an indexed 
memory. Wilson (1994)  used a new type of memory-based classifier system for a grid world 
problem, the Woods problem. 
The artificial ant problem is a simple navigation task that imitates ant trail following. In this 
problem, an agent must follow irregular food trails in the grid world to imitate an ant's 
foraging behaviour. The trails have a series of turns, gaps, and jumps on the grid and ant 
agents have one sensor in the front to detect food. Agents have restricted information of the 
surrounding environment. Yet they are supposed to collect all the food on the trails. The 
first work, by Jefferson et al. (1991), used the John Muir trail, and another trail, called Santa 
Fe trail, was studied with genetic programming by Koza (1992). The trails are shown in Fig. 
1. This problem was first solved with a genetic algorithm by Jefferson et al. (1991) to test the 
representation problem of controllers. A large population of artificial ants (65,536) were 
simulated in the John Muir trail with two different controller schemes, finite state machines 
and recurrent neural networks. In the John Muir trail, the grid cells on the left edge are 
wound adjacent to those on the right edge, and the cells on the bottom edge are wound 
adjacent to those at top. Each ant has a detector to sense the environment and an effector to 
wander about the environment; one bit of sensory input to detect food and two bits of motor 
actions to move forward, turn right, turn left and think (no operation). Its fitness was 
measured by the amount of food it collects in 200 time steps. At each time step, the agent 
can sense the environment and decide on one of the motor actions. The behaviours of ant 
agents in the initial population were random walks. Gradually, more food trails were traced 
by evolved ants. Koza (1992) applied genetic programming to the artificial ant problem with 
the Santa Fe trail (see Fig. 1(b)), where he assumed it as a slightly more difficult trail than the 
John Muir trail, because the Santa Fe trail has more gaps and turns between food pellets. In 
his approach, the control program has a form of S-expression (LISP) including a sequence of 
actions and conditional statements. 
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(a)      (b) 

Figure 1. Artificial ant trails (*: ant agent, circle: food) (a) John Muir trail (Jefferson et al., 
1991) (b) Santa Fe trail (Koza, 1992) 

Many evolutionary approaches related to the artificial ant problem considered the fitness as 
the amount of food that the ant has eaten within a fixed number of time steps (Jefferson et 
al.,1991, Koza,1992, Angeline,1998, Silva et al.,1999). The approaches suggested a new 
design of control structures to solve the problem, and showed the best performance that 
they can achieve. The artificial ant problem is an agent problem that needs internal memory 
to record the past sensory readings or motor actions. However, there has been little 
discussion for the intrinsic properties related to memory to solve the problem, although the 
control structures studied so far have a representation of internal memory.  
Internal memory is an essential component in agent problems in a non-Markovian 
environment (McCallum, 1996, Lanzi, 1998, Kim and Hallam, 2002). Agents often experience 
a perceptual aliasing problem (when the environmental features are not immediately 
observable or only partial information about the environment is available to an agent, the 
agent needs different actions with the same perceived situation) in non-Markovian 
environment. For instance, in the artificial ant problem an ant agent has two sensor states 
with one sensor, food detected or not in the front, but it needs different motor actions on the 
same sensor state, depending on the environmental feature. Thus, a memoryless reactive 
approach is not a feasible solution for the problem. There have been memory-encoding 
approaches to solve agent problems or robotic tasks in a non-Markovian environment or 
partially observable Markov decision process (POMDP). Colombetti and Dorigo (1994) used 
a classifier system to learn proper sequences of subtasks by maintaining internal state and 
transition signals which prompt an agent to switch from one subtask to another.  Lanzi 
(2000) has shown that internal memory can be used by adaptive agents with reinforcement 
learning, when perceptions are aliased.  Also there have been researches using a finite-size 
window of current and past observations and actions (McCallumn, 1996, Lin and Mitechell, 
1992). Stochastic approaches or reinforcement learning with finite state controllers have 
been applied to POMDPs (Meuleau et al., 1999, Peshkin et al., 1999, Braziunas and Boutiler, 
2004). Bram and de Jong (2000) proposed a means of counting the number of internal states 
required to perform a particular task in an environment. They estimated state counts from 
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finite state machine controllers to measure the complexity of agents and environments. They 
initially trained Elman networks (Elman, 1990) by reinforcement learning and then extracted 
finite state automata from the recurrent neural networks. As an alternative memory-based 
controller, a rule-based state machine was applied to robotic tasks to see the memory effect 
(Kim and Hallam, 2001). Later Kim and Hallam (2002) suggested an evolutionary 
multiobjective optimization method over finite state machines to estimate the amount of 
memory needed for a goal-search problem. 
Generally, finding an optimal memory encoding with the best behaviour performance in 
non-Markovian environments is not a trivial problem. Evolutionary computation has been a 
popular approach to design desirable controllers in agent problems or robotic tasks (Nolfi 
and Floreano, 2000). To solve the artificial ant problem, we will follow the evolutionary 
robotics approach. In the evolutionary approach, the behaviour performance of an ant agent 
is scored as fitness and then the evolutionary search algorithm with crossover and mutation 
operators tries to find the best control mapping from sensor readings to actions with a given 
memory structure. Here, we focus on the question of how many memory states are required 
to solve the artificial ant problem in non-Markovian environment or what is the best 
performance with each level of memory amount. This issue will be addressed with a 
statistical analysis of fitness distribution. 
 An interesting topic in evolutionary computation is to estimate the computational effort 
(computing time) to achieve a desirable level of performance. Koza (2002) showed a statistic 
to estimate the amount of computational effort required to solve a given problem with 99% 
probability. In his equation, the computational effort I(m,z) is estimated as 

 I(m,z) = m g log(1-z) / log(1-P(m,g)) (1) 

where m is the population size, g is the number of generations, z is the confidence level 
which is often set to 0.99, and P(m,g) is the probability of finding a success within mg 
evaluations. However, this equation requires to estimate P(m,g) accurately. It has been 
reported that  the measured computational effort has much deviation from the theoretical 
effort (Christensen and Oppacher, 2002, Niehaus and Banzhaf, 2003). The probability P(m,g) 
has been measured as the number of successful runs over the total number of runs. In that 
case, P(m,g) does not consider how many trial runs are executed, which can lead to the 
inaccurate estimation of the computational effort. The estimation error can be observed, 
especially when only a small number of experimental runs are available (Niehaus and 
Banzhaf, 2003). Lee (1998) introduced another measure of the computational effort, the 
average computing cost needed to obtain the first success, which can be estimated with  
mg(+β+2)/(+1) for given  successes and β failures. As an alternative approach to the 
performance evaluation, the run-time distribution, which is a curve of success rate 
depending on computational effort, has been studied to analyze the characteristics of a 
given stochastic local search (Hoos and Stuetzle, 1998, 1999). However, this measure may 
also experience the estimation error caused by variance of success probability.  
Agent problems in a grid world have been tested with a variety of control structures (Koza, 
1992, Balakrishnan and Honavar,1996, Ashlock, 1997,1998,  Lanzi, 1998, Silva et al., 1999, 
Kim, 2004), but there has been little study to compare control structures. Here, we introduce 
a method of quantitative comparisons among control structures, based on the behaviour 
performances. The success rate or computational effort is considered for the purpose. In this 
paper we use finite state machines as a quantifiable memory structure and a varying 
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Figure 1. Artificial ant trails (*: ant agent, circle: food) (a) John Muir trail (Jefferson et al., 
1991) (b) Santa Fe trail (Koza, 1992) 
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they can achieve. The artificial ant problem is an agent problem that needs internal memory 
to record the past sensory readings or motor actions. However, there has been little 
discussion for the intrinsic properties related to memory to solve the problem, although the 
control structures studied so far have a representation of internal memory.  
Internal memory is an essential component in agent problems in a non-Markovian 
environment (McCallum, 1996, Lanzi, 1998, Kim and Hallam, 2002). Agents often experience 
a perceptual aliasing problem (when the environmental features are not immediately 
observable or only partial information about the environment is available to an agent, the 
agent needs different actions with the same perceived situation) in non-Markovian 
environment. For instance, in the artificial ant problem an ant agent has two sensor states 
with one sensor, food detected or not in the front, but it needs different motor actions on the 
same sensor state, depending on the environmental feature. Thus, a memoryless reactive 
approach is not a feasible solution for the problem. There have been memory-encoding 
approaches to solve agent problems or robotic tasks in a non-Markovian environment or 
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a classifier system to learn proper sequences of subtasks by maintaining internal state and 
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(2000) has shown that internal memory can be used by adaptive agents with reinforcement 
learning, when perceptions are aliased.  Also there have been researches using a finite-size 
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2004). Bram and de Jong (2000) proposed a means of counting the number of internal states 
required to perform a particular task in an environment. They estimated state counts from 
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finite state machine controllers to measure the complexity of agents and environments. They 
initially trained Elman networks (Elman, 1990) by reinforcement learning and then extracted 
finite state automata from the recurrent neural networks. As an alternative memory-based 
controller, a rule-based state machine was applied to robotic tasks to see the memory effect 
(Kim and Hallam, 2001). Later Kim and Hallam (2002) suggested an evolutionary 
multiobjective optimization method over finite state machines to estimate the amount of 
memory needed for a goal-search problem. 
Generally, finding an optimal memory encoding with the best behaviour performance in 
non-Markovian environments is not a trivial problem. Evolutionary computation has been a 
popular approach to design desirable controllers in agent problems or robotic tasks (Nolfi 
and Floreano, 2000). To solve the artificial ant problem, we will follow the evolutionary 
robotics approach. In the evolutionary approach, the behaviour performance of an ant agent 
is scored as fitness and then the evolutionary search algorithm with crossover and mutation 
operators tries to find the best control mapping from sensor readings to actions with a given 
memory structure. Here, we focus on the question of how many memory states are required 
to solve the artificial ant problem in non-Markovian environment or what is the best 
performance with each level of memory amount. This issue will be addressed with a 
statistical analysis of fitness distribution. 
 An interesting topic in evolutionary computation is to estimate the computational effort 
(computing time) to achieve a desirable level of performance. Koza (2002) showed a statistic 
to estimate the amount of computational effort required to solve a given problem with 99% 
probability. In his equation, the computational effort I(m,z) is estimated as 

 I(m,z) = m g log(1-z) / log(1-P(m,g)) (1) 

where m is the population size, g is the number of generations, z is the confidence level 
which is often set to 0.99, and P(m,g) is the probability of finding a success within mg 
evaluations. However, this equation requires to estimate P(m,g) accurately. It has been 
reported that  the measured computational effort has much deviation from the theoretical 
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has been measured as the number of successful runs over the total number of runs. In that 
case, P(m,g) does not consider how many trial runs are executed, which can lead to the 
inaccurate estimation of the computational effort. The estimation error can be observed, 
especially when only a small number of experimental runs are available (Niehaus and 
Banzhaf, 2003). Lee (1998) introduced another measure of the computational effort, the 
average computing cost needed to obtain the first success, which can be estimated with  
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performance evaluation, the run-time distribution, which is a curve of success rate 
depending on computational effort, has been studied to analyze the characteristics of a 
given stochastic local search (Hoos and Stuetzle, 1998, 1999). However, this measure may 
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paper we use finite state machines as a quantifiable memory structure and a varying 
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number of memory states will be evolved to see the memory effect. To discriminate the 
performances of a varying number of memory states, we provide a statistical significance 
analysis over the fitness samples. We will present a rigorous analysis of success rate and 
computational effort, using a beta distribution model over fitness samples. Ultimately we 
can find the confidence interval of the measures and thus determine statistical significance 
of the performance difference between an arbitrary pair of strategies. This analysis will be 
applied to show the performance difference among a varying number of internal states, or 
between different control structures. The approach is distinguished from the conventional 
significance test based on the t-statistic. A preliminary report of the work was published in 
the paper (Kim, 2006). 
We first introduce memory-encoding structures including Koza's genetic programming and 
finite state machines (section 2) and show methods to evaluate fitness samples collected 
from evolutionary algorithms (section 3). Then we compare two different control structures, 
Koza's genetic programming controllers and finite state machines, and also investigate how 
a varying number of internal states influence the behaviour performance in the ant problem. 
Their performance differences are measured with statistical significance (section 4). 

2. Memory-Encoding Structures 
In this section we will show several different control structures which can encode internal 
memory, especially focusing on genetic programming and finite state machines. The two 
control structures will be tested in the experiments to quantify the amount of memory 
needed for the ant problem. 

2.1 Genetic Programming approach 
Koza (1992) introduced a genetic programming approach to solve the artificial ant problem. 
The control structure follows an S-expression as shown in Fig. 2. The ant problem has one 
sensor to look around the environment, and the sensor information is encoded in a conditional 
statement  if-food-ahead.  The statement has two conditional branches depending on whether 
or not there is a food ahead. The progn function connects an unconditional sequence of steps. 
For instance, the S-expression (progn2 left move)directs the artificial ant to turn left and then 
move forward in sequence, regardless of sensor readings. The progn function in the genetic 
program corresponds to a sequence of states in a finite automaton.   
 
(if-food-ahead  (move)   
    (progn3 (left)   
      (progn2  (if-food-ahead   (move) (right))   
      (progn2  (right)   
      (progn2  (left)  (right))))  
   (progn2  (if-food-ahead  (move)  (left))  

   move)))) 
 

Figure 2.  Control strategy for Santa Fe trail by Koza's genetic programming (Koza, 
1992);(if-food-ahead (move) (right)) means that if food is found ahead, move forward, else 
turn right, and progn2 or progn3 defines a sequence of two actions (subtrees) or three 
actions (subtrees) 
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In Koza's approach, a fitness measure for evolving controllers was defined as the amount of 
food ranging from 0 to 89, traversed within a given time limit. An evolved genetic program 
did not have any numeric coding, but instead a combination of conditional statements and 
motor actions were represented in an S-expression tree without any explicit state 
specification.  The evaluation of the S-expression is repeated if there is additional time 
available. Fig. 2 is one of the best control strategies found (Koza, 1992).  
Following Koza's genetic programming approach, we will evolve S-expression controllers 
for the Santa Fe trail in the experiments. Here, we use only two functions, if-food-ahead 
and progn2 to restrict evolving trees into binary trees, and progn3 can be built with the 
primitive function progn2. In the evolutionary experiments, the number of terminal nodes 
in an S-expression tree will be taken as a control parameter.  As a result, we can see the 
effect of a varying number of leaf nodes, that is, a variable-length sequence of motor actions 
depending on the input condition. Later we will explain how the control parameter is 
related with the amount of memory that the S-expression tree uses. 

2.2 Finite State Machines 
A simple model of memory-based systems is a Boolean circuit with flip/flop delay 
elements.  A Boolean circuit network with internal memory is equivalent to a finite state 
machine (Kohavi, 1970). Its advantage is to model a memory-based system with a well-
defined number of states, and allows us to quantify memory elements by counting the 
number of states. The incorporation of state information helps an agent to behave better, 
using past information, than a pure reaction to the current sensor inputs.  Finite state 
machines have been used in evolutionary computation to represent state information (Fogel, 
1966, Stanley et al., 1995, Miller, 1996). 
A Finite State Machine (FSM) can be considered as a type of Mealy machine model (Kohavi, 
1970, Hopcroft and Ullman, 1979), so it is defined as M =  (Q, Σ, Δ, λ, q0) where q0 is an initial 
state, Q is a finite set of states, Σ  is a finite set of input values, Δ  is a set of multi-valued 
outputs, δ is a state transition function from Q X Σ  to Q, and λ is a mapping from Q X Σ to Δ, 
where λ(q,a)  in  Δ. δ(q,a) is defined as the next state for each state q and input value a, and 
the output action of machine M for the input sequence a1, a2, a3, …,  an, is λ(qx0, a1),  λ(qx1, a2),  
λ(qx3, a3), …,λ(qx(n-1), an), where qx0, qx1, qx3, ..., qxn is the sequence of states such that δ (qxk, ak+1) 
= qx(k+1) for k=0,..,n-1.   

state Input  0 Input 1 
q0 q1,L q0,M 
q1 q2,R q2,M 
q2 q3,R q3,R 
q3 q0,M q4,M 
q4 q0,M q0,M  

state Input 0 Input 1
q0 q7,R q6,M 
q1 q6,N q2,R 
q2 q5,R q5,M 
q3 q0,R q1,L 
q4 q2,L q5,M 
q5 q6,N q4,M 
q6 q0,R q6,M 
q7 q2,R q2,L  

state Input 0 Input 1 
q0 q5,R q6,N 
q1 q0,R q0,N 
q2 q4,M q3,M 
q3 q6,R q3,M 
q4 q5,M q0,L 
q5 q3,M q4,L 
q6 q1,R q2,M  

a) b) c) 

Table 1. Finite state machines for Santa Fe trail problem (a) 405 time steps,  with 5 states (b) 379 
time steps,  with 8 states (c) 356 time steps,  with 7 states (input 1: food ahead, input 0: no food 
ahead), output set is  L (turn left), R (turn right), M (move forward), N (no-operation) 
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number of memory states will be evolved to see the memory effect. To discriminate the 
performances of a varying number of memory states, we provide a statistical significance 
analysis over the fitness samples. We will present a rigorous analysis of success rate and 
computational effort, using a beta distribution model over fitness samples. Ultimately we 
can find the confidence interval of the measures and thus determine statistical significance 
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applied to show the performance difference among a varying number of internal states, or 
between different control structures. The approach is distinguished from the conventional 
significance test based on the t-statistic. A preliminary report of the work was published in 
the paper (Kim, 2006). 
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finite state machines (section 2) and show methods to evaluate fitness samples collected 
from evolutionary algorithms (section 3). Then we compare two different control structures, 
Koza's genetic programming controllers and finite state machines, and also investigate how 
a varying number of internal states influence the behaviour performance in the ant problem. 
Their performance differences are measured with statistical significance (section 4). 
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2.1 Genetic Programming approach 
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(if-food-ahead  (move)   
    (progn3 (left)   
      (progn2  (if-food-ahead   (move) (right))   
      (progn2  (right)   
      (progn2  (left)  (right))))  
   (progn2  (if-food-ahead  (move)  (left))  

   move)))) 
 

Figure 2.  Control strategy for Santa Fe trail by Koza's genetic programming (Koza, 
1992);(if-food-ahead (move) (right)) means that if food is found ahead, move forward, else 
turn right, and progn2 or progn3 defines a sequence of two actions (subtrees) or three 
actions (subtrees) 
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In Koza's approach, a fitness measure for evolving controllers was defined as the amount of 
food ranging from 0 to 89, traversed within a given time limit. An evolved genetic program 
did not have any numeric coding, but instead a combination of conditional statements and 
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available. Fig. 2 is one of the best control strategies found (Koza, 1992).  
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effect of a varying number of leaf nodes, that is, a variable-length sequence of motor actions 
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using past information, than a pure reaction to the current sensor inputs.  Finite state 
machines have been used in evolutionary computation to represent state information (Fogel, 
1966, Stanley et al., 1995, Miller, 1996). 
A Finite State Machine (FSM) can be considered as a type of Mealy machine model (Kohavi, 
1970, Hopcroft and Ullman, 1979), so it is defined as M =  (Q, Σ, Δ, λ, q0) where q0 is an initial 
state, Q is a finite set of states, Σ  is a finite set of input values, Δ  is a set of multi-valued 
outputs, δ is a state transition function from Q X Σ  to Q, and λ is a mapping from Q X Σ to Δ, 
where λ(q,a)  in  Δ. δ(q,a) is defined as the next state for each state q and input value a, and 
the output action of machine M for the input sequence a1, a2, a3, …,  an, is λ(qx0, a1),  λ(qx1, a2),  
λ(qx3, a3), …,λ(qx(n-1), an), where qx0, qx1, qx3, ..., qxn is the sequence of states such that δ (qxk, ak+1) 
= qx(k+1) for k=0,..,n-1.   
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a) b) c) 

Table 1. Finite state machines for Santa Fe trail problem (a) 405 time steps,  with 5 states (b) 379 
time steps,  with 8 states (c) 356 time steps,  with 7 states (input 1: food ahead, input 0: no food 
ahead), output set is  L (turn left), R (turn right), M (move forward), N (no-operation) 
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FSM can be used as a quantifiable memory structure, but developing an optimal state 
transition mapping needs an exhaustive  search and so we apply a genetic algorithm to find 
desirable FSM controllers for the agent problem. An FSM controller is denoted as a numeric 
chromosome consisting of integer strings, unlike Koza's genetic programming. The 
chromosome represents a state transition table in a canonical order and  its initial state is 0 
by default. That is, the gene coding is defined here as a sequence of the pair (state number, 
state output) of each sensor value in canonical order of state number. For example, the gene 
coding in Table 1(b)  is represented as: 

7R6M 6N2R 5R5M 0R1L 2L5M 6N4M 0R6M 2R2L 

where motor actions will also be coded numerically. A set of sensor configurations is 
defined for each internal state, following the Mealy machine notation. The encoding of the 
Mealy machine can easily represent sequential states. However, it needs an encoding of 
complete sensory configurations for each state and scales badly with growing machine 
complexity. This control structure is useful to agents with a small number of sensors, since 
the chromosome size in finite state machines is exponentially proportional to the number of 
sensors. The artificial ant has one sensor, and the Mealy machine will have a reasonable size 
of chromosome even for a large number of internal states. 
If there is a repeated sequence of actions, (A1, A2, A3, …, An)  to be executed, it can be run by 
FSM controllers with at most  n internal states. Koza's genetic program has a sequence of 
conditioned actions and so it can be converted into a finite state automaton without 
difficulty. Terminal nodes in a genetic program of S-expression define motor actions of an 
ant agent, and the tree traversal by a depth-first-search algorithm relying on sensor readings 
will guide a sequence of actions. We can simply assign each action in sequence to a separate 
internal state, and the sequence order will specify the state transition. For example, the 
function progn2 or progn3 has a series of actions, and so the corresponding states defined 
for the actions will have unconditional, sequential state transitions. The function if-food-
ahead will have a single internal state for its two actions (the function if-food-ahead is 
supposed to have two children nodes or two subtrees. If an action is not observed 
immediately at the left or right child, the first terminal node accessed by the tree traversal 
will be chosen for the internal state.)  in the branches, because the actions depending on the 
sensor reading (input 0 or 1) can be put together in a slot of internal state. With this 
procedure, we can estimate the number of internal states that a genetic program needs, as 
the total number of terminal nodes minus the number of if-food-ahead 's. The above 
conversion algorithm will be applied to evolved S-expression trees in the experiments and 
we can compare the two types of controllers, FSM and S-expression controllers, in terms of 
memory states. The FSM built with the algorithm may not be of minimal form in some case, 
because a certain state may be removed if some sequence of actions are redundant, or if 
nested and consecutive if-food-ahead's appear in the evolved tree (some motor actions for 
no food may not be used at all). However, the algorithm will mostly produce a compact 
form of FSMs. 
Table 1(a) is a  FSM converted  from the genetic program shown in Fig. 2; the genetic 
programming result has a redundant expression (progn2) (left) (right)  in the middle of the 
S-expression and it was not encoded into the FSM. If one looks into the controller in Table 
1(a), the behaviour result is almost the same as the Koza's genetic programming result in 
Fig. 2, even if they are of different formats. Sequential actions were represented as a set of 

A Quantitative Analysis of Memory Usage for Agent Tasks 

 

253 

states in the finite automaton. The result indirectly implies that five internal states are 
sufficient to collect all 89 pellets of food. We will investigate later what is the minimal 
amount of memory required to achieve the task. When we evolved FSMs such that ants 
collect all the food in the grid world, the controllers in Table 1(b)-(c) as well as Table 1(a) 
were obtained in a small number of generations. The FSM controller in Table 1(a) takes 405 
time steps to pick up all 89 pellets of food, while Table 1(b) and Table 1(c) controllers need 
379 time steps and 356 time steps, respectively. As an extreme case, a random exploration in 
the grid would collect all the food if there is a sufficient time available. Thus, the efficiency, 
that is, the number of time steps needed to collect all the food can be a criterion for better 
controllers. In this paper, we will consider designing efficient controllers with a given 
memory structure and explore the relation between performance and the amount of 
memory. 

2.3 Other control structures 
Recurrent neural networks have been used to tackle the artificial ant problem (Jefferson et 
al., 1991, Angeline et al., 1994). The evolved network had a complex interconnectivity and 
dynamic control process. The attractors and transient states are often hardly identifiable.  
The amount of memory needed for the problem is not easily quantifiable with the recurrent 
neural structure, although it can solve the problem through its dynamic process. 

 
   A0 = A2 X NoFood x A_2  
   A1 = A2 + 1.434651 / NoFood  
   A2 =  0.852099 / NoFood  
   A3 = A2 / (-0.198859 + A2 + 0.200719) x (-0.696450(A1- A3) / A3)  
 

Figure 3. An example of multiple interacting programs; NoFood is a sensor and A0, ..., A3 are 
the actions for no operation, right, left and move, respectively. (Angeline, 1998) 

For another memory structure, a concept of multiple interacting programs has been 
developed to represent state information (Angeline, 1998). A program consists of several 
symbolic expressions evolved, which can refer to the output of a symbolic equation. A set of 
symbolic equations corresponds to a set of dynamic state equations, and the program is 
similar to recurrent neural networks in that the output of one equation can be connected to 
the inputs of the other equations. Fig. 3.is a program example for the Santa Fe trail problem 
which has one sensor and four output actions (Angeline, 1998). 
The above control structures, recurrent neural networks and multiple interacting programs,  
have an advantage of representing a complex dynamic operation, but their representations 
are not quantifiable in terms of internal states. Especially recurrent neural networks have 
been popularly used in many agent problems with non-Markovian environment (Nolfi and 
Floreano, 2000), but it would be a difficult task to identify the internal states directly or 
recognize the relevance and role of internal memory. In contrast, finite state machines and 
Koza's genetic programming can quantify the amount of internal memory needed for a 
given agent problem and allow us to analyze the role of  internal states on the behaviour 
performance. In the experiments, we will show this quantitative approach and compare the 
two different control structures. 
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3. Evaluation of Fitness Distribution 
3.1 t-distribution 
Student's t-test is useful to evaluate the fitness distribution by observing a small number of 
samples (Cohen, 1995). By calculating the mean and standard deviation over the sample set, 
the actual mean would be estimated in the range 

[x - t(n, ε/2)  σ/sqrt(n),  x + t(n, ε/2)  σ/sqrt(n)] 

where n is the number of samples,  x is the mean of samples, 1−ε is a confidence level, and 
t(n, ε/2) is the coefficient to determine the interval size, which depends on the number of 
samples, n. The population standard deviation is unknown, so it is estimated from the 
sample standard deviation σ/sqrt(n), where σ  is the standard error of samples.  
If there are two collections of performance samples over different strategies, we first draw 
the confidence ranges for the two sets of samples by the above equation. Then we can 
statistically determine if one strategy is better than the other. The question reduces to the 
problem of whether the likely ranges of the population mean overlap. If the ranges overlap 
each other, we cannot reject the null hypothesis that there is no difference between the two 
distributions. If the two intervals do not overlap, there is a (1−ε)100% chance that the two 
means come from different populations and the null hypothesis should be rejected.  
The t-test is commonly used to determine confidence intervals or critical region for 
hypothesis tests. Evolutionary approaches are stochastic and the performance results are 
often demonstrated with the average performance or confidence intervals by the t-test. 
However, the fitness samples in evolutionary computation rarely follow a normal 
distribution. The above estimation of the population mean may deviate from the actual 
performance. A set of samples including many outliers tend to inflate the variance and 
depress the mean difference between a pair of groups as well as the corresponding statistical 
significance of the t-statistic (Miller, 1986). Thus, we suggest another performance measure 
based on beta distribution. 

3.2 Wilcoxon rank-sum test 
The Wilcoxon rank-sum test is a non-parametric comparison over two sets of samples and it 
is based on the rank of the samples (Wild and Seber, 1999). If there are na and nb 
observations available for the two groups, respectively, the test first ranks the na+ nb 
observations of the combined sample. Each observation is given its own rank in ascending 
order, that is, starting with 1 for the smallest value. If there is any tie score of observations, 
the observations are assigned the average rank. The Wilcoxon rank-sum test calculates, rs , 
the sum of the ranks for observations which belong to one sample group. When both na and 
nb are larger than 10, we can assume the distribution of rs follows a normal distribution. 
Thus, we can make a significance test over the difference of the two sample distributions by 
calculating the probablity, 

Pr(X >  rs) = Pr(Z > (wA - μA )/σA)),   or    Pr(X <  rs) = Pr(Z < (wA - μA )/σA)) 

where  μA = na /(na+ nb +1)/2, σA = (nanb (na+ nb +1)/12)1/2, X is the distribution of a rank-
sum, and Z indicates the normal distribution. If the above probability is less than ε/2, then 
we can say that a group of samples is larger than the other with confidence level (1− ε). It 
rejects the null hypothesis that there is no difference between the two samples. 
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This Wilcoxon test can be applied to any distribution of samples, regardless of whether it is 
normal or not, and as well it is not much sensitive to outliers. 

3.3 Beta distribution model 
The t-test provides a possible range of the average performance for a given strategy or 
control structure. If there exists a decision threshold to evaluate the performance, we can 
score a trial run as success or failure. In this case we can consider the success rate as a 
performance measure. Estimation of success rate can be achieved by empirical data, that is, 
we can take a finite number of trial runs, and count the number of successful runs. Then the 
relative frequency of success can be an estimate of the success rate. However, this measure 
does not reflect the total number of runs. The estimated rate may have large deviation from 
the real success rate when the number of runs is small. For instance, one successful run out 
of four trial runs should have a different analysis and meaning with 10 successful runs out 
of 40 runs, although the relative frequency is the same. Thus, we will explore how to 
estimate the success rate more accurately. 
When it is assumed that α+β experiments experience α successes and β failures, the 
distribution of success rate p can be approximated with a beta distribution. The probability 
distribution of success rate can be obtained with Bayesian estimation (Ross, 2000), which is 
different from the maximum likelihood estimation of p= α / (α+β). The beta probability 
density function for the success rate is given by  

f(p, α, β) = pα(1− p) β / B(α+1, β+1) 

where B(α+1, β+1) =  Γ(α+1) Γ(β+1) / Γ(α+β+2) and Γ(n+1)  = nΓ(n). 

 
Figure 4.  Probabilistic density functions of beta distribution (degree: 25) 

Now we want to define confidence intervals about success/failure tests for a given strategy. 
If the number of experiments is large and the success rate is not an extreme value, then the 
distribution will be close to a normal distribution. For a small number of samples, the 
distribution of success probability will follow a beta distribution, not a Gaussian 
distribution. Fig. 4 shows the probability density function f(p, α, β) over a different number 
of success cases among 25 runs. The beta has very diverse distributions depending on the 
success cases. For a small or large number of successes, the distribution is far away from 
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This Wilcoxon test can be applied to any distribution of samples, regardless of whether it is 
normal or not, and as well it is not much sensitive to outliers. 
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of 40 runs, although the relative frequency is the same. Thus, we will explore how to 
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where B(α+1, β+1) =  Γ(α+1) Γ(β+1) / Γ(α+β+2) and Γ(n+1)  = nΓ(n). 

 
Figure 4.  Probabilistic density functions of beta distribution (degree: 25) 

Now we want to define confidence intervals about success/failure tests for a given strategy. 
If the number of experiments is large and the success rate is not an extreme value, then the 
distribution will be close to a normal distribution. For a small number of samples, the 
distribution of success probability will follow a beta distribution, not a Gaussian 
distribution. Fig. 4 shows the probability density function f(p, α, β) over a different number 
of success cases among 25 runs. The beta has very diverse distributions depending on the 
success cases. For a small or large number of successes, the distribution is far away from 
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standard normal distribution. Thus, the following numeric approach will be used to 
estimate confidence intervals. Assume that a random variable X with a beta distribution has 
the upper bound bu and the lower bound bl for confidence limits such that P(bl  < X < bu) = 1 
– ε and P(X < bl) = ε / 2. Then we can assert that [bl , bu] is a (1 – ε) 100% confidence interval. 
If a success probability p is beta-distributed, the confidence limits bl , bu can be obtained by 
solving the following equations: 

 
The lower and upper bound probability bl , bu will decide the 95% confidence interval [bl , bu]. 
The above method estimates the success rate with confidence interval, which will be more 
accurate than the maximum likelihood estimation p= α / (α+β). It can also provide better 
estimation of the computational effort given in Equation (1). By using the interval [bl , bu] for  
P(m,g), the 95% confidence interval of the computational effort will be  

 

where C is the computing cost for a single run, proportional to mg, and z=0.95. If the number 
of runs to estimate the success rate is small, the confidence interval of the success rate 
becomes large and so the interval size of the computational effort will increase. The 
confidence interval of the computational effort provides more precise and meaningful 
information than a single value estimate that Koza (1992) showed. 
Now we compute the computational effort in another respect. We assume that a given 
experiment is repeatedly run until a successful controller is found. A better strategy or 
methodology will have a smaller number of runs to obtain a successful controller.  Thus, the 
computational effort (computing time) needed to obtain the first success can be a criterion 
for performance evaluation. The effort test was suggested by Lee (1998) to compare the 
performance of different strategies for evolutionary experiments, and he used a measure of 
the average computing cost needed for the first successful run. In this paper the measure 
will be extended more rigorously to show the confidence interval of the effort cost. 
For a given success rate p over the controller test, the average number of trial runs before the 
first success run can be calculated as  

 
where x is the number of trials before the first success. Therefore, the computational effort 
applied before the first success will be C(1-p) / p where C is a unit computing cost per run (we 
assume the computational effort only consists of experimental runs who result in failure. If we 
include the first successful run in the effort, the effort can be estimated with Cf (1-p)/p +Cs 
where Cf  is a failure computing cost and Cs is a success computing cost). If the computing cost 
per run is variable, we take the averaged cost over multiple runs for an approximate 
estimation of C. A random variable Y is defined as the amount of trial cost with a success 
probability p. The expected value of the cost for the random variable Y will be as follows: 
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If a success rate p has the lower and upper bound probability bl, bu by the estimation of 
confidence interval in Equation (2), the 95% confidence effort cost will be estimated with 
[C(1-bu)/bu, C(1-bl)/bl ]. It is of note that this computational effort is distinguished from Koza 
(1992)'s estimation given in Equation (1). He assumed that an indefinite number of 
successful runs, but at least once, are attained with his computational effort, while Lee 
(1998)'s effort measures the computing cost needed to obtain the first success. 
Now we show an example of estimating success rate or computational effort to help 
understanding of the beta test. When 10 experimental runs are tested for a given task, 
assume that 9 successes and 1 failure happen for a given strategy. The 95% confidence 
interval of success rate can be estimated with the two integral equations in Equation (2) (ε= 
0.05). If we solve the equations in terms of  bl , bu, then 

 
which gives an approximate solution bl = 0.587, bu = 0.977.  Thus, [0.587, 0.977] is a 
confidence interval for a success rate p in this example. The effort cost interval (Lee's effort 
cost) will be [C(1-0.977)/0.977, C(1-0.587)/0.587] = [.02C, .70C] and its mean C(β+1)/α is 0.22C. 
It is expected in the future experiment that 0.02-0.70 times  the computing time of a single 
run will be spent before the first success with 95% confidence. Koza's computational effort 
will have a confidence range,  

, 

unlike his estimate of  C log(1-0.95) / log(1-0.90)=1.30C  with the maximum likelihood 
probability p=0.90. If there are 90 successful runs out of 100 trials, the success rate will be 
[0.825, 0.944] and then I(m,g) is in the range of [1.04C, 1.72C]. It shows that we can produce 
more precise estimation of the effort with more trials. 
So far we have shown how to estimate success rate or computational effort related to success 
rate. By observing a set of fitness samples, we can calculate the confidence interval of 
success rate, and more experimental runs make the confidence interval of success rate 
smaller, which means more reliable information of the success rate. To compare strategies, 
or determine which strategy is more efficient, the confidence interval of success rate or effort 
cost can be measured for each strategy. Then we can determine statistical significance of the 
performance difference over strategies. We have shown two kinds of computational efforts 
which have different meaning of the effort. Both of them depend on the success rate 
estimation and so they will produce the same decision over the hypothesis test of the 
performance difference between a pair of groups. In our experiments, the effort cost 
calculation will use the computing cost needed to obtain the first success, because the 
computing effort for the first success has a lower level of computing cost and the confidence 
range is more tight. 
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4. Experiments 
Our evolutionary algorithm will focus on quantifying the amount of memory needed to solve 
the artificial ant problem. In the ant problem, the fitness function F is defined as follows: 

F= tA – α Qfood 

where tA is the number of time steps required to find all the food, or the maximum allowed 
amount of time if the ant cannot eat all of them. In the experiments 400 time steps are 
assigned for each ant agent's exploration, and Qfood is the amount of food the ant has eaten. α 
is a scaling coefficient, which is set to 2 (an ant agent needs 2 time steps on the average to 
take a food pellet in the  nearest neighbours  and the coefficient was set to 2). This fitness 
function considers finding the minimum amount of time to traverse all the food cells. Thus, 
smaller fitness means better controller. We will use the Santa Fe trail for the target 
environment. An ant agent may need varying computing time for its fitness evaluation, 
because tA varies depending on the time to collect all the food. When an ant succeeds in 
collecting all the food before 400 time steps, the exploration process can instantly stop not to 
wait for the whole 400 time steps to complete. This will influence the computing cost and so 
the computing cost C for a single run will be measured by the averaged CPU run-time over 
multiple runs. 
In this paper, we will test two types of evolving control structures, FSMs and S-expression 
trees, and compare the performances of ant agents for a given level of memory amount. We 
will evolve each control structure with a varying number of internal states and analyze 
fitness samples collected from the evolutionary algorithms. 
For the first set of experiments with FSM controllers, the chromosome of a FSM controller is 
represented as an integer string as described in section 2.  One crossover point is allowed 
only among integer loci, and the crossover rate is given to each individual chromosome, 
while the mutation rate is applied to every single locus in the chromosome. The mutation 
will change one integer value into a new random integer value. We used a tournament-
based selection method of group size four. A population is subdivided into a set of groups 
and members in each group are randomly chosen among the population. In each group of 
four members, the two best chromosomes are first selected in a group and then they breed 
themselves (more than two chromosomes may have tie rank scores and in this case 
chromosomes will be randomly selected among the individuals). A crossover over a copy of 
two best chromosomes, followed by a mutation operator, will produce two new offspring. 
These new offspring replace the two worst chromosomes in a group. In the experiments, the 
crossover rate is set to 0.6 and the mutation rate, 0.1, 0.05, or 2 over chromosome length, is 
applied (the above tournament selection takes a half of the population for elitism, and so the 
high mutation rate will give more chance of diversity to a new population). 
For another memory-based controller, the chromosome of a genetic program is defined as 
an S-expression tree. The crossover operator on the program is defined as swapping 
subtrees of two parents. There are four mutation operators available for one chromosome. 
The first operator deletes a subtree and creates a new random subtree. The subtree to be 
replaced will be randomly selected in the tree. The second operator randomly chooses a 
node in the tree and then changes the function (if-food-ahead or progn2) or the motor 
action. This keeps the parent tree and modifies only one node. The third operator selects a 
branch of a subtree and reduces it into a leaf node with a random motor action. It will have 
the effect of removing redundant subtrees. The fourth operator chooses a leaf node and then 
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splits it into two nodes. This will assist incremental evolution by adding a function with two 
action nodes. In the initialization of a population or the recombination of trees, there is a 
limit for the tree size. The maximally allowable depth of trees is 6 in the initialization, but 
there is no restriction of the depth after the recombination. The minimum number of leaf 
nodes is 1 and the maximum number of leaf nodes will be set up as a control parameter in 
the experiment. If the number of leaf nodes in a new tree exceeds the limit, the tree is 
mutated until the limit condition is satisfied. The above tournament-based selection of 
group size four will also be applied to the genetic programming approach. The crossover 
rate is set to 0.6 and the mutation rate is 0.2. 
To quantify the amount of memory, a varying number of states, ranging from 1 state to 20 
states, are applied to the artificial ant problem. For each different size of state machines, 50 
independent runs with a population size of 100 and 10,000 generations are repeated and 
their fitness distribution is used for the analysis of memory states. Similar evolutionary 
experiments are applied to the S-expression controllers with a population size of 500 and 
2,000 generations (this parameter setting showed good performance within the limit of 5 
x105 evaluations. This may be due to the fact that genetic programming tends to develop 
new good offspring through crossover of individuals in a large sized population rather than 
with the mutation operator (Nolfi and Floreano, 2000)). To compare S-expression and FSM 
controllers, evolved S-expression controllers are converted into FSMs using the algorithm 
described in section 2. 

4.1 t-test for memory analysis 
One of the main interests is how many memory states are required for ants to traverse all 
the food cells. This should also be addressed together with the question if a given time limit 
of exploration may influence the number of memory states, that is, how the exploration 
efficiency is related to the amount of memory. Identifying the characteristics of memory 
structure will be based on empirical data, that is, fitness samples.  
To find out an appropriate number of states needed to reach a given performance level, 
experiments with a fixed number of states is repeated 50 times. We first applied a mutation 
rate of 0.1 to the evolution of FSMs. Figure 5(a) shows the average fitness result for each 
number of memory states. The error bars of 95% confidence intervals are displayed with the 
average performance over 50 runs by assuming a t-distribution.  The experiment clearly 
distinguishes the performances of memory states ranging from one to nine states, although 
more than nine states were not significantly different from nine states. The error bars for a 
few number of states are very small, because they have consistently poor performances with 
too few memory units. Another experiment with a mutation rate of 0.05 produced a slightly 
different result. The performance comparison by t statistic shows that memory states from 
one to seven had a significant difference of performance. However, there was no significant 
distinction between seven and eight states or between eight and nine states. We note that for 
each level of memory amount, the average performance with a mutation rate of 0.1 was 
better than that with a mutation rate of 0.05, but the best performance or the median with a 
mutation rate of 0.1 was worse for more than eight states. The mutation rate 0.1 tends to 
advance a more random search in its evolutionary computation, which was not helpful to 
find small penalty fitness. In contrast, the mutation rate 0.05 produced better control 
solutions, although the fitness samples had large variance. Thus, the comparison of the 
average performance by the t-test may lose some information behind the fitness distribution. 
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We also tested a mutation rate of 2 over chromosome length to give similar chances of 
mutations to each chromosome. The average performance or best performance for each 
number of states is mostly better than that with a mutation rate of 0.05 or 0.1. Memory states 
from one to eight states are distinguishable in performance by t-statistic. Still a large number 
of states have no significant difference in their behaviour performance. 
Each number of memory states has its own fitness curve with 95% confidence intervals and 
we can check whether the fitness samples can reach a given threshold of desirable 
performance. For example, fitness 222 (= 400 - 89 x 2) or below should be obtained to collect 
all 89 food pellets. The curves in Figure 5 suggest that four memory states or less are 
inadequate for the artificial ant problem. Also memoryless reactive controllers fail to cover 
all the food. We can see in the figure that at least five states are needed to cover all 89 food 
pellets. Koza's genetic programming result shown in Fig. 2, which used five memory states 
if a redundant expression is removed, is consistent with the analysis of memory 
requirements by FSM experiments. 

 
(a)            (b)                   (c) 

Figure 5. Fitness test experiments in the Santa Fe trail problem (a) a mutation rate of 0.1 (b) a 
mutation rate of 0.05  (c) a mutation rate of 2 over chromosome length 

We still have a question of how many memory states are required if a time limit is given for 
ants' successful traversals, or how efficiently ants can collect all 89 food pellets. One can 
guess that the shorter time limit will lead to more memory states to record environmental 
states. In Figure 5(a), a low penalty fitness 100 (278 time steps for time limit) can be rarely 
reached with less than seven states, while more than four states succeeded to cover all the 
food on the grid. The number of encoded states in FSMs differentiates the fitness 
performance. Better fitness implies that ants explore the trail environment more efficiently 
and they need less time to collect all the food. Thus, more states have an ability to explore 
the environment within a shorter time limit. They memorize the environmental features and 
trigger the next actions promptly by sequentializing a series of actions. The best evolved 
controller was a 173 time step controller with fitness –5 (= 173- 89 x 2) as shown in Figure 6. 
This is comparable to the optimal performance of 165 time steps, in which case the controller 
memorizes the entire trail completely. 
A strategy for an ant agent to collect all the food with five internal states was to look around 
the environment and move forward if there is no food in the surrounding neighbours. If 
food is found in one of neighbour cells, the ant immediately moves forward in that 
direction. The plan needs internal states to take a sequence of actions (left, right, right, left, 
move) or another sequence (right, left, left, right, move) with a separate state for one action. If 
more internal states are given, ants start to utilize environmental features to reduce 
exploration time, for instance, ants can take three consecutive move actions without looking 
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around the neighbours after a right or left turn finds food. With a large number of states, 
more elaborated turns and moves are found in the behaviour of ant agents. 
The memory requirement for the task may be determined by the average fitness of multiple 
runs and its confidence interval, that is, the t-statistic (Kim and Hallam, 2001). However, our 
experiments with a mutation rate of 0.05 or 2 over chromosome length show that the fitness 
performance has a relatively large variance (error bar) and so the mean difference between a 
pair of groups is diminished, which influences the statistical significance. Langdon and Poli 
(1998) showed that the artificial ant problem is highly deceptive, since its fitness landscape is 
rugged with plateaus, valleys and many local optima. Thus, we suggest a measure of success 
rate to evaluate fitness samples, based on the beta distribution. This statistic test can be applied 
to any type of fitness samples regardless of whether they are normally or skewedly distributed. 
 

state Input 0 Input 1 
q0 q17,R q0,M 
q1 q4,M q17,M 
q2 q13,R q10,M 
q3 q11,M q17,M 
q4 q15,M q0,M 
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q6 q9,M q12,M 
q7 q12,R q6,M 
q8 q2,M q11,N 
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q11 q7,L q9,M 
q12 q5,M q1,M 
q13 q7,R q14,M 
q14 q17,M q14,M 
q15 q13,M q17,M 
q16 q7,L q12,M 
q17 q3,M q16,M 

 

a) b) 
Figure 6. One of the best evolved control structure FSM in the Santa Fe trail problem 
(a) transition table (b) state diagram (input 1: food-ahead, input 0: no food ahead, 
output set is  L (turn left), R(turn right), M (move forward), N (no-operation)) 

4.2 Wilcoxon rank-sum test for memory analysis 
For experiments with a mutation rate of 2 over chromosome length, internal states from one 
to eight generate distinctive difference of performance and they can be discriminated by the 
t-test as shown in Fig. 5, but internal states from eight to ten or more than ten states are not 
significantly different. Their confidence interval sizes are relatively large and the intervals 
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We also tested a mutation rate of 2 over chromosome length to give similar chances of 
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4.2 Wilcoxon rank-sum test for memory analysis 
For experiments with a mutation rate of 2 over chromosome length, internal states from one 
to eight generate distinctive difference of performance and they can be discriminated by the 
t-test as shown in Fig. 5, but internal states from eight to ten or more than ten states are not 
significantly different. Their confidence interval sizes are relatively large and the intervals 
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overlap, since the fitness distribution has a large variance as shown in Fig. 7; it should be 
noted that the fitness samples do not follow a Gaussian distribution and have several 
outliers. By the deceptive property of fitness, it will be difficult to have normal distribution 
even with a large number of samples. Thus, the Wilcoxon rank-sum test is applied to the 
fitness samples for any pair of state machines. The best penalty fitness of four-state 
machines among 25 trials was 280, and the best fitness of five-state machines ranges from 
154 to 274. The four-state and five-state machines were serially positioned in ranking order 
of fitness samples. The Wilcoxon rank-sum test reveals significance in difference of the two 
samples. In a similar way, we can estimate the partial order of FSMs with a variety number 
of states. Figure 8 shows the results with a probability p for each pair of machines. The 
probability 1-p represents the confidence level for the partial order relation. We assume 95% 
confidence level for the relation and if 1-p is less than 0.05, we reject the null hypothesis that 
there is no performance difference between a pair of two sample groups. 

   
(a) 

  
(b) 

Figure 7. Fitness distribution of FSM controllers (a) with 7 states, 8 states and 9 states (*: 7 
states, circle: 8 states, +: 9 states, dotdashed: threshold fitness 90 for success, dashed: 
threshold fitness 70 for success)  (b) with 11 states, 13 states and 15 states (x: 11 states, 
square: 13 states, triangle: 15 states, dotdashed: fitness 38) 

FSMs ranging from one state to 10 states show significant difference among their behaviour 
performances. The memory effect on the behaviour performance is rather reduced for more 
than 10 states. For example, a significance level for the difference between 10 states and 11 
states or between 11 states and 12 states is not sufficient to reject the null hypothesis. 
Generally the Wilcoxon rank-sum test show more precision of partial ordering that t-statistic 
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loses, since it is not sensitive to many outliers. We compared the results with 50 trials and 25 
trials for each number of state machines. The 50 trials and 25 trials produced almost the 
same partial order relations except for the FSMs ranging from 9 to 11 states. The statistic 
probability p varies depending on the number of trials. 

 
(a) 

 
(b) 

Figure 8. A partial order relation of FSMs with varying number of memory states in terms of 
behaviour performance by Wilcoxon rank-sum test (a) 50 trials (b) 25 trials (a mutation rate 
of 2 over chromosome length, solid: significant difference in the Wilcoxon test, dashed: 
insignificant difference)  

4.2 Beta distribution for memory  
Now we apply the beta distribution analysis to the fitness samples for finite state machines 
with a variety of internal states. We assume that if there exists any decision threshold of fitness 
for success/failure for a given pair of controllers such that it causes significant difference of 
performance, then the control structures are distinguishable in performance. Between seven 
and eight states, we place a decision threshold of fitness 90 to determine their success/failure. 
Then we obtain 5 successes among 50 trials for seven internal states and 27 successes for eight 
states -- see Figure 7. If we calculate the confidence interval of success rate in beta distribution, 
seven states and eight states have success rates, [0.044, 0.214] and [0.403 0.671], respectively, 
and  their effort costs will be [C7(1-0.214)/0.214, C7 (1-0.044)/0.044] = [3.67 C7, 21.73 C7] and 
[C8(1-0.671)/0.671, C8(1-0.403)/0.403] = [0.49C8, 1.48C8], where C7,C8 is the average computing 
cost for a single run in failure mode, that is, an experimental run which does not reach the 
fitness 90. Here, it is assumed that the cost C7, C8 is almost identical for the two types of state 
machines. Then the confidence intervals are significantly different and thus we can clearly see 
the performance difference of the two control structures. Similarly with a decision threshold of 
fitness 70, we have 6 successes and 22 successes among 50 trials for eight states and nine states, 
respectively. Their confidence intervals of the success rate are [0.057, 0.239] and [0.311, 0.578], 
and their effort costs are [3.19C, 16.54C], [0.73C, 2.21C] by assuming that the two types of state 
machines have the same computing cost. Then the difference of the success rate or effort cost 
between the two control structures is also significant. 
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In fact, the computing cost for each run is variable by different exploration time. In the 
evolutionary experiments the averaged CPU run-time over multiple runs resulting in failure was 
Cf7 = 39.69 sec, Cf8 = 41.96 sec for seven and eight states, respectively, while the averaged CPU 
run-time for success was Cs7 = 38.20 sec, Cs8 = 38.36 sec. The difference of the computing costs 
does not influence the above significance analysis, because the ratio of the costs is close to 1. In 
the experiment, the average computing cost for a different size of state machines had a similar 
level. The decision of significance test by the effort cost agreed with that by the success rate. 
By the analysis on the experiments with a mutation rate of 2 over chromosome length, we 
found that finite states ranging from one to ten have distinctive difference in performance. 
There was no significant difference between 10 states and 11 states, or between 11 states and 12 
states. However, FSMs with 13 states showed significantly better performance than FSMs with 
10 states. Fig. 9(a) shows a partial order relation of FSMs with varying number of states, which 
was estimated by the confidence interval of success rate or effort cost.  Evolving more than 15 
states produced slightly better controllers than evolving 15 states, but the difference among the 
fitness samples was not significant. In the same procedure of memory analysis, we tested the 
statistical significance with a smaller number of trials, 25 trials. We could still obtain similar 
partial order relation among a varying number of states, although the performance difference 
between 12 states and 15 states became insignificant. It implies that the beta distribution model 
can be used for performance comparison even with a small number of trials. The above results 
show that the beta distribution analysis can find significance of performance differences where 
fitness samples have a large variance due to outliers or where t-statistic does not produce 
useful information. It is noteworthy that the partial order relation result by the beta 
distribution is exactly the same as that by Wilcoxon test with 50 trials. The result indirectly 
supports the validity and usefulness of the beta distribution. 

 
(a) 50 trials 

 
(b) 25 trials 

Figure 9. A partial order relation of FSMs with varying number of memory states in terms of 
behaviour performance by beta distribution (a) 50 trials (b) 25 trials (a mutation rate of 2 
over chromosome length is applied and the arrow label indicates the threshold fitness for 
success/failure) 
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4.3 Genetic programming approach 
For another type of memory-based controllers, we used S-expression controllers. Let nt, nf, ns 
the number of terminal nodes, the number of the function if-food-ahead's, and the number 
of internal states in an S-expression tree, respectively. By the conversion algorithm described 
in section 2, we can build an FSM such that the number of states is ns  =  nt - nf. Fig. 10 shows 
a conversion example for an evolved S-expression tree.  The states {q0, q1, q5, q6} in Fig. 10(b) 
have different state transitions or motor actions on the input condition and they correspond 
to the operation of the function if-food-ahead. The other states define the same transition 
and action on the input 0 and 1, which is a copy operation of progn2.  The conversion 
algorithm produces a compact form of FSM and helps tracing internal states that the genetic 
program uses. In this paper we use two control parameters, nt, ns to evolve S-expression 
trees. Once a control parameter is set up for the evolutionary experiments, for instance, the 
number of terminal nodes is defined, the size of evolved trees should be within the limit 
size. If an evolved tree is over the limit, the tree should be re-generated by mutation to 
satisfy the condition. 
(if-food-ahead 
   (move) 
   (progn2 (right)   

     (progn2   
        (if-food-ahead   

     (progn2   
 (progn2 (move) (move))   
 (move))   

 (progn2  
    (progn2 (left) (left))   

(if-food-ahead   
   (move) (right))))   

     (if-food-ahead   
 (progn2 (move) (move))  
 (move)))))  

 
state Input 0 Input 1 
q0 q1,R q0,M 
q1 q4,L q2,M 
q2 q3,M q3,M 
q3 q6,M q6,M 
q4 q5,L q5,L 
q5 q6,R q6,M 
q6 q0,M q7,M 
q7 q0,M q0,M 

a) b) 
Figure 10. An example of genetic programming result (a) evolved S-expression (nt=12, nf=4) 
(b) converted FSM 

In the first experiment, a varying number of terminal nodes were tested by using the 
number of terminal nodes as a control parameter. A large number of terminal nodes can 
expect more sequence of actions and thus produce better performance. Figure 11(a) shows 
the average fitness performance with its 95% confidence range by t-statistic for a given 
number of terminal nodes. Evolving 20 terminal nodes and 30 terminal nodes had 3, 22 
cases to reach the fitness 90 or below, respectively, which are similar to the performance of 7 
states (5 successes) and 8 states (27 successes) among the FSM controllers in Fig. 5. However, 
it is not easy to compare directly the performances of FSM and S-expression controllers, 
since they should have the same criterion for comparison. The best evolved tree for each run 
often follows the rule that the number of terminal nodes can be approximated by 1.5 times 
the number of states (see Fig. 12), when the tree is converted into the corresponding FSM 
structure and the internal states are counted.  The best trees with 20 terminal nodes had a 
range of 9-15 states, and the performance was significantly lower than the performances of 
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number of terminal nodes. Evolving 20 terminal nodes and 30 terminal nodes had 3, 22 
cases to reach the fitness 90 or below, respectively, which are similar to the performance of 7 
states (5 successes) and 8 states (27 successes) among the FSM controllers in Fig. 5. However, 
it is not easy to compare directly the performances of FSM and S-expression controllers, 
since they should have the same criterion for comparison. The best evolved tree for each run 
often follows the rule that the number of terminal nodes can be approximated by 1.5 times 
the number of states (see Fig. 12), when the tree is converted into the corresponding FSM 
structure and the internal states are counted.  The best trees with 20 terminal nodes had a 
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FSM controllers evolved with the same range of states. It indirectly entails that evolving 
FSMs can provide a better solution to encode internal memory. 

   
(a)        (b) 

Figure 11. Genetic programming result (a) evolve controllers with a fixed number of 
terminal nodes (b) evolve controllers with a fixed number of states 

 
Figure 12. Relation between terminal nodes and internal states (genetic programming 
controllers are evolved with a varying number of terminal nodes) 

For the next experiment, we set up the number of states as a control parameter. In a similar 
process as above, we test a varying number of states. If an evolved tree includes more states 
than the limit, the tree will be mutated until the limit condition is satisfied. In addition, we 
set the maximum number of terminal nodes for evolving trees to 1.7 ns for each number of 
states, ns , using the above relation rule between terminal nodes and states (Fig. 12). Without 
the restriction on terminal nodes, the evolving trees encountered bloat, degrading the 
performance. As shown in Fig. 11(b), the internal states play a critical role on the 
performance improvement, and the fitness performance is enhanced with more internal 
states. However, for a given number of states, the genetic programming result is mostly 
worse than the FSM evolution result shown in Fig. 5. The best fitness that the genetic 
programming achieved for the overall experiments was 44, and it had a similar performance 
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with the FSM evolution only for a few sets of internal states. Evolving directly the FSM 
structure tends to produce more efficient controllers and its performance level is 
significantly better. The S-expression is a procedural program arranging a sequence of 
actions, while FSMs can not only encode a sequence of actions, but also they have more 
dynamic features in representation by allowing flexible transitions and actions from state to 
state. 
By the fitness distribution of genetic programming controllers, we built a partial order 
relation among memory structure as shown in Figure 13. The Wilcoxon rank-sum test and 
beta distribution test produce almost the same diagram of partial order relations except for 
the case between 10 states and 12 states. One reason for this is that the Wilcoxon test 
measures the rank sum over all the observations which belong to one sample group, whilst 
the beta distribution focuses on what level of good fitness performance one sample group 
reach. When the diagram is compared with the partial order graph by the FSM result (Fig. 
9), the threshold level for the relation is changed, but roughly keeps the relation structure. It 
seems that a large number of states have more variation on the relation result. As a matter of 
fact, the lattice diagram for memory analysis is extracted from empirical data which 
depends on the corresponding control structure. It only shows the partial order information 
among memory structure with a given confidence level, but it does not mean that the 
corresponding structure guarantees a given level of performance or it cannot achieve better 
performance than the threshold level. More trial runs will support more reliable information 
of the performance level or the partial order relation. 
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Figure 13. A partial order relation of S-expression trees with varying number of states in 
terms of behaviour performance (a) Wilcoxon rank-sum test (solid: significant difference, 
dashed: insignificant difference) (b) beta distribution test (the arrow label indicates the 
threshold fitness for success/failure) 
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FSM controllers evolved with the same range of states. It indirectly entails that evolving 
FSMs can provide a better solution to encode internal memory. 

   
(a)        (b) 

Figure 11. Genetic programming result (a) evolve controllers with a fixed number of 
terminal nodes (b) evolve controllers with a fixed number of states 

 
Figure 12. Relation between terminal nodes and internal states (genetic programming 
controllers are evolved with a varying number of terminal nodes) 

For the next experiment, we set up the number of states as a control parameter. In a similar 
process as above, we test a varying number of states. If an evolved tree includes more states 
than the limit, the tree will be mutated until the limit condition is satisfied. In addition, we 
set the maximum number of terminal nodes for evolving trees to 1.7 ns for each number of 
states, ns , using the above relation rule between terminal nodes and states (Fig. 12). Without 
the restriction on terminal nodes, the evolving trees encountered bloat, degrading the 
performance. As shown in Fig. 11(b), the internal states play a critical role on the 
performance improvement, and the fitness performance is enhanced with more internal 
states. However, for a given number of states, the genetic programming result is mostly 
worse than the FSM evolution result shown in Fig. 5. The best fitness that the genetic 
programming achieved for the overall experiments was 44, and it had a similar performance 

A Quantitative Analysis of Memory Usage for Agent Tasks 

 

267 

with the FSM evolution only for a few sets of internal states. Evolving directly the FSM 
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So far we showed the distribution of success rate or computational effort to measure the 
performance difference between a pair of sample groups. The significance test result of the 
success rate is equivalent to that of the effort cost if almost the same computing cost is spent 
for each evolutionary run. At this point the analysis of the effort cost is not more helpful 
than the analysis of success rate. However, the information of computational effort can be 
used to understand the evolutionary process for a given problem. Table 2 shows the number 
of successful runs among 50 trials and the computational effort for each configuration. 
To reach the fitness level 150, FSM controllers obtained 17 successes with 6 internal states 
and 105 evaluations (2,000 generations). More generations, for example, 5,000 generations 
and 10,000 generations produced more successes as expected. The unit cost C2, C5 , C10 is the 
computing cost for 105, 2.5 x 105, 5 x 105 evaluations and the costs can be approximated with 
C10 = 2C5 = 5C2. Then the confidence intervals for 105, 2.5 x 105, 5 x 105 (2,000, 5,000 and 
10,000 generations) become [1.09C2, 3.46C2], [1.69C2, 5.09C2], [1.74C2, 5.40C2], respectively. 
Then the experiments with 2,000 generations have the confidence interval with the smallest 
effort level, whose range is also narrow. Thus, we can recommend 2,000 generations for the 
future experiments. For 11 states with a desirable fitness of 50, 105, 2.5 x 105, 5 x 105 
evaluations produce the confidence intervals [5.16C2, 44.91C2], [2.51C2, 7.86C2] and [3.12C2, 
9.39C2], respectively. For this case, 2.5 x 105 evaluations (5,000 generations) would be a better 
choice for evolution. 

 
Table 2. Effort costs for exploration time with number of genome evaluations (a) evolving 
FSM controllers (b) evolving S-expression trees; Ci, Ki is the basic unit effort cost of a single 
run which fails to reach the corresponding fitness (Ci, Ki slightly varies on different fitness 
levels, but for simplicity the same notation is used). Each pair of values represent the 
number of successes among 50 experiments and its 95% confidence interval for the effort 
cost 
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We can compare the computational efforts for different types of controllers or different 
algorithms. The analysis of the effort cost will be useful especially when the algorithms have 
different CPU run-time for an evolutionary run. For instance, the FSM controller with eight 
states and 105 evaluations (2,000 generations) has a confidence interval [0.05C2, 0.27C2] to 
obtain the fitness 150, while the genetic programming for eight states needs a computing 
cost [3.67K0.4, 21.51 K0.4] to obtain the first success with 95% chance. If we know the 
computing costs for a single run, C2 and K0.4 we can take the significance test over the two 
strategies by comparing the confidence intervals. Indeed, the ratio of the average CPU run-
time  between the FSM and the genetic programming (K0.4  / C2) was 1.23 in the experiments. 
The comparison result implies that the FSM controllers produce more efficient results than 
the genetic programming controllers. This is confirmed again in other pairwise tests for 
small fitness in Table 2. 

    
(a) 

 
(b) 

Figure 14. Run-time distribution with genetic programming and FSM controllers (the 
average and 95% confidence range of success rate in the beta distribution are displayed)  (a) 
evolving five internal states (threshold fitness: 222) (b) evolving eight internal states 
(threshold fitness: 150)} 
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Hoos and Stuetzle (1998) studied a run-time distribution to compare different algorithms or 
determine parameter settings. The distribution shows the empirical success rate depending 
on varying run time. In our experiments, the number of trial runs is relatively small and so 
the beta distribution of success rate was applied to the run-time distribution as shown in 
Fig. 14, where the number of fitness evaluations was used instead of the actual CPU run-
time. The FSMs with five and eight states showed significantly better performance in the 
run-time process. Generally, FSMs show more discriminative performance for a large 
number of states. 

5. Discussion 
The number of states in finite state machines in the experiments may not be exactly the same 
as the number of states that the evolved controllers actually use for exploration. It specifies a 
maximum limit over the number of finite states. Especially for a large number of states, 
controllers that do not use all memory states are sometime evolved even though a given 
maximum memory limit is specified. The same can be true of the genetic programming 
structure. When the maximum number of terminal nodes was set up for evolutionary runs, 
some best controllers used a smaller number of nodes than the limit size, or had a 
redundant expression. Thus, our analysis of memory states may have a little discrepancy 
with the actual usage of memory. 
Genetic programming has a high-level representation feature with a procedural program. 
When an S-expression is translated into a finite automaton, it has a main loop for repeating 
the action sequence. It often has a sequential process among internal states until the end of 
program is reached. In contrast, the Mealy machine notation allows transition loops among 
internal states. Evolving the FSM controllers can create such loops for in-between states 
(from state to state) and more conditional transition branches. The flexible representation of 
the Mealy machine provides more dynamic property for a given number of states. The 
performance difference between the two types of controllers is due to the characteristics of 
representation. 
To discriminate the performances of a varying number of internal states, the beta 
distribution of success rate or computational effort was used. We believe that the success 
rate is a better criterion for this application, because we are more interested in the on-off 
decision of the quality of controllers with a given evolutionary setting rather than efficient 
development of controllers. The computational effort can be more effective when strategies  
to be compared have different computing costs or when the efficiency is a major criterion in 
the evolutionary experiments. An assumption for the suggested significance test of 
computational effort is that each single run has almost the same level of computing cost. If 
each run may have a significantly different computing cost, the estimated computational 
effort based on success rate would have a deviation from the actual effort. The run-time 
distribution, that is, the curve of success rate for variable computing cost provides the 
characteristics of a given algorithm and we can easily observe the transition of performance 
with run-time. The run-time distribution with its confidence range would be a useful tool to 
compare different algorithms. 
In the evolutionary computation research, the performance comparison among evolutionary 
algorithms has often used the average performance over fitness samples or t-statistic. We 
argue that the comparison without observing the fitness distribution may not notice 
significant difference. The beta distribution analysis or Wilcoxon rank-sum test would 
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provide more precise information than t-distribution when the number of samples is small 
or the fitness samples are influenced by the deceptive property of a given problem. We 
applied the Wilcoxon rank-sum test and the beta distribution for partial order relations 
between a varying number of internal states with FSMs. The beta distribution test with 50 
trials produced the same significance result as the well-known Wilcoxon test and it 
indirectly supports the validity of the suggested beta distribution. An advantage of the beta 
distribution is that it can estimate the computational effort and success rate without 
difficulty, as well as do significance test over a pair of sample groups.  It attends to how 
many observations for a desirable level of performance are found consistently with a given 
strategy rather than considers the whole distribution of observations. If an evolutionary 
search problem is deceptive, a skewed or bimodal distribution of fitness samples can be 
observed. The above results imply that the non-parametric tests over the distribution of 
fitness samples would be more effective. 
The memory analysis and methods suggested in this paper can be applied to agent 
behaviours in a grid world. The tested ant problem has a restricted set of sensory 
configurations and motor actions. However, the agents in the real world, which often 
includes a variety of sensory apparatus and motor actions, have different characteristics or 
behaviours. Noisy sensor readings may need more dynamic configurations or structures. 
The FSM control structure has a representation problem for a large number of input 
conditions and a large scale of motor actions, although the amount of internal memory is 
easily quantifiable. Thus, the current approach may have a limitation in real-world 
problems. In the experiments we tested a single environment, but it may need more variety 
of environmental configurations to design robust controllers. Then the memory condition 
for the ant problem will be changed. We leave this work for future study. 

6. Conclusion 
The artificial ant problem is an agent task to model ant trail following in a grid world, and 
the environment has a perceptual aliasing problem. The ant problem is a good example to 
see memory effects in behavior performance. An artificial ant agent must seek all the food 
lying in a grid and follow the irregular trail for the food. Relatively many memory states are 
required to remember environmental features. Its performance is measured by how many 
time steps are required for an ant agent to collect all food on a trail. 
We applied two types of memory encoding controllers, finite state machines and genetic 
programming controllers for the analysis of internal memory, where the genetic 
programming controllers are transformable into FSMs. We first explored a systematic 
analysis over the usage of internal memory, based on statistical significance test and tried to 
identify the role of internal states. The internal states needed for a given threshold 
performance are easily quantifiable with FSMs. We obtained a partial order of memory 
states necessary with a variety of performance levels. The results show that the ant problem 
needs at least five internal states. To develop more efficient strategies (collecting all food in a 
shorter time) in the artificial ant problem, agents need more memory states according to the 
memory analysis and also there is a limit level of memory over which the performance is 
rarely improved. Using the suggested approach, we can identify the role of internal states or 
observe the relevance of memory to agent behaviours. This will help us understand the 
characteristics of agent behaviours by decomposing the behaviours in terms of internal 
states. 
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Three different statistic tests, t-test, Wilcoxon rank-sum, and beta distribution, were applied 
to discriminate the performance difference among a varying number of internal states. The 
beta distribution test has a good precision of significance test, and its test result is similar to 
that of the Wilcoxon test. In many cases, the beta distribution test of success rate was useful 
where the t-test could not discriminate the performance. The beta distribution test based on 
sampling theory has an advantage on analyzing the fitness distribution with even a small 
number of evolutionary runs, and it has much potential for application as well as provide 
the computational effort. In addition, the method can be applied to test the performance 
difference of an arbitrary pair of methodologies. The estimation of computational effort 
provides the information of an expected computing time for success, or how many trials are 
required to obtain a solution. It can also be used to evaluate the efficiency of evolutionary 
algorithms with different computing time. 
We compared genetic programming approach and finite state machines, and the 
significance test with success rate or computational effort shows that FSMs have more 
powerful representation to encode internal memory and produce more efficient controllers 
than the tree structure, while the genetic programming code is easy to understand. 
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Greece 
1. Introduction     
Parametric system identification of dynamic systems is the process of building 
mathematical, time domain models of plants, based on excitation and response signals.  In 
contrast to its nonparametric counterpart, this model based procedure leads to fixed 
descriptions, by means of finitely parameterized transfer function representations.  This fact 
provides increased flexibility and makes model-based identification a powerful tool with 
growing significance, suitable for analysis, fault diagnosis and control applications (Mrad et 
al, 1996, Petsounis & Fassois, 2001).  
Parametric identification techniques rely mostly on Prediction-Error Methods (Ljung, 1999). 
These methods refer to the estimation of a certain model’s parameters, through the 
formulation of one-step ahead prediction errors sequence, between the actual response and 
the one computed from the model. The evaluation of prediction errors is taking place 
throughout the mapping of the sequence to a scalar-valued index function (loss function). 
Over a set of candidate sets with different parameters, the one which minimizes the loss 
function is chosen, with respect to the corresponding fitness to data. However, in most cases 
the loss function cannot be minimized analytically, due to the non-linear relationship 
between the parameter vector and the prediction-error sequence. The solution then has to be 
found by iterative, numerical techniques. Thus, PEM turns into a non-convex optimization 
problem, whose objective function presents many local minima.  
The above problem has been mostly treated so far by deterministic optimization methods, 
such as Gauss-Newton or Levenberg-Marquardt algorithms. The main concept of these 
techniques is a gradient-based, local search procedure, which requires smooth search space, 
good initial ‘‘guess’’, as well as well-defined derivatives. However, in many practical 
identification problems, these requirements often cannot be fulfilled. As a result, PEM 
stagnate to local minima and lead to poorly identified systems.  
To overcome this difficulty, an alternative approach, based in the implementation of 
stochastic optimization algorithms, has been developed in the past decade. Several 
techniques have been formulated for parameter estimation and model order selection, using 
mostly Genetic Algorithms. The basic concept of these algorithms is the simulation of a 
natural evolution for the task of global optimization, and they have received considerable 
interest since the work done (Kristinsson & Dumont, 1992), who applied them to the 
identification of both continuous and discrete time systems. Similar studies are reported in 
literature (Tan & Li, 2002, Gray et al. , 1998, Billings & Mao, 1998, Rodriguez et al., 1997). 
Fleming & Purshouse, 2002 have presented an extended survey on these techniques, while 
Schoenauer & Sebag, 2002 address the use of domain knowledge and the choice of fitting 



Frontiers in Evolutionary Robotics 

 

274 

S.M. Ross (2000). Introduction to Probability and Statistics for Engineers and Scientists. Academic 
Press, San Diego, CA, 2nd edition. 

A. Silva, A. Neves, and E. Costa (1999). Genetically programming networks to evolve 
memory mechanism, Proceedings of Genetic and Evolutionary Computation Conference. 

E.A. Stanley, D. Ashlock, and M.D. Smucker (1995). Iterated prisoner's dilemma game with 
choice and refusal of partners, Advances in Artificial Life : Proceedings of European 
Conference on Artificial Life. 

A.  Teller (1994). The evolution of mental models, Advances in Genetic Programming. MIT Press. 
C. Wild and G. Seber (1999). Chance Encounters: A First Course in Data Analysis and  Inference. 

John Wiley & Sons, New York. 
S.W. Wilson (1994). ZCS: A zeroth level classifier system, Evolutionary Computation, 2 (1): 1-18. 
 

15 

Evolutionary Parametric Identification of 
Dynamic Systems 

Dimitris Koulocheris and Vasilis Dertimanis 
National Technical University of Athens 

Greece 
1. Introduction     
Parametric system identification of dynamic systems is the process of building 
mathematical, time domain models of plants, based on excitation and response signals.  In 
contrast to its nonparametric counterpart, this model based procedure leads to fixed 
descriptions, by means of finitely parameterized transfer function representations.  This fact 
provides increased flexibility and makes model-based identification a powerful tool with 
growing significance, suitable for analysis, fault diagnosis and control applications (Mrad et 
al, 1996, Petsounis & Fassois, 2001).  
Parametric identification techniques rely mostly on Prediction-Error Methods (Ljung, 1999). 
These methods refer to the estimation of a certain model’s parameters, through the 
formulation of one-step ahead prediction errors sequence, between the actual response and 
the one computed from the model. The evaluation of prediction errors is taking place 
throughout the mapping of the sequence to a scalar-valued index function (loss function). 
Over a set of candidate sets with different parameters, the one which minimizes the loss 
function is chosen, with respect to the corresponding fitness to data. However, in most cases 
the loss function cannot be minimized analytically, due to the non-linear relationship 
between the parameter vector and the prediction-error sequence. The solution then has to be 
found by iterative, numerical techniques. Thus, PEM turns into a non-convex optimization 
problem, whose objective function presents many local minima.  
The above problem has been mostly treated so far by deterministic optimization methods, 
such as Gauss-Newton or Levenberg-Marquardt algorithms. The main concept of these 
techniques is a gradient-based, local search procedure, which requires smooth search space, 
good initial ‘‘guess’’, as well as well-defined derivatives. However, in many practical 
identification problems, these requirements often cannot be fulfilled. As a result, PEM 
stagnate to local minima and lead to poorly identified systems.  
To overcome this difficulty, an alternative approach, based in the implementation of 
stochastic optimization algorithms, has been developed in the past decade. Several 
techniques have been formulated for parameter estimation and model order selection, using 
mostly Genetic Algorithms. The basic concept of these algorithms is the simulation of a 
natural evolution for the task of global optimization, and they have received considerable 
interest since the work done (Kristinsson & Dumont, 1992), who applied them to the 
identification of both continuous and discrete time systems. Similar studies are reported in 
literature (Tan & Li, 2002, Gray et al. , 1998, Billings & Mao, 1998, Rodriguez et al., 1997). 
Fleming & Purshouse, 2002 have presented an extended survey on these techniques, while 
Schoenauer & Sebag, 2002 address the use of domain knowledge and the choice of fitting 



Frontiers in Evolutionary Robotics 

 

276 

functions in Evolutionary System Identification. Yet, most of these studies are limited in 
scope, as they, almost exclusively, use Genetic Algorithms or Genetic Programming for the 
various identification tasks, they mostly refer to non-linear model structures, while test 
cases of dynamic systems are scarcely used. Furthermore, the fully stochastic nature of these 
algorithms frequently turns out to be computationally expensive, since they cannot assure 
convergence in a standard number of iterations, thus leading to extra uncertainty in the 
quality of the estimation results.  
This study aims at interconnecting the advantages of deterministic and stochastic 
optimization methods in order to achieve globally superior performance in PEM. 
Specifically, a hybrid optimization algorithm is implemented in the PEM framework and a 
novel methodology is presented for the parameter estimation problem. The proposed 
method overcomes many difficulties of the above mentioned algorithms, like stability and 
computational complexity, while no initial ‘‘guess’’ for the parameter vector is required. For 
the practical evaluation of the new method’s performance, a testing apparatus has been 
used, which consists of a flexible robotic arm, driven by a servomotor, and a corresponding 
data set has been acquired for the estimation of a Single Input-Single Output (SISO) 
ARMAX model. The rest of the paper is organized as follows: In Sec. 2 parametric system 
identification fundamentals are introduced, the ARMAX model is presented and PEM is 
been formatted in it’s general form. In Sec. 3 optimization algorithms are discussed, and the 
hybrid algorithm is presented and compared. Section 4 describes the proposed method for 
the estimation of ARMAX models, while in Sec. 5 the implementation of the method to 
parametric identification of a flexible robotic arm is taking place. Finally, in Sec. 6 the results 
are discussed and concluding remarks are given. 

2. Parametric identification fundamentals  
Consider a linear, time-invariant and casual dynamic system, with a single input and a 
single output, described by the following equation in the z-domain (Oppenheim & Schafer, 
1989), 

   (1) 

where X(z) and Y(z) denote the z-transforms of input and output respectively, and H(z) is a 
rational transfer function, with respect to the variable z, which describes the input-output 
dynamics. It should be noted that the selection of representing the true system in the z-
domain is justified from the fact that data are always acquired in discrete time units. Due to 
one-to-one relationship between the z-transform and it’s Laplace counterpart, it is easy to 
obtain a corresponding description in continuous time.  
The identification problem pertains to the estimation of a finitely parameterized transfer 
function model of a given structure, similar to that of H(z), by means of the available data 
set and taking under consideration the presence of noisy measurements. The estimated 
model must have similar properties to that of the true one, it should be able to simulate the 
dynamic system and, additionally, to predict future values of the output. Among a large 
number of ready-made models (known also as black-box models), ARMAX is widespread 
and has performed well in many engineering applications (Petsounis & Fassois, 2001).  
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2.1 The ARMAX model structure  
A SISO ARMAX(na,nb,nc,nk) model has the following mathematical representation  

   (2) 

where ut and yt, represent the sampled excitation and noise corrupted response signals, for 
time t = 1, ...,N respectively and et  is a white noise sequence with  and 

, where and  are Kronecker’s delta and white noise variance 
respectively. N is the number of available data, q denotes the backshift operator, so that yt·q

k 

=yt-k, and A(q), B(q), C(q) are polynomials with respect to q, having the following form  

   (3) 

   (4) 

   (5) 

The term q-nk  in (4) is optional and represents the delay from input to output.  
In literature, the full notation for this specific model is ARMAX(na, nb, nc, nk), and it is 
totally described by the order of the polynomials mentioned above, the numerical values of 
their coefficients, the delay nk, as well as the white noise variance  
In Eq. (2) it is obvious that ARMAX consists of two transfer functions, one between input 
and output  

   (6) 

which models the dynamics of the system, and one between noise and output  

   (7) 

which models the presence of noise in the output. For a successful representation of a 
dynamic system, by means of ARMAX models, the stability of the above two transfer 
functions is required. This can be achieved by letting the roots of A(q) polynomial lie 
outside the unit circle with zero origin, in the complex plane (Ljung, 1999, Oppenheim & 
Schafer, 1989). In fact, there is an additional condition that must hold and that is the  
invertibility of the noise transfer function H(q) (Ljung, 1999, Box et al.,1994, Soderstrom & 
Stoica, 1989). For this reason, C(q) polynomial must satisfy the same requirement as A(q).  

2.2 Formulation of PEM  
For a given data set over the time t, it is possible to compute the output yt of an ARMAX 
model, at time t +1. This fact yields, for every time instant, to the formulation of one step 
ahead prediction-errors sequence, between the actual system’s response and the one 
computed by the model  

   (8) 
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where p=[ai bi ci] is the parameter vector to be estimated, for given orders na, nb, nc and 
delay nk, yt+1 the measured output, the model’s output and  the prediction 
error (also called model residual). The argument (1/p) denotes conditional probability (Box 
et al., 1994) and the hat indicates estimator/estimate.  
The evaluation of residuals is implemented through a scalar-valued function (see 
Introduction), which in general has the following form  

   (9) 

Obviously, the parameter p which minimizes VN is selected as the most suitable 

   (10) 

Unfortunately, VN cannot be minimized analytically due to the non-linear relationship 
between the model residuals êt (1/p)  and the parameter vector p. This can be noted, by 
writing (2) in a slightly different form  

   (11) 

The solution then has to be found by iterative, numerical techniques and this is the reason 
for the implementation of optimization algorithms within the PEM framework.  

3. Optimization algorithms  
In this section, the hybrid optimization algorithm is presented. The new method is a 
combination of a stochastic and a deterministic algorithm. The stochastic component 
belongs to the Evolutionary Algorithms (EA’s) and the deterministic one to the quasi-
Newton methods for optimization.  

3.1 Evolution strategies  
In general, EA’s are methods that simulate natural evolution for the task of global 
optimization (Baeck, 1996). They originate in the theory of biological evolution described by 
Charles Darwin. In the last forty years, research has developed EA’s so that nowadays they 
can be clearly formulated with very specific terms. Under the generic term Evolutionary 
Algorithms lay three categories of optimization methods. These methods are Evolution 
Strategies (ES), Evolutionary Programming (EP) and Genetic Algorithms (GA) and share 
many common features but also approximate natural evolution from different points of 
view.  
The main features of ES are the use of floating-point representation for the population and 
the involvement of both recombination and mutation operators in the search procedure. 
Additionally, a very important aspect is the deterministic nature of the selection operator. 
The more advanced and powerful variations are the multi-membered versions, the so-called 
(μ+λ)-ES and (μ,λ)-ES which present self-adaptation of the strategy parameters.  
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3.2 The quasi-Newton BFGS optimization method  
Among the numerous deterministic optimization techniques, quasi-Newton methods are 
combining accuracy and reliability in a high level (Nocedal & Wright, 1999). They are 
derived from the Newton’s method, which uses a quadratic approximation model of the 
objective function, but they require significantly less computations of the objective function 
during each iteration step, since they use special formulas in order to compute the Hessian 
matrix. The decrease of the convergence rate is negligible. The most popular quasi-Newton 
method is the BFGS method. This name is based on its discoverers Broyden, Fletcher, 
Goldfarb and Shanno (Fletcher, 1987).  

3.3 Description of the hybrid algorithm  
The optimization procedure presented in this paper focuses in interconnecting the 
advantages presented by EA’s and mathematical programming techniques, and aims at 
combining high convergence rate with increased reliability in the search for the global 
optimum in real parameter optimization problems. The proposed algorithm is based on the 
distribution of the local and the global search for the optimum. The method consists of a 
super-positioned stochastic global search and an independent deterministic procedure, 
which is activated under conditions in specific members of the involved population. Thus, 
while every member of the population contributes in the global search, the local search is 
realized from single individuals. Similar algorithmic structures have been presented in 
several fully stochastic techniques that simulate biological procedures of insect societies. 
Such societies are distributed systems that, in spite of the simplicity of their individuals, 
present a highly structured social organization. As a result, such systems can accomplish 
complex tasks that in most cases far exceed the individual’s capabilities. The corresponding 
algorithms use a population of individuals, which search for the optimum with simple 
means. The synthesis, though, of the distributed information enables the overall procedure 
to solve difficult optimization problems. Such algorithms were initially designed to solve 
combinatorial problems (Dorigo et al., 2000), but were soon extended to optimization 
problems with continuous parameters (Monamarche et al., 2000, Rjesh et al., 2001). A similar 
optimization technique presenting a hybrid structure has been already discussed in 
(Kanarachos , 2002), and it’s based on a mechanism that realizes cooperation between the 
(1,1)-ES and the Steepest Descent method.  
The proposed methodology is based on a mechanism that aims at the cooperation between 
the (μ+λ)-ES  and the BFGS method. The conventional ES (Baeck, 1996, Schwefel, 1995), is 
based on three operators that take on the recombination, mutation and selection tasks. In 
order to maintain an adequate stochastic character of the new algorithm, the recombination 
and selection operators are retained with out alterations. The improvement is based on the 
substitution of the stochastic mutation operator by the BFGS method. The new deterministic 
mutation operator acts only on the ν non-privileged individuals in order to prevent loss of 
information from the corresponding search space regions, while three other alternatives 
were tested. In these, the deterministic mutation operator is activated by:  
• every individual of the involved population,  
• a number of privileged individuals, and  
• a number of randomly selected individuals.  
The above alternatives led to three types of problematic behavior. Specifically, the first 
alternative increased the computational cost of the algorithm without the desirable effect. 
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The second alternative led to premature convergence of the algorithm to local optima of the 
objective function, while the third generated unstable behavior that led to statistically low 
performance.  

3.4 Efficiency of the hybrid algorithm  
The efficiency of the hybrid algorithm is compared to that of the (15 +100)-ES, the (30, 0.001, 
5, 100)GA, as well as the (60, 10,  100)meta-EP method, for the Fletcher & Powell test 
function, with twenty parameters. Progress of all algorithms is measured by base ten 
logarithm of the final objective function value  

   (12) 

Figure 1 presents the topology of the Fletcher & Powell test function for n = 2. 

The maximum number of objective function evaluations is 2·105. In order to obtain 
statistically significant data, a sufficiently large number of independent tests must be 
performed. Thus, the results of N = 100 runs for each algorithm were collected. The 
expectation is estimated by the average:  

   (13) 
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The results are presented in Table 1. 

Test Results  min1≤i≤100Pi max1≤i≤100Pi 
Hydrid -7.15 -8.98 3.12 
ES 3.94 2.07 5.20 
EP 4.13 3.14 5.60 
GA 4.07 3.23 5.05 

Table 1. Results on the Fletcher & Powell function for n = 20 

4. Description of the proposed method 
The proposed method for the parameter estimation of ARMAX(na,nb,nc,nk) models consists 
of two stages. In the first stage, Linear Least Squares are used to estimate an ARX(na,nb,nk) 
model of the form 

   (14) 

based upon the observation that the nonlinear relationship between the model residuals and 
the parameter vector would be overcome if C(q) polynomial was monic (see (11)). 
Considering the same loss function, as in (9), by expressing the ARX model in (14) as  

   (15) 

with 

   (16) 

being the regression vector and p*=[ai bi]  the parameter vector, the minimizing argument 
for the model in (14) can be found analytically, by setting the gradient of VN equal to zero, 
which yields   

   (17) 

The parameter vector p, as computed from (17), can be used as a good starting point for the 
values of A(q)  and B(q) coefficients. In other estimation methods, like the two Stage Least 
Squares or the Multi-Stage Least Squares (Petsounis & Fassois, 2001) the ARX model is 
estimated with sufficiently high orders. In the presented method this is not necessary, since 
the resulted from (17) values are constantly optimized within the hybrid algorithm. 
Additionally, this stage cannot be viewed as initial ‘‘guess’’, since the information that is 
used does not deal with the ARMAX model in question.  
It is rather an adaptation of the hybrid optimization algorithm to become problem specific.  
In the second stage the ARMAX(na, nb, nc, nk) model is estimated by means of the hybrid 
algorithm. The parameter vector now becomes  

   (18) 
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with ci denoting the additional parameters, due to the presence of C(q) polynomial. The 
values ci are randomly  chosen from the normal distribution. The hybrid algorithm is 
presented below, 

counter j :=0; 
initialize     (0) 
evaluate     (0) 
while        T{ (j)}≠ true do 

recombine:  ’(j)= (j)) 
evaluate:  (j) 
mutate:   (j)=m( (j)) 
evaluate:     (j) 
select:   (j+1)=s( (j)) 
j:=j+1 

end while 

where j is the iteration counter,  (j) the current population, T the termination criterion, r the 
recombination operator, m the mutation operator (provided by the BFGS) and s the selection 
operator (see Sec. 3). The evaluation of parameter vector at each iteration is realized via the 
calculation of objective function.  
For the successful realization of the hybrid algorithm, two issues must be further examined: 
the choice of the predictor, which modulates the residual sequence and the choice of the 
objective function, from which this sequence is evaluated at each iteration. An additional 
topic is the choice of the ‘‘best’’ model among a number of estimated ones. This topic is 
covered by statistical tests for order selection.  

4.1 Choice of predictor  
It is obvious that in every iteration of the hybrid algorithm the parameter vector (j) is 
evaluated, in order to examine its quality. Clearly, this vector formulates a corresponding 
ARMAX model with the ability to predict the output . 
For parametric models there is a large number of predictor algorithms, whose functionality 
depends mostly on the kind of the selected model, as well as the occasional scope of 
prediction. For the ARMAX case, a well-suited, one step-ahead predictor is stated in (Ljung, 
1999) and has the following form:  

   (19) 

In Eq. (19) the predictor can be viewed as a sum of filters, acting upon the data set and 
producing model’s output at time t+1. Both of these filters have the same denominator 
dynamics, determined by C(q), and they are required to be stable, in order to predict stable 
outputs. This is achieved by letting the roots of C(q) have magnitude greater than one, 
requirement which coincides with the invertibility property of H(q) transfer function (see 
Sec. 2). 

4.2 Choice of objective function  
The choice of an appropriate objective function performs vital role in any optimization 
problem. In most of the cases the selection is problem-oriented and, despite its importance, 
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this topic is very often undiscussed. However, in optimization theory stands as the starting 
point for any numerical algorithm, deterministic or stochastic, and is in fact the tool for 
transmitting any given information of the test case into the algorithm, in a way that allows 
functionality. For the ARMAX parameter estimation problem, the objective function that has 
been designed lies in the field of quadratic criterion functions, but takes a slightly different 
form, which enforces the adaptivity of the hybrid optimization algorithm to the measured 
data.  
The objective function (of ) is computed from the following pair of equations  

   (20) 

where 

   (21) 

Equation (21) can be considered as the ratio of the absolute error integral to the absolute 
response integral. When t reaches the value 100, the predicted time-series is identical with 
the measured one. In this case, of results to zero, which is the global minimum point. 
Nevertheless, it must be noted that for a specific parameter vector, the global minimum 
value of the corresponding objective function is not always equal to zero, since the selected 
ARMAX structure may be unable to describe the dynamics of the true system.  
The proposed method, as already mentioned, guarantees the stability of the estimated 
ARMAX model, by penalizing the objective function when at least one root of  A(q) or C(q) 
polynomials lies within the unit circle of the complex plane. Thus, the resulted models 
satisfy the required conditions stated in Sec. 2.  

4.3 Model order selection 
The selection of a specific model among a number of estimated ones, is a matter of crucial 
importance. The model which shall be selected for the description of the true system’s 
dynamics, must have as small over-determination as possible. There is a large number of 
statistical tests that determine model order selection, but the most common are the Residual 
Sum of Squares (RSS) and the Bayesian Information Criterion (BIC).  
The RSS criterion is computed by a normalized version of (9), that is,  

   (22) 

where ||.|| denotes the Euclidian norm. The RSS criterion generally leads to over-
determination of model order, as it usually decreases for increasing orders. The BIC criterion 
overcomes this fact by penalizing models with relatively high model order  

   (23) 

Clearly, both of the methods indicate the ‘‘best’’ model, as the one minimizing (22) and (23) 
respectively.  
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5. Implementation of the method  
In this Section the proposed methodology is implemented to the identification of a testing 
apparatus described below, by means of SISO ARMAX models. The process of parametric 
modelling consists of three fundamental stages: In the first stage, the delay nk shall be 
determined, in the second stage ARMAX(na,nb,nc,nk) models will be estimated, using the 
method described in Sec. 4, while in the third, the corresponding (selected) ARMAX model 
will be further examined and validated.  

 
Figure 2. The testing apparatus 

5.1 The testing apparatus 
The testing apparatus is presented in Fig. 2. A motion control card, through a motor drive 
unit, which controls a brushless servomotor, guides a flexible robotic arm. A piezoelectric 
sensor is mounted on the arm’s free end and acquires its transversal acceleration, by means 
of a DAQ device. The transfer function, considered for estimation in this study, is that 
relating the velocity of the servomotor with the acceleration of the arm. The velocity signal 
selected to be a stationary, zero-mean white noise sequence. The sampling frequency was 
100 Hz and the number of recorded data was N = 5000, for both input and output signals. 

5.2 Post-treatment of data 
The sampled acceleration signal found to be strongly non-stationary, with no fixed variance 
and mean. Thus, stationarity transformations made before the ARMAX estimation phase. 
Firstly, the BOX-COX (Box et al., 1994) transformation was used with λBC = 1.1, for the 
stabilization of variance, and afterwards difference transformations with d= 2 for the 
stabilization of mean value were implemented. The resulted acceleration signal, as well as the 
velocity one, was zero-mean subtracted. The final input-output data set is presented in Fig. 3. 
For the estimation of acceleration’s spectral density, Thompson’s multi-paper method [23] has 
been implemented, with time-bandwidth product nT = 4, and number of Fast Fourier 
Transforms NFFT = 213. The estimated spectral density is presented in Fig. 4. Clearly, there are 
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three spectral peaks appearing in the graph, corresponding to natural frequencies of the system 
at about 2, 5 and 36 Hz, while an extra area of natural frequency can be considered at about 17 
Hz. An additional inference that can be extracted, is the high-pass trend of the system.  

 
Figure 3. The input-output data set 

 
Figure 4. Acceleration’s estimated spectrum 

For the subsequent tasks, and after excluding the first 500 points to avoid transient effects, 
the data set was divided into two subsets: the estimation set, used for the determination of 
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an appropriate model by means of the proposed method, and the validation one, for the 
analysis of the selected ARMAX model. 

 
Figure 5. Selection of system’s delay 

5.3 Determination of the delay 

 
Figure 6. Autocorrelation of residuals 

For the determination of delay, ARMAX(k, k, k, nk) models were estimated, with k = 6, 7, 8, 
9 and nk = 0,1,2,3. The resulted models were evaluated using the RSS and BIC criterions. 
Figure 5 presents the values of the two criterions, with respect to model order, for the 
various delays. The models with delay nk = 3 presented better performance and showed 
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smaller deviations between them. Thus the delay of the system was set to nk = 3. This is an 
expected value, due to the flexibility  of the robotic arm, which corresponds to delayed 
acceleration responses in it’s free end. 

5.4 Estimation of ARMAX(na, nb, nc, 3) models 
The selection of an appropriate ARMAX model, capable of describing input-output 
dynamics, and flexible enough to manage the presence of noise, realizes through a three-
phase procedure:  
• In the first phase, ARMAX(k, k, k, 3) models where estimated, for k = 6 : 14. The low 

bound for k is justified from the fact that the three peaks in the estimated spectrum (see 
Fig. 4), correspond to three pairs of complex, conjugate roots of A(q) characteristic 
polynomial. The upper bound was chosen in order to avoid over-determination. The 
resulted models qualified via BIC and RSS criteria and the selected model was 
ARMAX(7, 7, 7, 3). 

• The second phase dealt with the determination of C(q) polynomial. Thus, ARMAX(7, 7, 
k, 3) models were estimated, for k = 2 : 16. Again, BIC and RSS criteria qualified 
ARMAX(7, 7, 7, 3) as the best model, and also the one with the lowest variance of 
residuals’ sequence.  

• In the third stage ARMAX(7, k, 7, 3) models were estimated for the selection of B(q) 
polynomial. Using the same criteria, the ARMAX(7, 6, 7, 3) model was finally selected 
for the description of the system.  

 
Figure 7. Model’s frequency response 

The implementation of the proposed methodology in the above procedure presented 
satisfying performance, as the hybrid optimization algorithm presented quick convergence 
rate despite model order, the resulted models were stable and invertible and over-
determination was avoided.  
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5.5 Validation of ARMAX(7,6,7,3) 
For an additional examination of the ARMAX(7, 6, 7, 3) model, some common tests of it’s 
properties have been implemented. Firstly, the sampled autocorrelation function of model 
residuals was computed for 1200 lags  and it is presented in Fig. 6. It is clear that, except few 
lags, the residuals are uncorrelated (within the 95% confidence interval) and can be 
considered white. In Fig. 7, the frequency response of the transfer function G(q) (see (6)) is 
presented. The high-pass performance of the system is obvious and coincides with the same 
result that was extracted from the estimated spectral density in Fig.4. Figure 8 displays a 
simulation of the system, using a fresh data set that was not used in the estimation tasks (the 
validation set). The dash line represents model’s simulated acceleration, while the 
continuous line the measured one. 

 
Figure 8. One second simulation of the system 

Finally, in Table 2 the natural frequencies in Hz and the corresponding percentage damping 
of the model are presented. While the three displayed frequencies were detected 
successfully, the selected model was unable to detect the low frequency of 2 Hz, probably 
due to it’s high-pass performance. Yet, this specific frequency was unable to detected, even 
from higher order estimated models.  

Poles ωn(Hz) ζ(%) 
0.94±0.33i 5.36 0.91 
0.43±0.71i 16.65 17.50 
-0.67±0.70i 37.00 1.07 

Table 2. Natural frequencies and corresponding damping 
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6. Conclusion  
In this paper a new method for the estimation of SISO ARMAX models was presented. The 
proposed methodology lies in the context of Evolutionary system identification. It consists 
of a hybrid optimization algorithm, which interconnects the advantages of its deterministic 
and stochastic components, providing superior performance in PEM, as well as a two-stage 
estimation procedure, which yields only stable models. The method’s main characteristics 
can be summarized as follows:  
• improvement of PEM is implemented through the use of a hybrid optimization 

algorithm,  
• initial ‘‘guess’’ is not necessary for good performance, 
• convergence in local minima is avoided,  
• computational complexity is sufficiently decreased, compared to similar methods for 

Evolutionary system identification. Furthermore, the method has competitive 
convergence rate to conventional gradient-based techniques,  

• stability is guaranteed in the resulted models. The unstable ones are penalized through 
the objective function,  

• it is successive, even in the presence of noise-corrupted measurement.  
The encouraging results suggest further research in the field of Evolutionary system 
identification. Specifically, efforts to design more flexible constraints are taking place, while 
the implementation of the method to Multiple Input-Multiple Output structures is also a 
topic of current research. Furthermore, the extraction of system’s valid modal characteristics 
(natural frequencies, damping ratios), by means of the proposed methodology, is an 
additive problem of crucial importance. 
Evolutionary system identification is an growing scientific domain and presents an ongoing 
impact in the modelling of dynamic systems. Yet, many issues have to be taken under 
consideration, while the knowledge of classical system identification techniques and, 
additionally, signal processing and statistics methods, is necessary. Besides, system 
identification is a problem-specific modelling methodology, and any possible knowledge of 
the true system’s performance is always useful. 
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1. Introduction      
Evolutionary computation (EC) and multi-agent systems (MAS) are two research topics 
offering interesting similarities. Both are biologically inspired; Evolutionary computation 
takes its origins from genetic algorithms inspired by the Darwinian principle (Goldberg 
1989) and multi-agent systems are inspired from ethological studies, mainly ant colonies.  
Both are based on a population, made of individuals (EC) or agents (MAS). Evolutionary 
computation is based on the iterative development of a population. Each population is made 
up of individuals partially selected from the previous generations. In the case of multi-agent 
systems the population is made of agents.  The exact definition of what is an agent is highly 
dependant on the context. In robotics systems, agents are usually described as a robot or 
part of a robot. In the first case, the multi-agent system (or multi-robots system) is composed 
of several robots interacting or acting together. In the second case, a unique robot is 
composed of several agents, each managing an entity (an actuator, a sensor …). In both 
cases, multi-agent systems offer a breaking down of a complex problem into several simpler 
tasks. The last (but not least) common point between evolutionary computation and multi-
agent systems is the similarity between emergence and evolution; previous works (Brooks, 
1986; Arkin 1992; Drogoul & Ferber, 1992) have shown that a population is able to perform 
tasks that an isolated agent is not able to do. A similar phenomenon appears in evolutionary 
computation: it’s the combination of several individuals that allows the increase of fitness 
throughout the generations.  

2. Related works 
Multi-agent systems have been studied for many years and the following definitions used in 
the rest of the chapter are accepted by the MAS community and described in this section. All 
of them are fully detailed and justified in (Ferber 1999).  

2.1 Distributed and supervised multi-agent systems 
Multi-agent systems can be classified into two categories: supervised or distributed systems. 
In robotics, most of the system may be viewed as supervised: a central agent (the computer 
or processor) gathers information (from sensors) and sends commands to the other agents 
(the actuators). The main drawback of such architecture is that a failure on the central agent 
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or processor) gathers information (from sensors) and sends commands to the other agents 
(the actuators). The main drawback of such architecture is that a failure on the central agent 
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may be fatal to the whole system. On the contrary, in distributed systems, agents are as 
much as possible autonomous and the loss of agents may be supported by the system. 

2.2 Communication between agents 
Previous works (Drogoul 1992; Tucker 1994) have shown that communication is a key point 
in multi-agent systems. Such systems are classified in 3 categories: without communication, 
with implicit communication and with explicit communication. When no communication 
isn’t used at all, the agents are fully independent. Such systems are generally limited in term 
of cooperation. When the agents are communicating without using classical data 
transmissions, it is called implicit communications. Famous examples are the pheromones in 
ant colonies. To find their way back or to inform the rest of the colony from danger, the ants 
use pheromones which act as messages. In robotics, some example may be found based on 
implicit communication. For example, at the European cup of robotics in 2006, the purpose 
of the game was to gather and sort coloured balls on a playground. A team of student built a 
robot composed of several independent modules. The communication between modules 
was done using the presence or not of balls inside the module. The simplicity of this implicit 
communication based system allowed a high reliability, essential in these kind of challenge. 
But most of the robots use explicit communications, for example bus protocols like I²C, BUS 
CAN or TCP IP are used to communicate between the different parts of a robot and radio 
frequencies or infrared signals are used to communicate between robots.  

2.3 Heterogeneity in multi-agent systems 
Heterogeneity is used in multi-agent systems to evaluate the difference between agents. 
When all the agents are physically identical and controlled by the same rules, the system is 
said to be highly homogeneous. On the other hand, when each agent is specialized or 
dedicated to a task, the system is said to be highly heterogeneous.  

2.4 Multi-agent systems and evolutionary computation 
An evolutionary algorithm may be considered as a particular case of homogeneous multi-
agent system where agents are individuals. The rules governing these agents are crossovers 
and mutations. Crossovers may be considered as a supervised rule: a central computer 
gathers the fitness and the artificial chromosomes of the whole population before computing 
the next generation. Mutations may be viewed as distributed rules because the mutation of a 
chromosome is not dependant from the rest of the population. Almost all the previous 
works, applying evolutionary computation to robots and generally inspired by the works of 
Dario Floreano (Floreano & Mondada 1994; Nolfi & Floreano 2000), were based on this 
principle.   
This chapter will focus on the combination between EC and MAS to create controllers for 
autonomous robots. According to the previous observations, the experiments presented in 
this chapter take advantage of both systems. Agents are based on reactive controllers 
allowing fast responses and reducing computation time. The presented systems are fully 
distributed.  
In the first part of the chapter, an experiment shows that a genetic algorithm can be fully 
distributed into a group of real mobile robots (Lucidarme 2004). The second experiment, 
made on a humanoid robot (HRP2), will describe how a unique robot can be seen as an 
evolutionary optimized multi-agent system. 
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3. Fully distributed evolutionary robots 
3.1 Hypotheses 
In this multi-robot experiment, each robot is considered as an agent. A homogeneous 
population is considered, i.e. all the robots have the same capabilities of sensing, acting, 
communicating and processing. The system is fully distributed, i.e. information about the 
agents are never centralized. Communications between agents are explicit. Moreover, the 
considered task is safe and robust reactive navigation in a clustered environment for 
exploration purposes. The robots are programmed at the beginning of the experiment 
neither for obstacle avoidance nor for enlarging the explored area, and nor for executing 
more complex actions. On the contrary, the agents have to find by themselves an efficient 
policy for performing the obstacle avoidance tasks. The on-line self-learning procedure is 
based upon the principles of evolutionary algorithms that allow a faster convergence rate 
than the classical learning algorithms, as it is shown in the following. The algorithm's 
operation is then illustrated by considering the exploration problem, which is simple to 
evaluate and to implement on real mobile robots. The population size is constant.  

3.2 Evolution of physical robots 
Type 1 (Lucidarme & Simonin 2006) is a small mobile robot (shown on figure 1) with a 
diameter of 13 cm and a weight of 800 g (including batteries) used in this first experiment. It 
has many of the characteristics required by the evolutionary approach to autonomous robot 
learning. The robot is fully autonomous; an embedded PC (80486 DX with 66 MHz clock) 
manages the robot. Control to sensors and actuators is transmitted by the PC104 bus. Two 
wheels actuate it. Two small passive ball-in-socket units ensure the stability. DC motors 
equipped with incremental encoders (352 pulses per wheel's revolution) control the wheels. 
The encoders are used for speed control but also to measure the performance index detailed 
in the next sections. The robot is surrounded with 16 infrared emitters and 8 receivers. The 
sensors use a carrier frequency of 40 kHz for a good noise rejection. These sensors are also 
used to communicate between agents. A communication protocol has been developed to 
differentiate obstacles from other robots: if a signal is received when the robot has stopped 
emitting for a short period, this means that another agent is close to it.  

 
Figure 1. Picture of the mobile robot Type 1 

3.3 Chromosome encoding 
The controller of the robot is inspired from reinforcement learning (based on Markovian 
processes) where the policy is described by the association between states and actions. Such 
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controller allows the comparison with other learning approaches. The inputs of the 
sensorimotor system are composed of five states listed in Table 1.  

State 1 No obstacle  
State 2 Left obstacle  
State 3 Right obstacle  
State 4 Front obstacle  
State 5 Robot is jammed 

Table 1. Different states of an agent’s sensory system 

These states can easily be recognized by the proximity sensors of any robot. Of course, more 
inputs would be available if fuzzy processing was applied. On the other hand of the control 
system are the elementary behaviors of the robots given in Table 2.  

Behavior 1 Go forward  
Behavior 2 Turn right  
Behavior 3 Turn left  
Behavior 4 Go backward 

Table 2. The set of elementary actions 

Actions actuate immediately the wheel motors. An individual of the population considered 
for the evolutionary learning is the list of connections between inputs and outputs. It 
encodes thus the "synapses" of the robot's sensorimotor control system. Such states and 
elementary actions have been chosen to guarantee that the behavior is learnable during the 
battery life. The chromosome of a robot is the concatenation (a string) of N words in a 
subspace of the {0,1}M space. N is the number of inputs, and M the number of outputs. Of 
course, each word contains a single bit ‘1’ (Table 3). The population of robots will evolve 
following the evolution of the embedded chromosomes under the action of genetic 
operators. 

0 0 0 1 1 0 0 0 0 1 0 0 1 0 0 0 0 0 1 0 

Table 3. An example of a chromosome string 

3.4 Operators and rules 
Initialization: at the beginning of the experiment, the various chromosomal strings are filled 
at random or with the same behavior, like a string of "go ahead". For the simulations and 
experiments reported in this paper, the strings have been randomly generated to increase 
the diversity of the population.   
Fitness: in many learning techniques, some kind of supervisor exhibits templates, and gives 
a rating to the agent's resulting behavior. In the case of genetics algorithms this upper level 
may also evaluate the fitness of each individual of the population with respect to a required 
performance. The individuals are then ranked (the selection operation) before applying the 
genetic operators. As we are looking here for a fully distributed evolution, a capability of 
local self-evaluation is given to each robot, but it is never conscious of the global population 
efficiency. However, following the general principles of self-learning algorithms, each 
individual (here the agent numbered i) computes its own current fitness using equation 1. 
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N(i) is the number of time steps since the beginning of the estimation by agent i 
RN(i)(i) is the estimated reward at time N(i) 
FN(i)(i) is the instantaneous reward at time N(i) 
In this obstacle avoidance problem, the instantaneous reward is computed as being the 
forward distance traveled during an elementary time step. This distance is computed using 
the motor’s encoders. Thus, the current reward resulting from applying the current policy 
(the chromosome) is the average distance since initialization or since the last change of the 
agent's chromosome by crossover or mutation. Such a computation automatically penalizes 
too numerous turns and reverse motions.  
Crossover: most of the solutions proposed by the others investigators call for global 
communication between the agents. In this way, the classical genetic algorithm technique is 
used: selection by considering the whole population, then crossover of two chromosomes at 
a periodic average rate. This method suffers from the lack of parallelism since only two 
agents can be concerned at the same time. It even may require a slackening of the robot 
moves to allow the complex communication, agent recognition and signal processing. In 
order to avoid these major drawbacks, the solution proposed here uses a local and simple 
communication. This way, any pair of robots meeting each other may perform crossover. 
The formal conditions are the following: the robot-to-robot distance is short enough to 
communicate and both robots have not recently performed a crossover or mutation 
operation. The first condition ensures possible parallelism, while the second prevents any 
robot from changing its current policy before having evaluated it over a significant number 
of steps. When crossovers are complete, agents i and j have new chromosomes, i.e. policies, 
according to the probabilities given by equation 2. 

 
)()(

)(
)(

)()(

)(

jRiR
iR

iP
jNiN

iN

+
=  (2) 

Crossovers are not sufficient to ensure the convergence of the system towards the best 
solution, especially when the population size is small; the optimal chromosome may not be 
dispatched in the initial population preventing crossovers from creating this optimal 
chromosome string. In that case, the agents may be trapped by a local maximum, and the 
population no longer evolves from that common state. As usual, mutations are necessary to 
escape from local extrema and to explore a wide domain of the chromosomal state space. 
Mutation: in the classical genetic algorithms, mutations are performed at random. In our 
application, this could be an important drawback since we are looking for on-line learning. 
It cannot be admitted that a robot changes its policy to a far less efficient one and waits for a 
long time before re-improving it by a new mutation or by crossover. To solve these 
problems, the formal conditions for mutation are adopted: the agent has not performed a 
previous mutation recently and the agent's fitness is low. Notice that again such a method 
allows multiple simultaneous mutations of several agents. As for crossover, the first 
condition ensures that the robot has had enough time for computing a good estimation of its 
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controller allows the comparison with other learning approaches. The inputs of the 
sensorimotor system are composed of five states listed in Table 1.  

State 1 No obstacle  
State 2 Left obstacle  
State 3 Right obstacle  
State 4 Front obstacle  
State 5 Robot is jammed 

Table 1. Different states of an agent’s sensory system 

These states can easily be recognized by the proximity sensors of any robot. Of course, more 
inputs would be available if fuzzy processing was applied. On the other hand of the control 
system are the elementary behaviors of the robots given in Table 2.  

Behavior 1 Go forward  
Behavior 2 Turn right  
Behavior 3 Turn left  
Behavior 4 Go backward 

Table 2. The set of elementary actions 

Actions actuate immediately the wheel motors. An individual of the population considered 
for the evolutionary learning is the list of connections between inputs and outputs. It 
encodes thus the "synapses" of the robot's sensorimotor control system. Such states and 
elementary actions have been chosen to guarantee that the behavior is learnable during the 
battery life. The chromosome of a robot is the concatenation (a string) of N words in a 
subspace of the {0,1}M space. N is the number of inputs, and M the number of outputs. Of 
course, each word contains a single bit ‘1’ (Table 3). The population of robots will evolve 
following the evolution of the embedded chromosomes under the action of genetic 
operators. 

0 0 0 1 1 0 0 0 0 1 0 0 1 0 0 0 0 0 1 0 

Table 3. An example of a chromosome string 

3.4 Operators and rules 
Initialization: at the beginning of the experiment, the various chromosomal strings are filled 
at random or with the same behavior, like a string of "go ahead". For the simulations and 
experiments reported in this paper, the strings have been randomly generated to increase 
the diversity of the population.   
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a rating to the agent's resulting behavior. In the case of genetics algorithms this upper level 
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performance. The individuals are then ranked (the selection operation) before applying the 
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local self-evaluation is given to each robot, but it is never conscious of the global population 
efficiency. However, following the general principles of self-learning algorithms, each 
individual (here the agent numbered i) computes its own current fitness using equation 1. 
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Crossovers are not sufficient to ensure the convergence of the system towards the best 
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dispatched in the initial population preventing crossovers from creating this optimal 
chromosome string. In that case, the agents may be trapped by a local maximum, and the 
population no longer evolves from that common state. As usual, mutations are necessary to 
escape from local extrema and to explore a wide domain of the chromosomal state space. 
Mutation: in the classical genetic algorithms, mutations are performed at random. In our 
application, this could be an important drawback since we are looking for on-line learning. 
It cannot be admitted that a robot changes its policy to a far less efficient one and waits for a 
long time before re-improving it by a new mutation or by crossover. To solve these 
problems, the formal conditions for mutation are adopted: the agent has not performed a 
previous mutation recently and the agent's fitness is low. Notice that again such a method 
allows multiple simultaneous mutations of several agents. As for crossover, the first 
condition ensures that the robot has had enough time for computing a good estimation of its 
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own fitness. The second condition prevents from changing good policies into worse ones. 
The adopted probability of mutation is dependent on the individual performance index. It 
ensures that the worst policies are more likely to mutate, while the best ones possess a non-
zero probability for escaping a possible local maximum.  

3.5 Simulation results 
The algorithm was first evaluated via Matlab allowing simulations with a large number of 
robots. The moving agents never compute their absolute position and orientation. The 
knowledge of these variables only serves for the displays. On the contrary, the real sensory 
system is simulated and provides the agent with its local perception. The real wheel control 
is also simulated. An example of display is shown on Figure 2.  

 
Figure 2. Snapshoot of the simulator with 7 robots (small circles) and circular obstacles (in 
black) 

During a simulated elementary sensorimotor cycle of time, each agent updates its current 
state, and either continues its current policy or performs mutation (if allowed) or crossover 
(if possible). To make crossover possible, the sensory protocol differentiates another agent 
from a passive obstacle, and is able to compute the robot-to-robot distance. The two dashed 
circles surrounding two robots in Figure 2 show the sensor ranges. When a crossover is 
allowed, it takes several cycle times due to the need for communicating information. 
Otherwise, each of the two robots considers the other as an obstacle.  
The first step is to set the simulation parameters. The communication range is measured on 
real robots and scaled to the simulated environment. Then it is necessary to adjust the 
coefficients in the probability function for mutations. The answer was found thanks to 
simulations. If the delay is short, the mutation occurs frequently. The search state is 
explored very quickly, but the performance estimation is erroneous. On the contrary, if the 
delay is long, the space state is explored very slowly, but the estimation is very good. The 
delay between two crossovers was also studied. The conclusions are close to those of 
mutations. If the delay is too short, robots will always crossover with the same agent. On the 
contrary, if the delay is too long, it takes a lot of time to explore the policy space state. The 
minimal number of cycles is chosen to fulfill the following condition: two agents having the 
optimal policy will not meet twice successively. Here about 300 cycles are necessary.  
Figure 3 shows the end of a simulation. The first observation is the explored part of the 
environment (in white). It results from the obtained emergent behavior due to the reactivity 
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of the multi-agent system. We have also checked that the optimal solution, given in Table 3, 
is always reached whatever the initial conditions and the shape of the environment.  

 
Figure 3. Snapshoot of the simulator at the end of an experiment 

At the end of the experiment, the chromosome encodes the optimal sequence (table 3).  

1: No obstacle  1: Go forward 
2: Left obstacle  2: Turn right 
3: Right obstacle  3: Turn left 
4: Front obstacle  2 or 3 : Turn left or right
5: Robot is jammed 4: Go backward 

Table 3. Different states of an agent’s sensory system 

In most cases, the observed evolution is the following:  
1. At the beginning, the agents try random strategies. A collision quickly occurs, and the 
robot is jammed. The average traveled distance drops very fast, and a mutation occurs soon. 
Mutations stop when the behavior 4 (go backward) is associated to the state 5 (robot is 
jammed).  
2. The agents are free in the environment, and one of them is likely to associate the first 
behavior (go forward) to the first state (no obstacle). It generally travels a long distance in 
the environment and propagates its chromosomal string to other agents by crossover.  
3. As many agents move fluently in the environment, more crossovers occur. The optimal 
policy is thus given to at least one agent. Its own fitness grows quickly.  
4. As soon as such a robot performs the best sequence, it travels all over the environment 
and meets more agents than the other ones. By doing so, it transmits its string to many 
robots and all the population quickly performs the best behavior. The non-null mutation 
rate imposed in "good" populations ensures that the absolute maximum is obtained.  
Another important parameter is the size of the population, i.e. the number of robots. 
Intuitively, the more agents there are, the faster the best solution is found. This hypothesis is 
true, if the condition of convergence is: "at least one agent finds the optimal sequence". We 
decided to stop the simulations when each individual had performed the chromosomal 
sequence described in table 3. For each number of robots, twenty simulations were 
performed and the average number of cycles was recorded. The results are shown on Figure 
4. 



Frontiers in Evolutionary Robotics 

 

296 

own fitness. The second condition prevents from changing good policies into worse ones. 
The adopted probability of mutation is dependent on the individual performance index. It 
ensures that the worst policies are more likely to mutate, while the best ones possess a non-
zero probability for escaping a possible local maximum.  

3.5 Simulation results 
The algorithm was first evaluated via Matlab allowing simulations with a large number of 
robots. The moving agents never compute their absolute position and orientation. The 
knowledge of these variables only serves for the displays. On the contrary, the real sensory 
system is simulated and provides the agent with its local perception. The real wheel control 
is also simulated. An example of display is shown on Figure 2.  

 
Figure 2. Snapshoot of the simulator with 7 robots (small circles) and circular obstacles (in 
black) 

During a simulated elementary sensorimotor cycle of time, each agent updates its current 
state, and either continues its current policy or performs mutation (if allowed) or crossover 
(if possible). To make crossover possible, the sensory protocol differentiates another agent 
from a passive obstacle, and is able to compute the robot-to-robot distance. The two dashed 
circles surrounding two robots in Figure 2 show the sensor ranges. When a crossover is 
allowed, it takes several cycle times due to the need for communicating information. 
Otherwise, each of the two robots considers the other as an obstacle.  
The first step is to set the simulation parameters. The communication range is measured on 
real robots and scaled to the simulated environment. Then it is necessary to adjust the 
coefficients in the probability function for mutations. The answer was found thanks to 
simulations. If the delay is short, the mutation occurs frequently. The search state is 
explored very quickly, but the performance estimation is erroneous. On the contrary, if the 
delay is long, the space state is explored very slowly, but the estimation is very good. The 
delay between two crossovers was also studied. The conclusions are close to those of 
mutations. If the delay is too short, robots will always crossover with the same agent. On the 
contrary, if the delay is too long, it takes a lot of time to explore the policy space state. The 
minimal number of cycles is chosen to fulfill the following condition: two agents having the 
optimal policy will not meet twice successively. Here about 300 cycles are necessary.  
Figure 3 shows the end of a simulation. The first observation is the explored part of the 
environment (in white). It results from the obtained emergent behavior due to the reactivity 

Evolutionary Computation of Multi-robot/agent Systems 

 

297 

of the multi-agent system. We have also checked that the optimal solution, given in Table 3, 
is always reached whatever the initial conditions and the shape of the environment.  

 
Figure 3. Snapshoot of the simulator at the end of an experiment 

At the end of the experiment, the chromosome encodes the optimal sequence (table 3).  

1: No obstacle  1: Go forward 
2: Left obstacle  2: Turn right 
3: Right obstacle  3: Turn left 
4: Front obstacle  2 or 3 : Turn left or right
5: Robot is jammed 4: Go backward 

Table 3. Different states of an agent’s sensory system 

In most cases, the observed evolution is the following:  
1. At the beginning, the agents try random strategies. A collision quickly occurs, and the 
robot is jammed. The average traveled distance drops very fast, and a mutation occurs soon. 
Mutations stop when the behavior 4 (go backward) is associated to the state 5 (robot is 
jammed).  
2. The agents are free in the environment, and one of them is likely to associate the first 
behavior (go forward) to the first state (no obstacle). It generally travels a long distance in 
the environment and propagates its chromosomal string to other agents by crossover.  
3. As many agents move fluently in the environment, more crossovers occur. The optimal 
policy is thus given to at least one agent. Its own fitness grows quickly.  
4. As soon as such a robot performs the best sequence, it travels all over the environment 
and meets more agents than the other ones. By doing so, it transmits its string to many 
robots and all the population quickly performs the best behavior. The non-null mutation 
rate imposed in "good" populations ensures that the absolute maximum is obtained.  
Another important parameter is the size of the population, i.e. the number of robots. 
Intuitively, the more agents there are, the faster the best solution is found. This hypothesis is 
true, if the condition of convergence is: "at least one agent finds the optimal sequence". We 
decided to stop the simulations when each individual had performed the chromosomal 
sequence described in table 3. For each number of robots, twenty simulations were 
performed and the average number of cycles was recorded. The results are shown on Figure 
4. 



Frontiers in Evolutionary Robotics 

 

298 

 
Figure 4. Convergence time versus number of robots 

It can be seen on figure 4 that, when less than ten robots are used, the average convergence 
time decreases with the number of robots as in classical evolutionary algorithms. With more 
than 10 robots, the convergence time becomes constant. The explanation is that when the 
number of agents is high, the best behavior is quickly found (because the search space is 
quickly explored). But the time to propagate this optimal chromosomal string into the whole 
population is longer when the population is big, this phenomena counterbalances the fast 
exploration of the state space. 

3.6 Experimental results 
The experimental environment is shown on Figure 5. It is 4.80 m long and 3.60 m wide. Four 
autonomous robots are used in the experiments, and obstacles can be moved, added or 
suppressed. The maximum speed of the robots is 1 m/s but the speed has been limited to .3 
m/s to prevent eventually violent collisions. The sensorimotor cycle time is about 15 ms. 
The range of the infrared system is typically of .5 m: it ensures here the required 
compromise between the needs for enough crossovers and for safety with respect to 
collisions. Following these numerical data and the experience gained during the 
simulations, the minimum time between two successive crossovers has been set to 3 
seconds.  
The first conclusion of this real experiment is the fact that the algorithm always converge to 
one of the two optimal solutions in a reasonable time; less than ten minutes for the simple 
obstacle avoidance task (5 states and 4 actions). This real experiment has also confirmed the 
emergence of an important phenomenon: when a robot performs an efficient strategy, it 
naturally increases its chance to be in the next generation i.e. it travels smoothly in the 
environment and increases its chance to meet the others robots; he becomes a more popular 
candidate for reproduction.   
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Figure 5. Distributed evolution of real robots 

3.7 Conclusion 
This first experiment has proved the possibility of transposing evolutionary computation 
into a real group of robots. Experimental results have shown that this solution takes 
effectively advantages (fault tolerance and emergence) from multi-agent systems as 
explained in the introduction. As the system is fully distributed it becomes fault tolerant; for 
example, if a robot is jammed or broken, the rest of the population still works. During the 
experiments, robots has been removed and added into the population without any trouble. 
Having a group of robots decreases the learning duration because the search space is more 
quickly explored compared to an equivalent experiment made on a unique robot (Floreano 
& Mondada 1994). But having a population of robots may also have drawbacks; the size of 
the environment must be proportional to the number of robots. Simulation results have 
shown that, over a threshold, increasing the population size doesn’t decrease the 
convergence time in regards with the size of the environment. Using at the same time 
several complex or expensive robots is not always possible; i.e. using ten humanoid robots 
at the same time to process learning is not actually feasible. The next section has been 
motivated by this conclusion and will describe an experiment where a unique robot is seen 
as an evolutionary optimized multi-agent system. 

4. Evolutionary optimized multi-agent system 
4.1 Hypotheses 
As explained previously, a unique robot may be structured as a multi-agent system where 
each part of the robot is a communicating and acting agent. The task considered here is the 
tracking of a target with the hand of a humanoid robot without falling or being unbalanced. 
We assume that the target is reachable by the robot without walking, i.e. feet are considered 
as linked on the floor and the target is included in the workspace of the body. The position 
of the target is assumed to be known by the robot; it may be done by using the vision system 
of the robot for example. The body of the robot is decomposed in agents each controlling a 
joint. The system is fully distributed, i.e. information about the agents are not centralized. Of 
course existing robots use a central processor and have not been designed to support such 
architecture. Currently, the distribution is simulated by sharing the central processor, but it 
may be possible to embed a controller in each joint to perform the agent behavior. 
Moreover, it is actually done on existing robots (Murase and al. 2001) for controlling the 
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joints with a PID. To allow this distribution of the system, each agent only communicates 
with its neighbors.  
A homogeneous population is considered, however, as each agent controls a joint of the 
humanoid robot, the computed model and parameters varie. As the robot had a human 
shape, it may be a plus to provide natural (human-like) motions. An evolutionary strategy is 
used to optimize the parameters of the system. The purpose of the presented experiments is 
to show that after the evolution, the system automatically manages redundancy and failures 
on actuators. 

4.2 Description of the architecture 
The robot considered in the following is HRP2. This humanoid robot has 30 degrees of 
freedom (6 by leg, 6 by arm, 1 by hand, 2 for the hip and 2 for the neck). This robot has been 
chosen for its high redundancy, even if many other robots may have been used.  

 
Figure 6. The humanoid robot HRP2 

In the proposed distributed approach each actuator qi is respectively associated with the 
agent Ai. Each joint or agent acts independently from the other joints in order to minimize 
the Euclidian distance ε between the hand and the target, i.e. reaching the target with the 
hand. Each agent is described by the following 3 items : input, output and behavior . 
Input : information or data, to which the agent can access. The agent Ai knows the following 
variables: 

• 1
0

−iT : transformation matrix linking the original frame F0 (based on the ground) to the 
current joint qi-1. This information is communicated by the agent Ai-1 except for the first 
agent. 

Evolutionary Computation of Multi-robot/agent Systems 

 

301 

• n
iT : transformation matrix linking the joint qi+1 to the end effector. This matrix is 
communicated by the agent Ai+1 except for the last agent. 

• qi : current measured position of the joint controlled by the agent Ai. This position if 
provided by a sensor on the joint (in the case of HRP2, an encoder provides the position 
of the joint) 

• PTarget : coordinate of the target in the frame F0. We assume that this information is 
known by each agent. On a real physically distributed system, this information may be 
computed by a dedicated controller (based in the head of the robot for example) and 
transmitted to the closest agent. This agent transmits this information to the neighbors 
and the coordinates are propagated in the entire system.  

Output: each agent Ai must provide two kinds of outputs: command on the actuator and 
information to the neighbors: 
• Δqi : command applied on the joint (angular speed). 

• iT0 : transformation matrix linking the original frame F0 (based on the ground) to the 
current joint qi. This information is communicated to the agent Ai+1. 

• n
i T1− : transformation matrix linking the joint qi to the end effector. This matrix is 
communicated to the agent Ai-1. 

• PTarget : coordinate of the target transmitted to the agents Ai-1 , Ai+1 or both. 
A general view of the architecture, showing the information exchanged between the agents 
is shown on figure 7. 
Behavior: this is the way the agents link the input to the outputs. Note that, as the system is 
distributed, the behaviors are local, i.e. the agent Ai does not know the way the other agents 
will act. The global goal is to reach the target with the end-effector of the robot. Internal 
collisions are not considered here. The behavior of the agent Ai consists of computing at 
each time step the value Δqi that minimizes the Euclidian distance between the position of 
the end effector Pn and the position of the target Ptarget in regard to the information known 
by the agent.  Due to its efficiency and its simplicity, the gradient descent technique has 
been chosen. This choice was motivated by the following reasons: 
• The mathematical relationship between the actuator’s position and the distance to 

minimize is a known function. The derivative of this function may be easily computed. 
• There are few parameters to set, just one for each agent and evolutionary computation 

is well suited for tuning these parameters. 
• The main advantage is probably that the algorithm slides into the minima. It does not 

provide just the final solution, but provides a trajectory that slide from initial to final 
configuration. In the case of robots, we need more than the final position: we need a 
trajectory. Gradient descent provides both. 

Each agent updates its output according to equations 3 

 
i

ii dq
dtq εα .)( −=Δ  (3) 

ε is the Euclidian distance between the hand of the robot and the target 
qi is the current position of the joint i 
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• n
iT : transformation matrix linking the joint qi+1 to the end effector. This matrix is 
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Each agent updates its output according to equations 3 

 
i

ii dq
dtq εα .)( −=Δ  (3) 

ε is the Euclidian distance between the hand of the robot and the target 
qi is the current position of the joint i 
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αi is a parameter that determine the behavior of the agent Ai . The influence of this 
parameter is described in the next section. 
The derivative of the Euclidian distance is computed using the equation 4. 
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Figure 7. Overview of the multi-agent architecture 

Note that, as the system is fully distributed, the agent Ai cannot compute 
i
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dq
dx ,
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n

dq
dy and 
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n

dq
dz  

by using the jacobian because according to our hypothesis, this agent Ai cannot access to the 
other agent’s dq. In spite of this, the matrix product described on equation 5 can compute the 
derivative of the end-effector position according to the joint i. 
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This relationship described on equation 4 is only true in the case of serial robots. Only one 
transformation matrix (i-1Ti) is expressed in term of qi, t. The following terms can be 
considered as scalar and don’t need to be derivated: dXn dqi , 0Ti-1 and iTn.The behavior of the 
agent Ai is described in the algorithm presented on the figure 8. 
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Figure 8. Algorithm of the agent Ai 

4.3 Influence of the parameters αi 
The behavior of each agent is dependant on its αi  coefficient. To explain the influence of 
these coefficient, let’s take as example the 3R planar robot described on figure 9. Such robot 
is simple to compute, its behavior is easy to understand and it evolves in two dimensions. 
It’s a redundant robot, i.e. several configurations may exist for a given position of the end 
effector (Note that, in the case of a 3R robot, it is no longer true for position and orientation). 
The figure 10 shows the motion of the robot for different settings of the parameters αi. In the 
first example (left figure), the agent A3 (closer to the end effector) had the highest value, the 
second one A2 had a medium value, and the first one A1, the smallest; the robot mainly uses 
its last link to reach the target. In the second example (central figure), the agents A1 and A2 
are set with the same coefficient and in the last example (right figure), each agent is set with 
the same parameters. The global trajectory is far from the optimal solution: the robot moves 
its end-effector away from the target to come back closer. As shows figure 10, the global 
behavior of the robot is highly dependant on the parameters. 
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Figure 10. Example of trajectories for several sets of parameters 

4.4 Stability 
In order to apply the algorithm to a humanoid robot, the control of the static stability has 
been added. This is based on the same principal that for target tracking, rather than 
minimizing the distance between the hand and the target, the goal is to minimize the 
distance between the projection on the floor of the center of mass (COM) and the center of 
the footprint. To deal with the two objectives at the same time, the formula presented on the 
equation 6 is used. 
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εCOM  is the distance between the projection of the center of mass and the center of the 
footprint 
D2 is the distance between the projection of the center of mass and the center of the footprint 
D1 is the distance between the projection of the center of mass and the closest edge of the 
footprint 
These equations ensure that when the robot is perfectly stable (γ=1) the algorithm will 
control only target tracking. On the other hand, when the projection of the center of mass is 
on the edge of the footprint (ie. The robot is at the limit of stability and γ=0) hundred percent 
of the command is dedicated to stability. Between these two extremes, the ratio is linear. 
This algorithm had been implemented on the model of HRP2. The first simulations have 
immediately shown the efficiency of the method and the emergence of behavior. For 
example, the robot dedicates its right arm only for stability because the right arm is not 
useful for target tracking. One actual drawback of this technique is that the designer has 
twice as many parameters to set. One set of parameters for target tracking, and one set of 
parameters for stability. Experiments have shown that the parameters can be set arbitrary, 
likely due to redundancy. But finding a set of parameters that provide an optimal and/or 
human-like motion is not trivial. This is the reason why evolutionary computation has been 
used to evolve these parameters. 
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4.5 Evolutionary computation of the parameters  
Evolutionary algorithm has been chosen for the following reasons: this algorithm doesn’t 
need a model of the system, it provides several good solutions, it can optimize any kind of 
criteria and it can extract from local minima. 
Chromosomal encoding: our goal is to optimize the parameters etT

i
argα  and COM

iα . These 
parameters are directly encoded in the chromosomal string. The chromosomal string of an 
individual is composed of 44 float numbers in the case of HRP2: 22 for the target tracking 
objective, plus 22 for the stability. Twenty two is the number of joints minus six for the right 
leg (in order to ensure the feet are not moving on the floor; the right and left legs have been 
linked, i.e. each joint of the right leg is performing the same motion than the left leg joints) 
and two for the head. (the head joints are not considered here; we assumed that on the real 
robots these joints must stay available for the motion of the embedded vision system). 

 
etT arg

1α  etT arg
2α  …  etT arg

22α etT arg
1α etT arg

2α  …  etT arg
22α  

Table 4. Description of a chromosomal string 

Initialization: at the beginning of the experiment, the various chromosomal strings are 
randomly filled in order to increase the diversity of the population. The range of the 
parameter is [-1 ; +1]. There is no need to extend this range; the important fact is the 
difference between the parameters, not their values. For example, by setting all the 
parameters to 1 the robot will have exactly the same behavior than by setting all the 
parameters to 0.1. The only difference is the speed of the motion. By weighing all the 
parameters with a coefficient Ks it becomes possible to control the speed of the motion. 
Having negative values is important to push the robot back from unstable positions.  
Fitness: the objective of the presented experiment is to have a human-like behavior in order 
to make the robot friendly with the people using it. Such behavior is not easy to transpose 
into equations which is why three fitness functions are considered: minimizing times during 
initial and final position of the hand, minimizing the traveled distance of the hand, and 
minimizing the energy according to equation 7. The behavior of the robot for each fitness 
function is discussed in the next section. For each individual, the fitness function was 
initially evaluated on 7 randomly selected targets. The obtained behaviors can’t be 
generalized at any point of the workspace. The number of targets has been extended to 18 
points strategically positioned into the workspace as shown on figure 11. 
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Where : 
F is the fitness function 
T is the duration of the motion in time steps 
n is the number of body composing the robot 
mi is the mass of the body i 
vi(t) is the speed of the body i at time step t 
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Figure 11. Position of the 18 targets during the evolutionary process 

Crossovers: at the end of the evaluation of the population, the new generation is 
automatically generated. For each new individual, two chromosomal strings from the 
previous generation are selected using the roulette-wheel reproduction as described in 
(Nolfi & Floreano 2000). The new chromosomal string is generated by a random selection of 
the coefficients. For each new coefficient a random selection is made between the two same 
values in the two “parents”. This strategy is based on the principle of uniform crossovers 
(Mitchell, 1997). 
Mutations: after the crossover process, ten percent of the population is randomly selected to 
mutate. Such percentage has been arbitrary chosen to ensure the equilibrium between a 
good exploration of the search space and the preservation of the best known individuals. A 
mutation consists of the selection of a coefficient αix where i and x are randomly chosen. This 
coefficient αix is then replaced by a new one, randomly selected in the range [-1; 1].  

4.6 Experimental results 
Experiments have been conducted by simulation using the geometric model of the robot 
HRP2, including the center of mass of each body allowing the computation of the global 
center of gravity of the whole robot. Each joint is bounded in the same interval as on the real 
robot. The simulator is of course based on a centralized processor that simulates at each time 
step the behavior of each agent. This allows the simulation of the distributed system. The 
figure 12 shows the evolution of the fitness function in the first experiment where the 
purpose is to minimize the necessary time to reach the target from the initial position. 
Similar graphics have been produced for the other fitness functions. In the three cases, a 
convergence is observed that confirms the relevance of the chosen parameters.  
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Figure 12. Evolution of the fitness function (time) for the whole population (average) and for 
the best individual of each generation 

Time and distance: the fitness functions minimizing time and distance produce similar 
behavior on the robot. In both cases, the robot is able to reach the targets in any 
configuration. As the robot has been programmed to reach targets with the left hand, the 
right one has no influence in the target tracking. The coefficients have only been optimized 
by the evolutionary process to keep the stability of the robot. For example on figure 13, 
when the robot leans forward it puts back its right arm to compensate the move of the center 
of gravity. However, depending on the position of the target, the general motion of the robot 
is sometimes far from natural or human-like behavior. These observations motivated the 
implementation of a new fitness function consisting of minimizing the energy. 
 

 
Figure 13. Example of motion of the robot 

Energy: minimizing energy provides interesting results. First of all, the targets are still 
reached at any position of the workspace. The behavior of the robot is very smooth and 
natural, except for the targets over the shoulders. The robot moves its torso backward and 
then moves forward. This behavior is not really natural, because a human has the faculty of 
anticipating the end of the motion. However, in the present case a human would probably 
move one step backward in order to hold out its arm. Such behavior is not possible here 
because of the hypothesis that feet are linked to the floor.  
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Failures: in order to test the robustness of the system failures have been simulated. The first 
test was a failure on an actuator. As the agents are independent, the system continues 
working; the other agents naturally compensate the inactivity on a joint. The second test 
simulated failures on several joints. When too many actuators are inactive, the system is not 
always able to reach the target, sometimes even if it’s always theoretically possible. These 
experiments have shown that the presented architecture is mainly intended for redundant 
robots. An observed conclusion is that the more the system is redundant, the more it can 
extract from local minima, mainly due to the fact that minima are not concerning the whole 
population. When an agent is attracted to a minima, the others, when moving, drag him 
from it, in the same way that a failure on an agent is compensated by the other agents. 
Computation time: measurement of the computation time is now addressed. Note that the 
measurement has been made under Matalb, so we may expect better results with a 
compilated software. The computation for the whole robot requires 0.68ms per cycle. Half of 
this time is needed to compute the kinematic model, and about 44% for the computation of 
the derivative, 3% for the computation of the distances and 3% is needed to apply the 
command on the actuators. On a real distributed architecture, these delays may be divided 
by the number of agents.  
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Figure 14. Example of trajectory followed by the hand of the robot (left), and simulation of 
obstacle avoidance (right).  

Trajectory: improvements have been performed on the agent’s behavior in order to perform 
trajectory following. The final goal of these improvements is to perform obstacle avoidance 
with external obstacles. The designed architecture is not described here, but the experiment 
has shown that following a trajectory with the end effector is possible as illustrated on figure 
14. Controlling the speed of the end effectors is also possible, but the speed controller is 
currently centralized and the advantages of the distributed system are lost. 
The results have been partially confirmed by the implementation of the algorithm on the 
OpenHRP platform where the dynamic model of the robot is fully implemented.  
Unfortunately, as the internal collision detection is not yet operational, an implementation 
on the real robot is currently too risky.  
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5. Conclusion and future works 
This chapter deals with the combination between multi-agent systems and evolutionary 
computation. The first section describes an experiment of the evolutionary learning of an 
autonomous obstacle avoidance behavior. This first experiment proves the possibility of 
distributing a genetic algorithm into a real robot population. In the proposed architecture, 
new crossovers and mutation techniques have been proposed allowing the distribution of 
the algorithm.  
The second part of the chapter deals with the decomposition of a unique robot into a multi-
agent system. In the distributed proposed architecture, the behavior of the robot is 
dependant from a set of coefficients influencing the motion of each agent. These coefficients 
are evolutionary optimized. Several fitness functions have been experimented: time, 
distance and energy. Simulation results show that minimizing the energy is the best 
strategy, the system may be fault tolerant and the computation of the algorithm is very fast.  
Future works will be oriented on a survey on the behavior of the robot around singular 
configurations and the implementation of a collision avoidance module, preventing the 
robot from hurting himself. So as to keep the advantages of the presented architecture, a 
nice strategy would be to distribute the obstacle avoidance module. This implementation 
looks like being really challenging, because it will highly increase the communication 
between the agents. Once the collision avoidance is functional, the implementation on a real 
robot will be planned.  
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Figure 14. Example of trajectory followed by the hand of the robot (left), and simulation of 
obstacle avoidance (right).  
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1. Introduction  
Many legged robots have been developed, and some of them have already achieved 
dynamically stable bipedal and quadruped locomotion. Common characteristics of these 
conventional legged robots are that their motions are precisely manipulated by their control 
(i.e., gait and balance). In the case of ASIMO (Hirose et al., 2001) and HRP2 (Kaneko et al., 
2004), their dynamically stable bipedal locomotion is based primarily on the Zero Moment 
Point (ZMP) concept, which was originally developed by Vukobratovic (Vukobratovic, 
1969): the ZMP is a fictitious point on the ground plane, where the torques around the 
(horizontal) x and y axes (generated by ground reaction forces, inertial forces, and torques) 
are equal to zero. These robots dynamically stabilize their balance by manipulating the ZMP 
to remain within the support polygon area defined by their square feet, and their gait 
control is applied on top of the balance control. As a result, these conventional legged robots 
require rapid information processing and high-power drives to achieve locomotion. 
Therefore, they are characterized as having more complex control systems and larger energy 
consumption than those of biological locomotion. 
On the other hand, these design requirements (i.e., fast information processing and high-
power drives) are regarded as disadvantageous in biologically inspired robotics. In the field, 
the specific behaviors and/or structures of biological organisms are imitated (Vogel, 1998) 
(Alexander, 2002) with robotic technology. As a result, the robot systems have simple design 
requirements compared to conventional robot systems, and achieve complex tasks. Thus, 
the design effort tends to focus on control complexity and energy requirements. A 
representative instance is the Passive Dynamic Walker (PDW), which was originally 
developed by McGeer (McGeer, 1990). The PDW has no controller (i.e., no sensor and no 
motor), and the structure is based on the physical characteristics of human walking:  passive 
hip joints, latch knee joints, and curved feet. The PDW walks down a slope, and its structure 
exploits gravity as the driving force. This design principle has been applied to the Cornell 
Biped (Collins & Ruina, 2005) and Denise at TU Delft (Wisse, 2003), and the powered 
passive dynamic walkers achieved passive dynamic walking on a flat plane. 
In a summary of these two approaches, conventional robots require expensive design 
components to achieve dynamically stable locomotion. On the other hand, biologically 
inspired robots require physical characteristics that exploit their own dynamics to achieve 
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dynamically stable locomotion. After all, biologically inspired robots implicitly realize higher 
adaptability to specific tasks and environments (i.e., more distance traveled, less control 
complexity, and smaller energy consumption on a flat plane) than conventional robots. It is 
obvious, then, that physical characteristics greatly contribute to high adaptability. 
In the field of embodied cognitive science, such physical characteristics are regarded as 
�gembodiment�h (Gibson, 1979). Embodiment is defined as special features in a body that 
result in high adaptability to tasks and environments. There is increasing evidence that 
embodiment enhances energy efficiency and reduces the complexity of control architecture in 
robot design (Brooks, 1999) (Pfeifer & Scheier, 1999). However, embodiment has only been 
demonstrated with heuristically developed robots, and the design process has not been 
revealed. One current agreement in embodied artificial intelligence hypothesizes that 
embodiment can emerge in robot design with the following biologically inspired reproductive 
process: (1) morphologies and controllers of robots are built in the physical world; (2) robots 
need to interact with physical environments to achieve a specific task; (3) robot settings are 
evaluated according to their task achievements, and the better ones are reproduced; (4) steps 
(2) to (3) are repeated (i.e., physical characteristics resulting in better task achievement tend to 
remain in the process); (5) specific features are hypothesized to form in the body 
(embodiment). At this point, such a reproduction process has already been implemented in 
evolutionary robotics, and the evolutionary reproduction process demonstrated a variety of 
locomotive robots (e.g., mainly crawlers) in the three-dimensional virtual world (Sims, 1994). 
However, this process has just shown the qualitative characteristics of embodiment, and no 
physical and numerical evidence of embodiment has been presented. 
Therefore, in this paper, the focus is primarily on the physical and numerical illustration of the 
embodiment of legged locomotion. For this method, an evolutionary design system is 
implemented to generate various physical characteristics. The physical characteristics that 
reduce control complexity and energy consumption ? embodiment - are then quantitatively 
investigated. Further objectives are to present a physical representation of the embodiment of 
legged locomotion and to demonstrate the use of robots on such a basis. 

2. Evolutionary Design of Legged Robots 
An evolutionary design system is proposed for emergence of embodiment on legged 
locomotion. The evolutionary design system consists of two parts. The first part is coupled 
evolution part, in which a genetic algorithm searches both morphology and controller space 
to achieve legged locomotion using a virtual robot in a three dimensional physics 
simulation. The second part involves evaluation of the evolved robots due to specifying 
their adaptability to tasks. All of the experimental parameters such as the simulation 
environment, the morphology and controller parameters, and the genetic algorithm are 
described in this section. 

2.1 Three Dimensional Physics World 
The design system is implemented using Open Dynamics Engine (ODE) (Smith, 2000), 
which is an open-source physics engine library for the three dimensional simulation of rigid 
body dynamics. The ODE is commonly used by program developers to simulate the 
dynamics of vehicles and robots because it is easier and more robust for implementing 
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joints, contact with friction and built-in collision detection than solving physical equations 
using the Euler method.  
The environment configuration of the design system is given as sampling time 0.01 [sec], 
gravity 9.8 [m/s2] as gravity, friction 1.0, ground spring coefficient 5000N/m, ground 
damper coefficient 3000Ns/m. 

2.2 Genetic Algorithm 
The coupled evolution part is based on the general GA process, which starts with random 
genes and conducts 100 to 300 generations using a population size of 100 to 200 for each run. 
After all generations, the evolutionary process is terminated, and the next evolutionary 
process starts with new random genes. Such an evolutionary process is called seed. Table 1 
lists setting values for the GA. 

Parameter Setting Value Parameter Setting Value 

Seed 30 to 100 Number of Gene Locus 50 to 100 

Generation 150 to 300 Crossover 5 to 10 % 

Population 100 to 200 Mutation 5 to 10 % 

Table 1. Setting Values in the GA 

(i) Selection / Elimination Strategy 
The design system uses an elite strategy that preserves constant numbers of higher fitness in 
the selection/elimination process due to its local convergence. At each generation, each gene 
acquires a fitness value. At the end of each generation, the genes are sorted from highest to 
lowest fitness value. The genes in the top half of the fitness order are preserved, while the 
others are deleted. The preserved genes are duplicated, and the copies are placed in the slots 
of the deleted genes. The copied genes are crossed at 5-10% and mutated at 5-10%. 

(ii) Terminational Condition 
The evolutionary process has two major terminational conditions for emerging legged 
locomotion: (1) An individual is terminated if the height of the center of gravity drops 90% 
below the initial height, and the individual acquires -1.0 [m] as its fitness; (2) If the position 
of the foot does not move more than 0.005 [m], the individual is terminated and acquires -1.0 
[m] as its fitness. The former is a necessary condition to prevent falling or crawling 
solutions. The latter is a necessary condition to achieve cyclic movement (preventing still 
movement).  

(iii) Fitness 
Fitness in the evolutionary process is defined as the distance traveled forward for a constant 
period, which should be sufficient to achieve cyclic movement and short enough to 
economize the computational power. Normally the period is 6 to 10 [sec]. 
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2.3 Gene Structure 
A fixed-length gene is applied to the gene structure in the design system. It is because each 
gene locus in a fixed-length gene easily inherits specific design parameters during the 
evolutionary process. Besides, it is easy to save, edit, or analyze those design parameters.  
In the gene structure, morphological and control parameters are treated equally (Fig.1) for 
the evolutionary process so that each locus contains a value ranging from -1.00 to +1.00 at an 
interval of 0.01. Figure 4-7 shows locus IDs corresponding to the following design 
parameters: L, W, H, M0, M1, M2, M3, M4, k, c, amp, and cycle, and these parameters are 
used with conversion equations. 

 
Figure 1. Concept figure of gene structure 

2.4 Morphological Parameters 
Morphology of a legged robot in the design system consists of five kinds of design 
components in Fig.2 and Table 2: joint type (compliant / actuated), joint axis vector, link 
size, link angle, and link mass. These physical components are viewed as basic components 
of a biological system (Vogel, 1999) and, therefore, it is hypothesized that the components 
satisfy presenting artificial legged locomotion. 

 Link 1 Link 2 
Length [m]  0.1 0.1 
Width [m]  0.1 0.1 Size 
Height [m]  0.1 to 0.5 0.1 to 0.5 

Absolute Angle at Pitch (y) Axis [rad] -π / 3 to π / 3 -π / 3 to π / 3 
Mass [kg] 

 (Total Mass X [kg])  X * 10-90% X * 10-90% 

Table 2. Basic link configuration 

 
Figure 2. A basic representation of a physical structure 
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2.5 Control Parameters 
It is hypothesized that a simple controller inevitably leads to the formation of special body 
features for stable legged locomotion in evolutionary processes. Simple rhythmic oscillators 
are applied in the design system due to identifying special features in a legged robot’s body. 
Fig. 3 shows a basic representation of the joint structure. Contra-lateral set of joints are either 
rhythmic oscillators or compliance, which are determined in the evolutionary process. The 
characteristics of the oscillators are mainly determined by two types of parameters: amplitude 
and frequency (Table 3). In addition, all oscillators have the same wavelength, and contra-
lateral oscillators are in anti-phase based on the physiological knowledge of gait control.  

 Joint 1 Joint 2 
Elasticity [N/m] 10-2 to 10+4 10-2 to 10+4 Compliance Viscosity [Ns/m] 10-2 to 10+4 10-2 to 10+4 
Amplitude [rad] 0 to π/2 0 to π / 2 Type 

Angle Control 
Cycle [sec] 0.5 to 1.5 

X -1.0 to +1.0 -1.0 to +1.0 
Y -1.0 to +1.0 -1.0 to +1.0 Axis Vector 
Z -1.0 to +1.0 -1.0 to +1.0 

Table 3. Basic joint configuration 

 
Figure 3. A basic representation of a control architecture 

2.6 Evaluation Methods: Energy Consumption and Energy Efficiency 
The design system targets legged robots, which achieve stable locomotion with less control 
complexity and smaller energy consumption than conventional legged robots. Therefore, 
energy consumption and energy efficiency are applied as the evaluation methods to qualify 
the evolved legged robots. The calculational procedure is described as follows. 
In physics, mechanical work [Nm] represents the amount of energy transferred by a force, and 
it is calculated by multiplying the force by the distance or by multiplying the power [W] by the 
time [sec]. In the case of a motor, time and rotational distance are related with its angular 
speed, and the torque, which causes angular speed to increase, is regarded as mechanical 
work. Thus, power in rotational actuation is calculated with the following equation 1: 

 Power [W]= torque [Nm] * 2 π *angular velocity [rad/s]  (1) 

Therefore, energy consumption for a walking cycle is represented with equation 2. Energy 
efficiency is computed as energy consumption per meter (equation 3). In this equation, total 
mass is ignored because it is set as a common characteristic.  
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components in Fig.2 and Table 2: joint type (compliant / actuated), joint axis vector, link 
size, link angle, and link mass. These physical components are viewed as basic components 
of a biological system (Vogel, 1999) and, therefore, it is hypothesized that the components 
satisfy presenting artificial legged locomotion. 

 Link 1 Link 2 
Length [m]  0.1 0.1 
Width [m]  0.1 0.1 Size 
Height [m]  0.1 to 0.5 0.1 to 0.5 

Absolute Angle at Pitch (y) Axis [rad] -π / 3 to π / 3 -π / 3 to π / 3 
Mass [kg] 

 (Total Mass X [kg])  X * 10-90% X * 10-90% 

Table 2. Basic link configuration 

 
Figure 2. A basic representation of a physical structure 
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2.5 Control Parameters 
It is hypothesized that a simple controller inevitably leads to the formation of special body 
features for stable legged locomotion in evolutionary processes. Simple rhythmic oscillators 
are applied in the design system due to identifying special features in a legged robot’s body. 
Fig. 3 shows a basic representation of the joint structure. Contra-lateral set of joints are either 
rhythmic oscillators or compliance, which are determined in the evolutionary process. The 
characteristics of the oscillators are mainly determined by two types of parameters: amplitude 
and frequency (Table 3). In addition, all oscillators have the same wavelength, and contra-
lateral oscillators are in anti-phase based on the physiological knowledge of gait control.  

 Joint 1 Joint 2 
Elasticity [N/m] 10-2 to 10+4 10-2 to 10+4 Compliance Viscosity [Ns/m] 10-2 to 10+4 10-2 to 10+4 
Amplitude [rad] 0 to π/2 0 to π / 2 Type 

Angle Control 
Cycle [sec] 0.5 to 1.5 

X -1.0 to +1.0 -1.0 to +1.0 
Y -1.0 to +1.0 -1.0 to +1.0 Axis Vector 
Z -1.0 to +1.0 -1.0 to +1.0 

Table 3. Basic joint configuration 

 
Figure 3. A basic representation of a control architecture 

2.6 Evaluation Methods: Energy Consumption and Energy Efficiency 
The design system targets legged robots, which achieve stable locomotion with less control 
complexity and smaller energy consumption than conventional legged robots. Therefore, 
energy consumption and energy efficiency are applied as the evaluation methods to qualify 
the evolved legged robots. The calculational procedure is described as follows. 
In physics, mechanical work [Nm] represents the amount of energy transferred by a force, and 
it is calculated by multiplying the force by the distance or by multiplying the power [W] by the 
time [sec]. In the case of a motor, time and rotational distance are related with its angular 
speed, and the torque, which causes angular speed to increase, is regarded as mechanical 
work. Thus, power in rotational actuation is calculated with the following equation 1: 

 Power [W]= torque [Nm] * 2 π *angular velocity [rad/s]  (1) 

Therefore, energy consumption for a walking cycle is represented with equation 2. Energy 
efficiency is computed as energy consumption per meter (equation 3). In this equation, total 
mass is ignored because it is set as a common characteristic.  
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3. First Experiment 
The evolutionary design of biped robots is conducted to verify emergence of embodiment. 
In particular, focus on the relations between the physical configurations and the walking 
characteristics of the acquired biped robots, it is attempted to numerically reveal 
embodiment of the legged robots. 

3.1 Morphological and Control Configuration for Biped Robots 
Biped robots are constructed using nine rigid links: an upper torso, a lower torso, a hip, two 
upper legs, two lower legs, and two feet. These body parts are respectively connected at torso, 
upper hip, lower hip, knee, and ankle joints, and the robots have eight degrees of freedom.  

 Torso Hip Knee Ankle 
Elasticity  Coeff.

[N/m] 10-2 to 10+4 10-2 to 10+4 10-2 to 10+4 10-2 to 10+4 
Compliance Viscosity Coeff. 

[Ns/m] 10-2 to 10+4 10-2 to 10+4 10-2 to 10+4 10-2 to 10+4 

Amplitude [rad] 0 to π/2 0 to π/2 0 to π/2 0 to π/2 

Type 

Actuation 
(Angle control) Cycle [sec] 0.5 to 1.5 0.5 to 1.5 0.5 to 1.5 0.5 to 1.5 

X 1 -1.0 to +1.0 -1.0 to +1.0 -1.0 to +1.0 
Y 0 -1.0 to +1.0 -1.0 to +1.0 -1.0 to +1.0 Axis vector 
Z 0 -1.0 to +1.0 -1.0 to +1.0 -1.0 to +1.0 

Table 4. Characteristic of joints (searching parameters colored in blue) 

 Upper/ lower 
Torso Hip Thigh Shin Foot 

Length [m] (X axis) 0.1 - 0.1 0.1 0.1 to 0.5 
Width [m] (Y axis) 0.1 - 0.1 0.1 0.1 to 0.5 

Height [m] (Z axis) 0.1 to 0.5 - 0.1 to 0.5 0.1 to 0.5 0.05 
Size 

Radium [m] - 0.05 - - - 
Absolute angle at pitch (y) axis 

[rad] -π/3 to π/3 - -π/3 to 
π/3 

-π/3 to 
π/3 

-π/3 to 
π/3 

Parallel displacement on y axis[m] - - - - 0 to 0.2 
Total Mass 20 [kg]  

(a+2b+2c+2d=100%) e a b c d 

Table 5. Characteristic of links (searching parameters colored in blue) 
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Table 4 and table 5 lists control paramters (i.e., amplitude and frequency) and 
morphological parameters (i.e., size, weight, absolute angle of each link and selection of 
whether it is oscillatory or compliant, as well as its elasticity coefficient and viscosity 
coefficient if the joint is compliance or amplitude and frequency if the joint is a oscillator, 
and axis vector of each joint). In addition to this setting, joint settings are constrained to be 
contra-laterally symmetric around the xz plane as descriebd in Section 2.5. 

3.2 Results 
The evolutionry design system performed thirty independent runs. At each time, the genetic 
algorithm started with a new random set of genomes (i.e., seed). Fig.4 shows fitness transitions 
of thrty seeds. We focus on the best genome from the nine most successful runs – the biped 
robots that locomote forward more than seven meters for ten seconds (Fig.5). Then, we 
analyzed the relationship between the morphologies and locomotion strategies of these robots. 

 
Figure 4. Transition of Best fitness (30seeds, 200generation, 200population) 

 
Figure 5. Walking scene of best fitness 

Table 6 lists the perfomance of the best nine biped robtos: the second column reports their 
distance traveled forward for 10 [sec]; the third column, their walking cycle; the fourth 
column, their angular velocity of oscillators; the fifith column, their energy efficiency; the six 
column, their numbers of contral-lateral set of actuted joints (i.e., four types - torso hip, 
knee, ankle joints). The biped robots indicating high energy efficiency tend to have less 
numbers of actuated joints in their system. It suggest that embodiment, which reduces 
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3. First Experiment 
The evolutionary design of biped robots is conducted to verify emergence of embodiment. 
In particular, focus on the relations between the physical configurations and the walking 
characteristics of the acquired biped robots, it is attempted to numerically reveal 
embodiment of the legged robots. 

3.1 Morphological and Control Configuration for Biped Robots 
Biped robots are constructed using nine rigid links: an upper torso, a lower torso, a hip, two 
upper legs, two lower legs, and two feet. These body parts are respectively connected at torso, 
upper hip, lower hip, knee, and ankle joints, and the robots have eight degrees of freedom.  
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Z 0 -1.0 to +1.0 -1.0 to +1.0 -1.0 to +1.0 
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Table 4 and table 5 lists control paramters (i.e., amplitude and frequency) and 
morphological parameters (i.e., size, weight, absolute angle of each link and selection of 
whether it is oscillatory or compliant, as well as its elasticity coefficient and viscosity 
coefficient if the joint is compliance or amplitude and frequency if the joint is a oscillator, 
and axis vector of each joint). In addition to this setting, joint settings are constrained to be 
contra-laterally symmetric around the xz plane as descriebd in Section 2.5. 

3.2 Results 
The evolutionry design system performed thirty independent runs. At each time, the genetic 
algorithm started with a new random set of genomes (i.e., seed). Fig.4 shows fitness transitions 
of thrty seeds. We focus on the best genome from the nine most successful runs – the biped 
robots that locomote forward more than seven meters for ten seconds (Fig.5). Then, we 
analyzed the relationship between the morphologies and locomotion strategies of these robots. 

 
Figure 4. Transition of Best fitness (30seeds, 200generation, 200population) 

 
Figure 5. Walking scene of best fitness 

Table 6 lists the perfomance of the best nine biped robtos: the second column reports their 
distance traveled forward for 10 [sec]; the third column, their walking cycle; the fourth 
column, their angular velocity of oscillators; the fifith column, their energy efficiency; the six 
column, their numbers of contral-lateral set of actuted joints (i.e., four types - torso hip, 
knee, ankle joints). The biped robots indicating high energy efficiency tend to have less 
numbers of actuated joints in their system. It suggest that embodiment, which reduces 
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control complexity and energy consumption, is emerged in the system of the legged robots. 
Then, further analysis indicates taht hip joints tend to become actuated joints, and knee 
joints tend to be compliant joints. Especially, focus on the characterisits of the compliant 
joints, they are categorized into three conditions: free joint, suspension joint, and fixed joint 
corresponding to the degree of elasticiy and viscocity. 

Seed Distance
[m] 

Cycle 
[s] 

Angular Velocity 
[rad/s] 

Energy Efficiency 
[J/m] 

Number of  
Actuated DOFs 

09 13.0 1.02 0.50 6.0 2 
11 7.3 1.05 0.32 7.0 1 
02 7.7 1.17 0.38 7.7 2 
00 10.6 1.05 0.55 8.2 3 
14 7.0 1.01 0.45 10.0 2 
22 11.9 1.06 0.99 13.1 3 
08 9.2 1.04 0.81 13.8 3 
21 7.1 1.08 0.69 15.2 3 
17 7.2 1.04 0.88 19.1 3 

Table 6. Performance of best 9 biped robots in ordre of energy efficiency (Energy efficiency 
is calicuralated with average torque 25.[Nm], and lower values indicate better performance) 

 Upper hip joint Lower hip joint Knee joint Ankle joint 
Number 4 1 7 2 

Table 7. Number of compliant joints among best 9 biped robots 

 Condition Number of Types 
Free Joint 0<=Ce<10 0<=Cv<10 3 

Suspension Joint 10<Ce<=100 0<=Cv<10 5 
Ce>100 - Fixed Joint 

- Cv>=10 
6 

Table 8. Characteristics of compliant joints among best 9 biped robots (Ce: elasticity 
coefficient [N/m], Cv: viscosity coefficient [Ns/m]) 

3.3 Active control walker vs Compliant walker 
In the previous section, it is confirmed that compliant joints have three conditions,  
however, it is not revealed that how the conditons contribute to the stable locomotion of the 
best nine legged robots. So, an additional experiment is conducted to verify roles of the 
compliant joints. The addtional experiment proceeds as follows: (1) the evolutionary design 
system of biped robots conductes again under the condtion, which compliance is not 
involved as design parameters; (2) the best biped robots in the design system – namely, 
active controlled walkers - are compare analyzed with the best biped robots in the previous 
design system – namely, compliant walkrs. (The actively controlled walker indicates a biped 
robot without any compliant joint.) 
As resutls of the additional experiment, Fig. 6 show joint angle trajectories of the compliant 
walker and the actively controlled walker, and Fig.7 shows resutls of frequency analysis on 
the transtions. Here, the compliant walker has remarkable characteristics on hip and knee 
joint (as desribed in previous section) so taht only those transitions are focused.  
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Among the varied behavior of the joints, it is observed that the knee oscillation in the 
compliant walker is induced by oscillators at other joints (self-regulation (Iida & Pfeifer, 
2004)). Moreover, amplitude at 2 [Hz] in Fig.7(a) indicates gruond impact absorption (self-
stabilization) with compliance. That is, the appropriate state of compliant joints realizes 
these functions passively and dynamically during locomotion. Therefore, the robots which 
obtain these characteristics can be called pseudo-passive dynamic walkers. Moreover, these 
two functions serve as examples of the computational trade-off possible between 
morphology and controller, because compliant joints can be moved by energy input 
channels other than controlled motors and filter noise without computational power. 

 
(a) Compliant walker   (b) Actively controlled walker 

Figure 6. Joint angle trajectories of hip and knee joints 

 
(a) Compliant walker  (b) Actively controlled walker 

Figure 7. Frequency analysis (i.e., discrete Fourier transform) of joint angle trajectories of hip 
and knee joints 

4. Second Experiment 
The second evolutionary design is conducted for clarifying the embodiment: compliance. 
Basically, the setting parameters in Section 3.1 are applied to the evolutionary design and, for 
the purpose of narrowing its solution space to specify physical structures exploiting 
compliance, the condition, that restricts the numbers of actuated joints, is added to the system. 
Table 9 indicates joint configurations for the second evolutionary design, and a scheme for 
joint-type selection is as follows: one of four types of joint structures (i.e., either set of torso, 
hip, knee, and ankle becomes an actuated joint and other sets of the joints are compliant) is 
selected for a walker. The evolutionary design is conducted using 100 different random seeds, 
is run for 100 generations, and the population is comprised of 100 individuals. 
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Among the varied behavior of the joints, it is observed that the knee oscillation in the 
compliant walker is induced by oscillators at other joints (self-regulation (Iida & Pfeifer, 
2004)). Moreover, amplitude at 2 [Hz] in Fig.7(a) indicates gruond impact absorption (self-
stabilization) with compliance. That is, the appropriate state of compliant joints realizes 
these functions passively and dynamically during locomotion. Therefore, the robots which 
obtain these characteristics can be called pseudo-passive dynamic walkers. Moreover, these 
two functions serve as examples of the computational trade-off possible between 
morphology and controller, because compliant joints can be moved by energy input 
channels other than controlled motors and filter noise without computational power. 
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Figure 7. Frequency analysis (i.e., discrete Fourier transform) of joint angle trajectories of hip 
and knee joints 

4. Second Experiment 
The second evolutionary design is conducted for clarifying the embodiment: compliance. 
Basically, the setting parameters in Section 3.1 are applied to the evolutionary design and, for 
the purpose of narrowing its solution space to specify physical structures exploiting 
compliance, the condition, that restricts the numbers of actuated joints, is added to the system. 
Table 9 indicates joint configurations for the second evolutionary design, and a scheme for 
joint-type selection is as follows: one of four types of joint structures (i.e., either set of torso, 
hip, knee, and ankle becomes an actuated joint and other sets of the joints are compliant) is 
selected for a walker. The evolutionary design is conducted using 100 different random seeds, 
is run for 100 generations, and the population is comprised of 100 individuals. 
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 Torso Hip Knee Ankle 
Elasticity Coeff.

 [N/m] 10-2 to 10+4 10-2 to 10+4 10-2 to 10+4 10-2 to 10+4 
Compliance 

Viscosity Coeff.
[Ns/m] 10-2 to 10+4 10-2 to 10+4 10-2 to 10+4 10-2 to 10+4 

Amplitude [rad] 0 to π/2 0 to π/2 0 to π/2 0 to π/2 Actuation 
(Angle control) Cycle [sec] 0.5 to 1.5 0.5 to 1.5 0.5 to 1.5 0.5 to 1.5 

0 Act. Comp. Comp. Comp. 
1 Comp. Act. Comp. Comp. 
2 Comp. Comp. Act. Comp. 

Type 

Selection of 
Joint Type 0 to 3 

3 Comp. Comp. Comp. Act. 

Table 9. Joint Configuration (searching parameters colored in blue) 

4.1 Results: Walking Characteristics 
The evolutionary design generated six notable walks. In this section, their walking 
characteristics are described according to their joint structures. 

(i) Hip actuated walkers 
Hip actuated walkers are defined as walkers in which actuation is located at the hip, and the 
other joints are compliant. This pattern arose often (i.e., 55 out of 100 seeds) in the evolution 
process. The gaits can be characterized into three notable types: statically stable, 
dynamically unstable, and dynamically stable walks. 

 
(a) Statically Stable Walk 

 
(b) Dynamically Unstable Walk 

 
(c) Dynamically Stable Walk 

Figure 8. Representative hip actuated walkers 
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The statically stable walk is achieved most often among the hip actuated walkers (Fig.8a): 
they increase their mechanical stability and keep a narrow amplitude range in their 
oscillation so that their COG-Xs remain within their supporting polygon while walking. 
Fig.8 (b) shows a dynamically unstable walk. It walks with a tottering gait because the edges 
of its feet randomly contact the ground. So, its performance is unstable even on the flat 
plane. Meanwhile, Fig.8(c) shows a dynamically stable walk. The main feature is the axis 
vector of its hip joint: the oscillations at the hip axis synchronously move not only the legs in 
the sagittal plane but also the torso in the lateral plane. It is revealed that hip actuation 
enhances its stability with this physical feature. 
Overall, the hip actuated walkers tend to exploit compliance only a little, and achieve their 
walks mainly by their actuation. 

(ii) Knee actuated walker 
Knee actuated walkers are defined as walkers in which actuation is located at the knee and 
all other joints are compliant, yet the genetic algorithm rarely generated (i.e., 3 out of 100 
seeds) such walkers during evolution. The walkers commonly present a unique solution. 
Fig.9 shows the scene that the walker rotates the knee at the Z axis, and does not fall over for 
6 seconds. That is, the walker finds a solution to elude the two termination criteria (i.e., (1) 
the height of the center of gravity drops 90% below the initial height; (2) the position of the 
foot does not move more than 0.005 [m] ), and therefore remained. 
 

 
Figure 9. Representative knee actuated walker 

(iii) Ankle actuated walker 
Ankle actuated walkers are defined as walkers in which actuation is located at the ankle and 
all other joints are compliant, and also hardly generated solutions (i.e., 12 out of 100 seeds) 
during evolution. Its walk exploits compliance: the ankle is actuated and, then, the 
compliance in the walker synchronously moves the hip, knee, and torso joints by the 
actuation. Fig.10 shows the walking scene. It is observed that the physical structure of the 
walker is regarded as a laterally oscillating spring while walking. Thus, it indicates that 
compliance contributes to its stable walk. 
 

 
Figure 10. Representative ankle actuated walker 
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Figure 8. Representative hip actuated walkers 
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The statically stable walk is achieved most often among the hip actuated walkers (Fig.8a): 
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oscillation so that their COG-Xs remain within their supporting polygon while walking. 
Fig.8 (b) shows a dynamically unstable walk. It walks with a tottering gait because the edges 
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enhances its stability with this physical feature. 
Overall, the hip actuated walkers tend to exploit compliance only a little, and achieve their 
walks mainly by their actuation. 

(ii) Knee actuated walker 
Knee actuated walkers are defined as walkers in which actuation is located at the knee and 
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Ankle actuated walkers are defined as walkers in which actuation is located at the ankle and 
all other joints are compliant, and also hardly generated solutions (i.e., 12 out of 100 seeds) 
during evolution. Its walk exploits compliance: the ankle is actuated and, then, the 
compliance in the walker synchronously moves the hip, knee, and torso joints by the 
actuation. Fig.10 shows the walking scene. It is observed that the physical structure of the 
walker is regarded as a laterally oscillating spring while walking. Thus, it indicates that 
compliance contributes to its stable walk. 
 

 
Figure 10. Representative ankle actuated walker 
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(iv) Torso actuated walkers 
Torso actuated walkers are defined as walkers in which actuation is located at the torso and 
all other joints are compliant, and produced the second most common solutions (i.e., 29 out 
of 100 seeds) during evolution. Fig.11 shows the representative walking scene. The walker 
transfers a torso oscillation (actuation) in the lateral plane to hip oscillations (compliance) in 
the sagittal plane by exploiting its joint structure and material properties, and achieves 
stable walking. 

 
Figure 11. Representative torso actuated walker 

4.2 Physical Representation of Embodiment 
For illustrating the relations between physical structures, distances traveled, and energy 
consumption, the best fitness from 100 independent evolutionary runs are plotted on a two-
dimensional graph (Fig.12: energy consumption on the vertical axis, distance traveled on the 
horizontal axis, and markers representing joint structures). It is characterized that each type of 
walkers is distributed around a certain area on the graph: the hip actuated walkers around the 
center; the knee actuated walkers around zero; the ankle actuated walkers around the left 
bottom; the torso actuated walkers around the bottom. Table 10 lists the best performance (i.e., 
their distances traveled, energy consumption, and energy efficiencies) in each type. 
In terms of the rate of solutions generated, the evolutionary design generated the most hip 
actuated walkers. Meanwhile, the torso and ankle actuated walkers achieved higher energy 
efficiencies (energy consumption divided by distance traveled) so the rate does not relate to 
the emergence of embodiment. 

 
Figure 12. A physical representation of embodiment. It illustrates the relations between, 
joint structure, energy consumption, and distance travelled. Circles indicate distribution of 
four types of walkers, and arrows indicate the tendency of specific physical characteristics 
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For physical features, high fitness (i.e., distance traveled) of each walker tends to have 
specific physical features: (1) the ankle actuated walkers have high compliance at hip for the 
sagittal rotation, knee and torso for the lateral rotation; (2) the hip actuated walkers have 
low compliance at knee, ankle, and torso (i.e., only the hip is joints with mobility); (3) the 
torso actuated walkers have high compliance at hip for the sagittal rotation, low compliance 
at knee and ankle (i.e., the thigh and shin are regarded as one link). In particular, the 
walkers with high energy efficiency tend to characterize the specific physical features. Thus, 
Fig.12 indicates the joint structures and material properties (i.e., special physical features) 
and distance traveled and energy consumption energy efficiency (i.e., evaluation of 
embodiment). Then, the walkers with the special physical features have high evaluation on 
distance traveled and energy efficiency. That is, Fig.12 indicates a physical representation of 
the embodiment specifying pseudo passive dynamic walkers (the right bottom in the figure 
is best solutions). 

Actuated Joint Hip Knee Ankle Torso 

Number of Best fitness (Total 100 seeds) 56 3 12 29 

Max Distance Traveled [m] (For 6 seconds) 3.04 0.48 (fall) 1.62 3.42 

Energy Consumption [kJ] (For 6 seconds) 120. - 25. 45. 

Energy Efficiency [kJ/m] 39.4 - 15.4 13.1 

Table 10. Best Performance of Four Types of Walkers 

5. Development of Novel Pseudo Passive Dynamic Walkers 
In this section, the physical representation of the embodiment (Fig.12) is utilized for 
development of pseudo passive dynamic walkers (PPDW): specific physical features are 
extracted from the representation, and simplified for developing novel pseudo passive 
dynamic walkers. 

5.1 Novel Pseudo Passive Dynamic Walkers 
The best embodiment in the representation (Fig.12) illustrates a structure, which is high 
compliance at the hip, low compliance at the knee and ankle, and actuation at the torso, and 
which achieves stable locomotion by transferring actuation power from lateral oscillation at 
the actuated torso to sagittal oscillations at the compliant hip. Then, such biped robots are 
simplified, and a novel biped PPDW is design as shown in Fig.13 (a). Fig.13 (b) shows 
walking mechanism of the Biped PPDW: it exploits its own physical features (i.e., actuation, 
gravitational, and inertial forces) for taking steps. 
Moreover, an evolutionary design of quadruped robots is also conducted as the one of biped 
robots.  Then, the design system also acquire embodiment for quadruped robots as shown in 
Fig. 13 (right). It basically represents the same design principle as the biped PPDW because 
the torso actuation transfers to the hip and shoulder joints to move. The conceptual walking 
mechanism is shown in Fig.13 (c). 
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(a) DOFs  (b) Walk mechanism of Biped-PPDW 

 
(c) walk mechanism of Quaduped-PPDW 

Figure 13. Biped and quadruped pseudo passive dynamic walkers (PPDW) 

5.2 Demonstration in Real and Virtual World  
The biped and quadruped PPDWs are developed for vertification of their embodiments in 
both virtual and real world. The ODE is used for the implementation of virtual PPDWs. A 
robotic development kit is applied for the development of real PPDWs. The robotic 
development kit characterizes using plastic bottles as frames of robot structure, RC 
servomotors as actuated joints, and hot glues for connecting them (Matsushtia et al, 2007). 
This unique approach has advantages of shorting machining and building time and 
enabling easy assembly and modification for begineers. It is not for developing precisely 
operated robots but the kit is durable enough to realize the desired behavior. 
As results, the biped and quadruped PPDWs were developed in both virtual and real world, 
all the PPDWs achieved desire stable locomotion (Fig.14 and Fig.15). Although the real 
quadruped PPDW achieved similar performance to the virtual one, the real biped PPDW 
performed less than the virtual one (i.e., slower). It seems that the biped PPDW requires more 
dynamical stability than the quadruped PPDW so that it is difficult to tune the parameters of 
the biped PPDW for better performance. However, it is significant that even the real PPDWs, 
which are developed with the rough developmental kits, performed desire locomotion. 
Therefore, the embodiment is highly adaptive to low-cost and stable locomotion on flat plane. 
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(a) Biped PPDW 

 
(b) Quadruped PPDW 

Figure 14. Walk scenes of the PPDWs in virtual world 

 
(a) Biped PPDW 

 
(b) Quadruped PPDW 

Figure 15. Walk scenes of the PPDWs in real world.  The robots are developed with a robotic 
development kit for creative education. <http://www.koj-m.sakura.ne.jp/edutainment/>  

6. Conclusion 
An objective of this paper is to illustrate a physical representation of the embodiment on 
legged locomotion. Embodiment is here defined as physical features that reduce control 
complexity and energy consumption of legged robots. In this method, the embodiment of 



Frontiers in Evolutionary Robotics 

 

324 

  
(a) DOFs  (b) Walk mechanism of Biped-PPDW 

 
(c) walk mechanism of Quaduped-PPDW 

Figure 13. Biped and quadruped pseudo passive dynamic walkers (PPDW) 

5.2 Demonstration in Real and Virtual World  
The biped and quadruped PPDWs are developed for vertification of their embodiments in 
both virtual and real world. The ODE is used for the implementation of virtual PPDWs. A 
robotic development kit is applied for the development of real PPDWs. The robotic 
development kit characterizes using plastic bottles as frames of robot structure, RC 
servomotors as actuated joints, and hot glues for connecting them (Matsushtia et al, 2007). 
This unique approach has advantages of shorting machining and building time and 
enabling easy assembly and modification for begineers. It is not for developing precisely 
operated robots but the kit is durable enough to realize the desired behavior. 
As results, the biped and quadruped PPDWs were developed in both virtual and real world, 
all the PPDWs achieved desire stable locomotion (Fig.14 and Fig.15). Although the real 
quadruped PPDW achieved similar performance to the virtual one, the real biped PPDW 
performed less than the virtual one (i.e., slower). It seems that the biped PPDW requires more 
dynamical stability than the quadruped PPDW so that it is difficult to tune the parameters of 
the biped PPDW for better performance. However, it is significant that even the real PPDWs, 
which are developed with the rough developmental kits, performed desire locomotion. 
Therefore, the embodiment is highly adaptive to low-cost and stable locomotion on flat plane. 

Embodiment of Legged Robots Emerged in Evolutionary Design:  
Pseudo Passive Dynamic Walkers 

 

325 

 
(a) Biped PPDW 

 
(b) Quadruped PPDW 

Figure 14. Walk scenes of the PPDWs in virtual world 

 
(a) Biped PPDW 

 
(b) Quadruped PPDW 

Figure 15. Walk scenes of the PPDWs in real world.  The robots are developed with a robotic 
development kit for creative education. <http://www.koj-m.sakura.ne.jp/edutainment/>  

6. Conclusion 
An objective of this paper is to illustrate a physical representation of the embodiment on 
legged locomotion. Embodiment is here defined as physical features that reduce control 
complexity and energy consumption of legged robots. In this method, the embodiment of 



Frontiers in Evolutionary Robotics 

 

326 

biped robots is explored by the coupled evolution of morphology and a controller. As a 
result, (1) the first evolutionary design verified the emergence of embodiment: two functions 
of compliance contributed to dynamically stable locomotion; (2) the second evolutionary 
design specified the physical features (i.e., compliance and structures) and the effects: the 
biped robots resulting in higher energy efficiency tended to have specific physical features 
(i.e., a physical representation of embodiment). Eventually, the representation led to the 
development of novel pseudo-passive dynamic walkers, and those robots demonstrated 
legged locomotion with one motor in both the virtual and real worlds.  
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1. Introduction 
The use of genetic algorithms in behavior based robotics is employed to adjust the 
parameters of the behavioral patterns that the robot executes. In order to model these 
patterns, Khepera robots can be used as one of many options. Therefore, in this paper we are 
proposing to expand the basic sensing capabilities of the robot by the development of a 
rapid ultrasonic detection turret for the Khepera II robot. The use of this turret favors the 
detection of different kinds of objects. Our purpose is to simulate the kind of behavior that a 
robot encounters in the navigation of human environments. For example, objects like short 
tables or desks standing on their legs above the floor. The standard Khepera II robot is 
equipped with eight infrared sensors, thus we designed an ultrasonic turret with three more 
sensors in order to grant the robot with detection capabilities for objects with short legs. 
Later on, we developed an obstacle avoidance behavior with the use of genetic algorithms. 
Therefore, in section 2 a brief background on genetic algorithms is provided.  In section 3, 
we discuss some topics related to ultrasonic sensing, and we introduce the integration of 
these sensors into the Khepera. Section 4 describes the employed parameters for the use of 
the genetic algorithm and the robot equipped with ultrasonic and infrared sensing 
capabilities. The description of some experiments for testing the setup of the robot is 
explained in Section 5. Then, in section 6 we explore the integration of the extended 
capabilities of the Khepera within a foraging task with Action Selection. Finally, we provide 
a general conclusion in section 7. 

2. Evolutionary Robotics and Genetics Algorithms 
In writing several examples of solutions have been provided for the development of robot 
behavior. Commonly, the implementation of a particular behavior is carried out once the 
experimental setup is established. For example, robots can be set in a semi-structured 
environment where they solve particular tasks. Take the work of Bajaj and Ang Jr. for 
instance (Bajaj & Ang, 2000), where the standard Khepera has to solve a maze by avoiding 
obstacles and following walls. In the mentioned work and similar works, the use of Genetic 
Algorithms (Holland, 1975) is preferred over existent evolutionary methods like: 
Evolutionary Strategies, Genetic and Evolutionary Programming and Co-evolution. The 
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development of a basic genetic algorithm is a solid approach for starting to work on 
evolutionary robotics. Therefore, in our paper we chose the use of this method for tuning an 
obstacle avoidance behavior. It is important to notice that the resultant behavior, which is 
shaped and nearly optimized by the use of the genetic algorithm, ultimately depends on the 
right choice of the fitness function. Next we provide a brief background on genetic 
algorithms to support the development of our work.  
The use of genetic algorithms and neural networks (Nolfi & Floreano, 2000) offers a good 
solution to the problem of modeling an obstacle-avoidance behavior in maze-like 
environments. Neural controllers require the setup of a chosen topology, and this can be 
done by the use of some rules of thumb. Once the topology is decided the weights of the 
neural controller have to be configured. A common approach relies on the use of 
backpropagation training that is a form of supervised learning where the neural net has to 
learn a known response to a particular configuration of the sensors in the robot. The general 
misclassification error is calculated and decreased over time when the neural network is 
trained. However, this kind of learning requires the design of training and validation data. 
On the other hand, the use of genetic algorithms is a form of gradient ascent approach that 
refines at each step of the optimization the quality of initial random solutions.   
The optimization of neural controllers with genetic algorithms requires the representation, 
as a vector, of the weights of the neural controller. Then, a common practice consists of a 
direct encoding of the neural weights as an array that represents the genetic material to be 
manipulated by artificial evolution. A single neural controller represents one of the many 
individuals that form a population, which in turn are candidates for providing a good 
solution to the task that is to be solved. On the other hand, the fittest individuals of one 
population are used to breed the children that will be evaluated in the next generation. 
Therefore, the quality of a solution (‘fitness’) is measured to acknowledge whether a 
candidate solution is or not a good solution to the behavior we are trying to model. If the 
fitness of all candidate solutions is plotted, we will end up with a convoluted space where 
all possible fitness solutions can be represented. Therefore, this fitness landscape is formed 
by mountains and valleys, where landmarks in the mountains represent good quality 
solutions and landmarks near valleys are poor solutions.  
The search of the best solution within a fitness landscape requires the guidance of the 
genetic algorithm to move uphill to find improved solutions. Nevertheless, a few downhill 
steps may be necessary in order to climb to the highest mountain. Therefore, exploration is 
guided by the use of a fitness formula that defines the behavior to be shaped, and three 
genetic operators are employed to create new solutions from existent ones. Thus, the current 
evaluated population spawns a new generation by the selection of a subset of the best 
individuals, the reproduction of the best individuals in pairs by the crossover of their genetic 
material, and the mutation of some of the material genetic of the individuals in the new 
population. The application of these operators to an initial random population of weights 
will produce refined solutions over time, and then the fitness evaluation will shape the final 
behavior through the breeding of the fittest individuals. However, few iterations are needed 
before this occurs. 

3. Ultrasonic Sensing and its Integration with the Khepera Robot 
The standard capabilities of the Khepera have already been extended in other works. 
However few are related to the use of ultrasonic sensors. Take for instance the work of 
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Chapman, et al. (Chapman, et al., 2000) where a wind-sensor is built for solving a maze. The 
work of Webb, et al. (Webb, et al., 2005) provided ears to a Khepera in order to simulate a 
female cricket. Furthermore, Odenbach, et al. (Odenbach, et al., 1999) fitted a wireless 
communication system on the Khepera to allow the identification of another Khepera in 
contrast to surrounding obstacles. Böndel, et al. (Böndel, et al., 1999) extends the Khepera to 
pick up small holed cubes. Another extension of the Khepera by Goerke, et al. (Goerke, et 
al., 1999) allows the robot to play golf. In contrast, the work of Winge (Winge, 2004) is the 
closest work to the one presented here. However, he makes use of the SRF04 sonar1 and a 
major inconvenience is the programming of the Khepera microcontroller to estimate the 
measured distance to the objects.  
In our work we are extending the sensing capabilities of the Khepera robot (Mondana, et al., 
1993) with the use of a rapid ultrasonic detection turret; thus, we introduce how these 
sensors work. They use a non-audible pulse of 40 KHz, which travels through the air. When 
an object is close to the transmitter-receptor of the ultrasonic sensor, sound waves bounce 
back from that object and this bounce-back of the sound is then detected by the ultrasonic 
sensor. An elegant solution for the measurement of distance using ultrasonic sensors 
consists on the calculation of the time-estimation of the bounce-backed sound to the 
receptor. In order to calculate distance, we assume that the speed of the sound in the air is 
already known, and can be calculated using the rule of three from the next formula  
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where: vs = 340[m/s] is the propagation speed of the acoustic waves in the air; and 
tpropagation[s] is the total propagation delay of the acoustic waves. 
However, by following an approach such as this requires the use of an analogue-digital 
converter to transform the resultant data into a digital format that can be processed by the 
Khepera's microcontroller. An alternative method calculates the distance from the measured 
intensity of the bounced-back sound into the receptor. As a result, we obtain an analogue 
signal that can be passed to the microcontroller of the Khepera. The latter method is less 
accurate, though is cheap and requires a reduced amount of electronic components. The 
measurement of the bounced-back sound is a rapid solution that makes a popular choice for 
prototype development. Thus, for the design of a rapid ultrasonic detection system we 
measure the intensity of the sound that bounces-back from objects in the near range. 
The General I/O (Gen I/O) extension turret of the Khepera is widely used to expand the 
standard capabilities of this robot. The Gen I/O for these purposes offers 8 digital inputs; 2 
analog inputs with adjustable gain; 1 analog differential input; 4 digital low power outputs; 
1 digital high-power output; and 1 motor control (full H Bridge). Therefore, we will fit three 
ultrasonic sensors on the top of a Khepera robot in order to grant the robot with the 
capability of detecting farther short-legged objects than the infrared sensors can detect. The 
use of the Gen I/O permits the connection of two of the three ultrasonic sensors to the 
analog inputs with adjustable gain, and the third one to the analog differential input. The 
three sonar inputs are transformed by the analog convert of the robot into data that can be 

                                                                 
1 A modular sonar fitted with a transmitter and a receiver that employs input signal-conditioners, and 
the output of a digital pulse signal, to measure distance using external logic devices. 
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interpreted by the microprocessor of the Khepera. Then, for the construction of the 
ultrasonic turret, we should take into account that the distance calculated from detected 
obstacles should be converted into an analog value ranging from 0 to 5 Volts. The 
interpretation of this digital value is dependent of the application to be implemented. In our 
case, we scale this range to 0-1024 values for the readings of detected obstacles. Next, the 
ultrasonic turret is powered from the robot with a source of 5 volts with a maximum 
electrical current of 250 mA. This value of the electrical current is enough for the analog 
circuit on the extension board to work. The design of the transmitter, shown in two blocks, 
is presented in Figure 1(a).  

 
 a) Transmitter b) Receptor 
Figure 1. Block diagram of the ultrasonic transmitter/receptor 

 
 a) Envelopment [Airmar, 2006] b) Degradation [Airmar, 2006] 
Figure 2. Behavior of the acoustic beam 

The transmitter works in the follow manner, a pair of pulse generators are employed, one 
generator outputs pulses of 40 KHz and the second produces a 200 Hz signal. Then, both 
generators produce a train of pulses. The pulse train uses a carrier signal of 40 KHz.  The 
implementation of the ultrasonic transmitter makes use of regular oscillator circuits like the 
LM555, and a couple of standard digital gates to generate the pulse train. Next, standard 
inverse-gates reduce the width of the pulses and the signal is then feed into the ultrasonic 
transmitter. The receptor circuit is presented in Figure 1(b), and for its implementation we 
use an OpAm (Operational Amplifier) such as the LM324 that facilitates the use of non-
symmetrical sources (GND and +5V).  
The transmitter is able to reach objects within a scope defined by a 10 degree angle scope 
(Fig. 2(a)); thus allowing a degradation of 3dB when the object is out of range (Fig. 2(b)). 
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This degradation provides a good estimation in accuracy of the measured distance of objects 
within sight and out of range. 

 
Figure 3. Schematics of the extension circuit of the ultrasonic sensors 

The receptor circuit is made of three amplified phases: the first one amplifies the signal, within 
the frequency response range of the OpAm, at a maximum gain of 21 Volts/Volts; the second 
phase is a high-pass filter that cuts low frequencies down to 40 KHz and boosts the carrier 
signal by a factor of 4.7, which is enough to detect an increase in the proximity of detected 
objects; finally, the third phase is a low-pass filter that eliminates the carrier signal of 40 KHz to  
obtain a variation of the object-proximity signal within a range of 0 to 5 Volts that provides a 
good accuracy in the detection of obstacles within a maximum range of 20 centimeters. The 
ultrasonic sensor has a response-frequency that facilitates the detection of the 40 KHz carrier 
signal; therefore, noise from the environment is ignored. The construction of the extension 
board required that the design was implemented onto a single physical board (Fig. 3).  
Due to the small size of the components of the circuit board; all the circuits were fitted into a 
small circular area similar to that occupied by the Gen I/O turret (Fig. 4(a)). Therefore, the 
three ultrasonic sensors were fitted onto a single board (Fig. 4(b)) on top of the Khepera. The 
intensity in the readings of the ultrasonic sensors can be adjusted by the gains in the 
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amplifiers of the Gen I/O. Therefore, a calibration of these gains is made to fine-tune the 
ultrasonic perception of the robot. 

 
a) Printed Circuit Board (PCB) 

 
b) Ultrasonic Turret Board 

Figure 4. Implementation of the ultrasonic turret board 

4. The Use of Genetic Algorithms with Ultrasonic Sensing 
The development of the obstacle-avoidance behavior required the selection of a neural 
network topology. Thus, a fully connected feedforward multilayer perceptron neural 
network with no recurrent connections was employed for the development of the avoidance  
behavior. The input layer in this network consists of 7 neurons that are connected to a 
hidden layer of 6 neurons. In turn, these hidden neurons send projections to the 2 neurons 
in the output layer. The six frontal infrared sensor-readings of the Khepera range from 
nothing detected (≈ 0) to something very close (≈ 1023), and in a similar way the three sonar 
sensor readings go from 0 to 1024. Then, a vector of 7 sensors is formed, sensors = [IR1, IR2, 
max(IR3, SNR1), SNR2, max(IR4, SNR3), IR5, IR6] with IR for the infrared sensors, and SNR for 
the sonars. As can be noticed from the equation for some elements of the vector we employ 
the most relevant information either from the infrared or the sonar sensors. Therefore, we 
are integrating the information from both the IR and the SNR sensors in one single vector. 
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Then, this vector is passed to the neural network, which is optimized by the genetic 
algorithm. Finally, the output of the network is scaled to ±20 values for the DC motors.  
The weights of the neural network are transcribed using a direct encoding to the vector c of 
54 elements. Next, random initial values are generated for this vector ci, -1 < ci < 1. The 
initial population G0 is composed of n = 100 neural controllers. The two best individuals of a 
generation are copied as a form of elitism. Tournament selection, for each of the (n/2)-1 local 
competitions, produces two parents for breeding a new individual using a  single random 
crossover point with a probability of 0.5. The new offspring is affected with a mutation 
probability of 0.01. Individuals of the new offspring are evaluated for about 7 seconds in the 
robot simulator. The fitness plot for this behavior is shown in Figure 5. 

 
Figure 5. The fitness for the avoidance behavior is plotted over 50 generations 

The fitness formula for the obstacle behavior was 
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where for iteration i:  ls is the linear speed in both wheels (the absolute value of the sum of 
the left and right speeds), ds is the differential speed on both wheels (a measurement of the 
angular speed), and max_sensor is the maximum sensor value in the input vector. The use of 
a fitness formula like this rewards those fastest individuals who travel on a straight line 
while avoiding obstacles.  
In our work we use a fitness formula similar to those of Floreano and Mondana (Floreano & 
Mondana, 1994) and Montes-Gonzalez (Montes, 2007). In a formula such as this the fitness is 
measured based on motor speeds and the obstruction of object-detection sensors. Therefore, 
an increase of the sensory capabilities of the robot may not be reflected in the fitness 
calculation. Since the addition of extra parameters, for including the information from 
infrared and sonar sensors may be redundant, it could affect the final selection of the fittest 
individuals. Therefore, we decided not to use any extra parameters. 
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5. Experiments with the Khepera using Ultrasonic and Sonar Sensors 
The transference of the neural controller to the Khepera required a hybrid approach that 
combines the use of a robot simulator (Fig. 6(a)) and the real robot (Fig. 6(b)). Usually the 
optimization of the neural network in the robot simulator Webots (Webots, 2006) lasted about 
a day. Then, the network is transferred to the robot, and the input scaled to appropriate values 
to compensate the artificial sensor readings of the simulator. It is important to notice that a 
hybrid approach is faster than a full-time optimization in the real robot.  
The obstacle avoidance behavior is guided by the adjustment of the neural weights after 
optimization, and for evaluating the neural controllers we set the robot in a trial arena. Four 
walls define the borders of the arena, and short walls in the arena define a maze-like 
environment. A short-legged table is set inside the arena. Despite the space between the legs 
of the table and the floor not being detected by the infrared sensors; the Khepera has to 
avoid all kinds of obstacles. In Figure 6(b), we show the final setup for the real robot: an 
arena surrounded with white tall-walls, a blue table inside of the arena, and obstacles 
scattered around the arena as red short barriers. 

 
a) Simulated Robot 

 
b) Khepera Robot 

Figure 6. The arena where the avoidance behavior occurs 
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Figure 7. The plot of the trail of the robot in the arena with short obstacles and the table set 
inside the arena. Red Lines represent short walls that are mostly detected by the infrared 
sensors. On the other hand, the blue lines form a rectangular shape, which is the table with 
short legs that can only be detected with the use of the sonars. The dashed line shows the 
trail of the robot when running in the arena. The cross indicates the start of the avoidance 
behavior, and the triangle the stop of this behavior 

 

 
Figure 8. Plot of the infrared and the sonar sensor readings with the output of the linear 
motor speed. The black output represents the linear speed labeled as ls, this linear speed is 
calculated as in the fitness formula 2 and shows the robot running forward (a suppression of 
the signal represents a turning maneuver). The six frontal infrared sensors (ir1 to ir6) are 
shown in red and indicate the presence of a close obstacle in front of the sensors. The sonars 
(snr1 to snr3) are indicated in blue and represent activity when either a tall or legged object 
is near 
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The use of the simulator required that the sonars were modeled as if they drew a single 
ray proximity rather than a beam cone projection. However, as can be noticed in Figure 
2(b) the frequency response of the sonar produces a peak where appropriate detection 
occurs. Therefore, the simplification of the sonar as a simple ray projection is consistent 
with the measured distance as the intensity of the bounced-back sound. The avoidance 
behavior is shown in Figure 7, where the plot of the trail of the robot is shown. 
Additionally, the plot of the Khepera motor output and its sensor-readings resume this 
avoidance behavior (Fig. 8) 
The linear speed output [as in 2], the infrared sensors output, and the sonar-readings are 
plotted for about 500 iterations of the trial of the robot in the arena. It is importance to 
notice that the forward traveling of the robot is canceled when a turning maneuver is 
done, then the detection of objects to be avoided is accomplished by the ring of infrared 
and sonar sensors. In Figure 8 we observe that the second half of the graph presents the 
activation of one of the side sonars, and even though this occurs, the robot keeps moving 
forward because it is running aside of one of the tall walls. 

6. The Development of a Foraging Task with Action Selection 
In the previous section, we presented how the capabilities of the Khepera can be extended to 
avoid a maze-like environment with obstacles having short-legs. The use of evolution 
facilitated the development of an avoidance behavior similar to that shown for a robot, set 
in an open arena, finding a safe position next to walls. However, we need to explain first 
how this avoidance behavioral-pattern can be set within an action selection system. The 
presence of an arbitration scheme within a functional system, where sub-systems exist 
that compete for gaining control of some associate shared resources, can be identified as 
an action selection mechanism that solves the action selection problem.  Different models 
have been proposed to design systems, which are able to exhibit a variety of behavior and 
to arbitrate between them (e.g. behavior based architecture Brooks (1986), Arkin (1998)). 
Nevertheless, these models based on explicit design does not seem to be scalable enough 
for being applied to the development of systems capable of displaying a large variety of 
behavioral patterns that cope with task/environmental variations. One model that is 
modular and able to cope with the variations of a dynamic environment is CASSF 
(Central Action Model with Sensor Fusion). A complete description of the implementation 
of a foraging behavior using this model can be found in the work of Montes-Gonzalez & 
Marín-Hernández (2004). In this study we are focusing on the development of the 
avoidance behavior in non-homogeneous maze-like environment. Once the avoidance 
behavioral pattern has been developed, this can be added to the behavioral repertoire of 
CASSF (Figure 9). 
Additionally, CASSF can be set within a foraging framework with evolved behavior 
(Montes-Gonzalez, et al., 2006a). On this implementation CASSF employs five basic 
behaviors that are: cylinder-seek, cylinder-pickup, wall-seek, cylinder-deposit and look-around. 
These behaviors can be described as follows: cylinder-seek explores the arena searching for 
food while avoiding obstacles; cylinder-pickup clears the space for collecting cylinders; 
wall-seek locates walls while avoiding obstacles; cylinder-deposit lowers and opens an 
occupied gripper; then look-around makes a full spin of the robot  trying to locate the 
nearest perceptible cylinder. The development of a foraging framework similar to this one 
should be sufficient to complete the same task with the substitution of the avoidance 
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behavior in wall-seek by the avoidance behavioral pattern described in this work. As a 
consequence, collection of cylinders in an arena with short-walls can be completed using 
an improved avoidance-behavioral pattern.   
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Figure 9. In the CASFF model, perceptual variables (ei) form the input to the decision neural 
network. The output of the selected behavior with the highest salience (si) is gated to the 
motors of the Khepera. The busy-status signal (c1) from behavior B1 to the output neuron O1 
should be noticed. The repertoire of behaviors B1 to Bn can be extended in CASSF by 
preserving similar connections for each of the additional behaviors that are added. 
Furthermore, behaviors can be improved off-line and then reinstalled back into the 
behavioral sub-system  

A model such as CASSF is an effective Action Selection Mechanism (Montes-Gonzalez, et 
al., 2006b) that is centralized and presents sufficient persistence to complete a task. 
Furthermore, selection parameters of this model have been optimized by the use of 
evolution. The adjustment of selection parameters and behavior has been optimized by co-
evolution in CASSF as described in (Montes-Gonzalez, 2007). The implementation of a 
foraging framework can be carried out in CASSF by determining some behavioral patterns 
that can be integrated in time to complete such a task. However, on this work we intend to 
focus on how the standard Khepera architecture can be improved by the use of evolution 
and the addition of extra sensors. Therefore, the foraging task has been explained in a 
concise manner. Next, we draw a general discussion on the further development of these 
experiments. 
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The use of the simulator required that the sonars were modeled as if they drew a single 
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In the previous section, we presented how the capabilities of the Khepera can be extended to 
avoid a maze-like environment with obstacles having short-legs. The use of evolution 
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to arbitrate between them (e.g. behavior based architecture Brooks (1986), Arkin (1998)). 
Nevertheless, these models based on explicit design does not seem to be scalable enough 
for being applied to the development of systems capable of displaying a large variety of 
behavioral patterns that cope with task/environmental variations. One model that is 
modular and able to cope with the variations of a dynamic environment is CASSF 
(Central Action Model with Sensor Fusion). A complete description of the implementation 
of a foraging behavior using this model can be found in the work of Montes-Gonzalez & 
Marín-Hernández (2004). In this study we are focusing on the development of the 
avoidance behavior in non-homogeneous maze-like environment. Once the avoidance 
behavioral pattern has been developed, this can be added to the behavioral repertoire of 
CASSF (Figure 9). 
Additionally, CASSF can be set within a foraging framework with evolved behavior 
(Montes-Gonzalez, et al., 2006a). On this implementation CASSF employs five basic 
behaviors that are: cylinder-seek, cylinder-pickup, wall-seek, cylinder-deposit and look-around. 
These behaviors can be described as follows: cylinder-seek explores the arena searching for 
food while avoiding obstacles; cylinder-pickup clears the space for collecting cylinders; 
wall-seek locates walls while avoiding obstacles; cylinder-deposit lowers and opens an 
occupied gripper; then look-around makes a full spin of the robot  trying to locate the 
nearest perceptible cylinder. The development of a foraging framework similar to this one 
should be sufficient to complete the same task with the substitution of the avoidance 

Action Selection and Obstacle Avoidance using Ultrasonic and Infrared Sensors 

 

337 

behavior in wall-seek by the avoidance behavioral pattern described in this work. As a 
consequence, collection of cylinders in an arena with short-walls can be completed using 
an improved avoidance-behavioral pattern.   
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Figure 9. In the CASFF model, perceptual variables (ei) form the input to the decision neural 
network. The output of the selected behavior with the highest salience (si) is gated to the 
motors of the Khepera. The busy-status signal (c1) from behavior B1 to the output neuron O1 
should be noticed. The repertoire of behaviors B1 to Bn can be extended in CASSF by 
preserving similar connections for each of the additional behaviors that are added. 
Furthermore, behaviors can be improved off-line and then reinstalled back into the 
behavioral sub-system  

A model such as CASSF is an effective Action Selection Mechanism (Montes-Gonzalez, et 
al., 2006b) that is centralized and presents sufficient persistence to complete a task. 
Furthermore, selection parameters of this model have been optimized by the use of 
evolution. The adjustment of selection parameters and behavior has been optimized by co-
evolution in CASSF as described in (Montes-Gonzalez, 2007). The implementation of a 
foraging framework can be carried out in CASSF by determining some behavioral patterns 
that can be integrated in time to complete such a task. However, on this work we intend to 
focus on how the standard Khepera architecture can be improved by the use of evolution 
and the addition of extra sensors. Therefore, the foraging task has been explained in a 
concise manner. Next, we draw a general discussion on the further development of these 
experiments. 
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7. General Discussion 
The use of sonars facilitates the detection of objects not in the direct vicinity of the robot. The 
sonars send out and ultrasound signal that is reflected back when an object is reached. An 
elegant solution to estimate the distance of an object employs the Khepera's microcontroller 
to measure the return time on an ultrasound signal. However, the estimation of distance 
following this approach is slow, expensive and still requires the use of the General I/O 
extension turret. In this study a better solution is provided by fitting three ultrasonic sensors 
on top of the Gen I/O turret, then distance is estimated from the intensity of the reflected 
sound. The information of the sonars is combined with that of the infrared sensors; then the 
input signals of both types of sensors are processed using a neural controller with optimized 
weights by means of a genetic algorithm. In order to speed up the optimization time a robot 
simulator is employed and the behavior is finally transferred with minor adjustments to the 
real robot. For the detection of objects like a short-legged table, the robot presents difficulties 
for the perception of this type of objects relying only on the infrared sensors. Therefore, the 
improved perception of the Khepera is able to locate non-homogenous collision objects that 
need to be avoided. The avoidance behavior with an improved perception can be included 
within a foraging behavioral framework to complete this task by maneuvering in an 
environment where non-homogenous-collision objects have been scattered around the 
arena. Additionally, the work presented here can be extended by the optimization of the 
neural network topology with the use of the genetic algorithm. Finally, it is our intention to 
expand these experiments by including a foraging prey that is able to collect food-items and 
run below obstacles like the table also a predator that has to follow the prey avoiding all 
kinds of obstacles. 
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1. Introduction 
Recently reinforcement learning has received much attention as a learning method (Sutton, 
1988; Watkins & Dayan, 1992). It does not need a priori knowledge and has higher capability 
of reactive and adaptive behaviors. However, there are some significant problems in 
applying it to real problems. Some of them are deep cost of learning and large size of action-
state space. The Q-learning (Watkins & Dayan, 1992), known as one of effective 
reinforcement learning, has difficulty in accomplishing learning tasks when the size of 
action-state space is large. Therefore the application of the usual Q-learning is restricted to 
simple tasks with the small action-state space. Due to the large action-state space, it is 
difficult to apply the Q-learning directly to real problems such as control problem for robots 
with many redundant degrees of freedom. 
In order to cope with such difficulty of large action-state space, various structural and 
dividing algorithms of the action-state space were proposed (Holland, 1986; Svinin et al., 
2001; Yamada et al., 2001). In the dividing algorithm, the state space is divided dynamically, 
however, the action space is fixed so that it is impossible to apply the algorithm to the task 
with large action space. In the classifier system, “don’t care” attribute is introduced in order 
to create general rules. But, that causes the partially observable problem. Furthermore, an 
ensemble system of general and special rules should be prepared in advance. 
Considering these points, Ito & Matsuno (2002) have proposed a GA-based Q-learning 
method called “Q-learning with Dynamic Structuring of Exploration Space Based on Genetic 
Algorithm (QDSEGA).” In their algorithm, a genetic algorithm is employed to reconstruct 
an action-state space which is learned by Q-learning. That is, the size of the action-state 
space is reduced by the genetic algorithm in order to apply Q-learning to the learning 
process of that space. They applied their algorithm to a control problem of multi-legged 
robot which has many redundant degrees of freedom and large action-state space. By 
applying their restriction method for action-state space, they successfully obtained the 
control rules for a multi-legged robot by their QDSEGA. However, the way to apply a 
genetic algorithm seems so straightfoward in their study. Therefore we propose a crossover 
and a modified fitness definition for QDSEGA (Murata & Yamaguchi, 2005; Murata & Aoki, 
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1. Introduction 
Recently reinforcement learning has received much attention as a learning method (Sutton, 
1988; Watkins & Dayan, 1992). It does not need a priori knowledge and has higher capability 
of reactive and adaptive behaviors. However, there are some significant problems in 
applying it to real problems. Some of them are deep cost of learning and large size of action-
state space. The Q-learning (Watkins & Dayan, 1992), known as one of effective 
reinforcement learning, has difficulty in accomplishing learning tasks when the size of 
action-state space is large. Therefore the application of the usual Q-learning is restricted to 
simple tasks with the small action-state space. Due to the large action-state space, it is 
difficult to apply the Q-learning directly to real problems such as control problem for robots 
with many redundant degrees of freedom. 
In order to cope with such difficulty of large action-state space, various structural and 
dividing algorithms of the action-state space were proposed (Holland, 1986; Svinin et al., 
2001; Yamada et al., 2001). In the dividing algorithm, the state space is divided dynamically, 
however, the action space is fixed so that it is impossible to apply the algorithm to the task 
with large action space. In the classifier system, “don’t care” attribute is introduced in order 
to create general rules. But, that causes the partially observable problem. Furthermore, an 
ensemble system of general and special rules should be prepared in advance. 
Considering these points, Ito & Matsuno (2002) have proposed a GA-based Q-learning 
method called “Q-learning with Dynamic Structuring of Exploration Space Based on Genetic 
Algorithm (QDSEGA).” In their algorithm, a genetic algorithm is employed to reconstruct 
an action-state space which is learned by Q-learning. That is, the size of the action-state 
space is reduced by the genetic algorithm in order to apply Q-learning to the learning 
process of that space. They applied their algorithm to a control problem of multi-legged 
robot which has many redundant degrees of freedom and large action-state space. By 
applying their restriction method for action-state space, they successfully obtained the 
control rules for a multi-legged robot by their QDSEGA. However, the way to apply a 
genetic algorithm seems so straightfoward in their study. Therefore we propose a crossover 
and a modified fitness definition for QDSEGA (Murata & Yamaguchi, 2005; Murata & Aoki, 
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2007). Through our computer simulations on a control problem of a multi-legged robot, we 
could make about  50% reduction of the number of generations to obtain a target state of the 
problem. In Murata & Aoki (2007), the same proposed crossover are used for controling 
multiple agents who convey several loads to a goal. The proposed crossover is effective to 
decrease the number of actions to attain the objective. In this chapter, we concentrate on 
showing a QDSEGA with our crossover for controling multi-legged robot. 
In the previous study (Ito & Matsuno, 2002), the target of a multi-legged robot was fixed. 
That is the target does not move in their computer simulation. In this chapter, we try to 
move the target, and modify the learning algorithm of QDSEGA to follow the moving 
target. Simulation results show that our proposed method can control the multi-legged 
robot to follow the moving target more than the conventional method. 

2. QDSEGA 
In this section, we briefly explain the outline of QDSEGA (Ito & Matsuno, 2002). QDSEGA 
has two dynamics. One is a learning dynamics based on Q-learning and the other is a 
structural dynamics based on Genetic Algorithm. Fig. 1 shows the outline of QDSEGA. In 
QDSEGA, each action is represented by an individual of a genetic algorithm. According to 
actions defined by a set of individuals, action-state space called Q-table is created. Q-
learning is applied to the created Q-table. Then the learned Q-table is evaluated through 
experiments. A fitness value for each action is assigned according to Q-table. After that, each 
individual (i.e., each action) is modified through genetic operations such as crossover and 
mutation. We show some details in these steps in the following subsections, and show our 
proposed method in the next section. 
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Figure 1. Outline of QDSEGA (Ito & Matsuno, 2002) 
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2.1 Action Encoding 
Each individual expresses the selectable action on the learning dynamics. It means that a set 
of individuals is selected by genetic operations, and a learning dynamics is applied to the 
subset. After the evaluation of the subset of actions, a new subset is restructured by genetic 
operations. 

2.2 Q-Table 
An action-state space called Q-table is created from the set of individuals. When several 
individuals are the same code, that is, they are the same action, only one action is used in the 
action-state space in order to avoid the redundancy of actions. Fig. 2 shows this avoidance 
process. 

2.3 Learning Dynamics 
In QDSEGA, the conventional Q-learning (Watkins & Dayan, 1992) is employed as a 
learning dynamics. The dynamics of Q-learning are written as follows: 

 )},(max),({),()1(),( asQasrasQasQ
a

′′++−←
′

γαα , (1) 

where ),( asQ  is a Q-value of the state s and the action a, r is the reward, α  is the learning 
rate, and γ  is the discount rate. 

2.4 Fitness 
The fitness )( iafit  for each action is calculated by the following equation: 

 )()()( iufiQi afitkafitafit ⋅+= , (2) 

where )( iQ afit  is a fitness value for action ia  calculated from Q-table, )( iu afit  is a fitness 
value for action ia  calculated from the frequency of use, and fk  is a non-negative constant 
value to determine the ratio of )( iQ afit  and )( iu afit . We show the detail explanation of 
these factors in this subsection. 
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Figure 2. Q-table created from a set of individuals (Ito & Matsuno, 2002) 
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The fitness of Q-table )( iQ afit  is calculated from Q-values in the current Q-table. In order to 
calculate )( iQ afit  for each action ia  the following normalization is taken place in advance 
as for the Q-values in the current Q-table. 
First, calculate the maximum and minimum value of each state as follows: 
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Then ),( asQ′  of the normalized Q-table is given as follows: 
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where p is a constant value which means the ratio of reward to penalty. After this 
normalization process, we fix the action ia  and sort ),( iasQ′  according to their value from 
high to low for all states. We define the sorted ),( iasQ′  as ),( is asQ′ , and ),1( is aQ′  means the 
maximum value of ),( iasQ′ , and ),( iss aNQ′  means the minimum value of ),( iasQ′ , where 

sN  is the size of states. Using the normalized and sorted Q-value ),( is asQ′ , the fitness of 
action ia  is calculated as follows: 
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where jw  is a weight which decides the ratio of special actions to general actions. 
The fitness of frequency of use )( iu afit  is introduced to save important actions. That fitness 
is defined as follows: 

 ∑ == aN
j juiuiu aNaNafit 1 )(/)()( ,  (8) 

where aN  is the number of all actions of one generation and )( iu aN  is the number of times 
which ia  was used for in the Q-learning of this generation. Important actions are used 
frequently. Therefore the actions with high fitness value of )( iu afit  are preserved by this 
fitness value. 

2.5 Genetic Algorithms 
The paper that proposed QDSEGA (Ito & Matsuno, 2002) says “the method of the selection 
and reproduction is not main subject so the conventional method is used (in this paper).” 
They employed a crossover that exchanges randomly selected bits between the parent 
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individuals according to the crossover probability cP . They mutated each bit according to 
the mutation probability mP . They did not replace parents individuals with offspring. 
Therefore the number of individuals is increased by the genetic operations. As for the elite 
preserving strategy, they preserve 30% individuals with the highest fitness value. 

3. Proposed Method 
We propose a crossover operation for the multi-legged robot control problem (MRC 
problem). As shown in Subsection 2.5, QDSEGA did not try to propose any specific genetic 
operations for MRC problems. We propose a neighboring crossover for QDSEGA for MRC 
problems. In order to show our crossover which is tailored to MRC problems, we explain a 
coding method of a multi-legged robot and Q-table used in this chapter first. 

3.1 Coding of Individuals 
Fig. 3 shows the multi-legged robot and its encoding. We control a robot which has 12 legs. 
Each leg has four states as in Table 1. As shown in Fig. 3, each individual shows a set of legs’ 
positions of 12 legs. Therefore each individual indicates one state of this robot of the 124  
positions. Since we generate only the prespecified number of individuals in genetic 
algorithms, the Q-table includes a subset of 124  states with respect to legs’ positions. 

3.2 Q-Table for 12-Legged Robot 
Q-table represents a subset of the action-state space to control a 12-legged robot. In 
QDSEGA, individuals are used for the both of actions and states. Fig. 4 shows an example of 
a Q-table created by n individuals. In this problem, each individual is used twice in the Q-
table. “Current state” indicates the current position of 12 legs. “Action” indicates a next 
position of 12 legs after a certain action. For example, if S1 is the current position of 12 legs 
and A3 is selected as an action, the 12-legged robot moves its 12 legs to become the next 
position as A3. If the action A3 causes the robot to lose balance, the trial terminates. In our 
simulation, we assume that the 12-legged robot can change its legs’ position smoothly. 
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Figure 3. 12 Legs and representation in an individual 
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State Number State 
1 Forward and grounded 
2 Backward and grounded 
3 Forward and ungrounded 
4 Backward and ungrounded 

Table 1. Leg’s position 
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Figure 4. An example of Q-table created by n individuals 

3.3 Neighboring Crossover 
The crossover employed in QDSEGA (Ito & Matsuno, 2002) causes drastic change of legs’ 
position because randomly selected bits are changed between two individuals. If the change 
of legs’ position is so drastic, it may easily happen that the 12-legged robot loses its balance. 
In order to avoid losing the balance, we propose a crossover between similar parent 
individuals. We define the similarity by the number of the same genes in the same locus of a 
chromosome. The threshold for the similarity between two parents is denoted by simk  in 
this chapter. Thus, the crossover is applied among similar individuals more than simk . 
This kind of the restriction for the crossover has been proposed in the research area of 
distributed genetic algorithms. Researches on DGAs (Distributed Genetic Algorithm) can be 
categorized into two areas: coarse-grained genetic algorithms (Tanese, 1989; Belding, 1995) 
and fine-grained genetic algorithms (Mandelick & Spiessens, 1989; Muhlenbein et al., 1991; 
Murata et al., 2000). In the coarse-grained GAs, a population, that is ordinarily a single, is 
divided into several subpopulations. Each of these subpopulations is individually governed 
by genetic operations such as crossover and mutation, and subpopulations communicate 
each other periodically. Algorithms in this type are called the island model because each 
subpopulation can be regarded as an island. On the other hand, several individuals are 
locally governed by genetic operations in fine-grained GAs. In a fine-grained GA, each 
individual exists in a cell, and genetic operations are applied to an individual with 
individuals in neighboring cells. The DGAs are known to have an advantage to keep the 
variety of individuals during the execution of an algorithm, and avoid converging 
prematurely. 
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While we don’t define any solution space such as cells or islands in our proposed crossover, 
our restriction may have the same effect of keeping variety in a population and attain the 
effective search for the sequence of states of 12 legs. 

3.4 Modified Reward for Moving Target 
In the previous study, the target of the MRC problem was fixed. That is, the target stays at 
the same place. We consider a moving target as a variant problem of MRC problems. In 
order to let the multi-legged robot follow a moving target, we modify the reward ),( asr at 
time t  in Equation (1) as follows: 

If [deg]15[deg]45 −<≤− zL  and 0)()1( ≥−− tdtd  then 

 ))()1((50),( tdtdasr −−⋅= ,  (9) 

If [deg]15[deg]45 −<≤− zL  and 0)()1( <−− tdtd  then 

 ))()1((200),( tdtdasr −−⋅= ,  (10) 

If [deg]45[deg]15 ≤< zL  and 0)()1( ≥−− tdtd  then 

 ))()1((50),( tdtdasr −−⋅= ,  (11) 

If [deg]45[deg]15 ≤< zL  and 0)()1( <−− tdtd  then 

 ))()1((200),( tdtdasr −−⋅= ,  (12) 

If [deg]15[deg]15 ≤≤− zL  then 

 ))()1((100),( tdtdasr −−⋅= ,  (13) 

Else If( [deg]45−<zL  or zL<[deg]45  or stuck) then 

 100),( −=asr .  (14) 

In the above equations, zL  is the direction of the target in degrees (not in radian), and )(td  
is the distance from the head of the robot to the target at the time t (see Fig. 5 for the detail). 

zL  is zero [deg] if the target locates just ahead of the robot. 

4. Multi-Legged Robot Control 
4.1 Task 
Fig. 5 shows the initial position of the 12-legged robot and the location of the target. At time 
zero, the head of the robot locates in (0,0) in the x-y plane. And the initial state of each leg of 
the robot is 1 in Table 1. We allow the robot to move 100 steps toward the target. If the robot 
can acquire the most efficient movement of 12 legs, it can move 0.4 for each step. Therefore 
the maximum gain toward the target is 40. 
When we try to acquire the legs’ movement for the moving target, the robot first learns the 
legs’ movement for the fixed target over 50 generation. After that we put the target at 
( 2100 , 2100− ) in the x-y plane, and move it to ( 2100 , 2100 ) by 1 [deg] in each step 
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on the circle whose center is (0,0) and the radius is 200. After 90 steps, the target reaches the 
point ( 2100 , 2100 ) and stay there until the end of 100 steps in each trial. 

4.2 Simulation Model for Multi-Legged Robot 
As Ito & Matsuno (2002) did, we also employed Minimal Simulation Model that was 
proposed by Svinin et al. (2001). This model is very simple so that the calculation cost 
becomes very low. 
Fig. 6 shows a multi-legged robot. Each leg has two joints and has four motions. (Move 
forward and lift down, Move back and lift down, Move forward and lift up, Move back and 
lift up). The position of the robot can be calculated as follows: 
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where fdrvr and fresr indicate driving force and resistance force, and nijr is the number of legs 
on the right side changing their configuration from the state i at the moment t to the state j at 
the moment t + 1. Similarly, we define l

ijn  for the left side. Let F and M be the force and the 
moment of the robot that act to the environment, respectively. And θ,, yx  mean the position 
and orientation of the robot. Details are written in Svirin et al. (2001).  

5. Simulation 
5.1 Parameter Settings 
We specified the parameter settings in the Q-learning, the genetic algorithm, and the multi-
legged robot simulation model as follows: 
[Q-learning] 
The number of trials for each Q-table: 3 000 trials, 
The number of steps in each trial: 100 steps, 
Learning rate in (1): 7.0=α , 
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0.2=u , 0.1=v , 05.0=θc , 05.0=uc . 
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5.2 Effect of Neighboring Crossover 
We applied the conventional method (Ito & Matsuno, 2002) and the proposed method with 
the neighboring crossover in Subsection 3.3 100 times. Fig. 7 shows the average “Gain” over 
the generation. We defined “Gain” as the gaining distance of the robot toward the target. 
Thus, the maximum gain was 40 in this problem. From Fig. 7, we can see that the proposed 
crossover clearly enhanced the performance of QDSEGA.  
Table 2 shows that the average number of generations in which the target gain was attained 
over 100 experiments. We specified the target gain as 38 in these experiments. We count a 
computational experiment as successful one when the robot gains over 38. We also show the 
standard deviation of the generations and the number of successful experiments. 
“Successful experiments” mean that the number of experiments that can attain the target 
gain. “Ito 2002” shows the conventional method in (Ito & Matsuno, 2002), and “Neighboring 
Crossover” is the method with the proposed neighboring crossover in Subsection 3.3. From 
Table 2, we can see that the number of generations was drastically reduced by introducing 
the neighboring crossover into QDSEGA. As shown in “# of successful experiments,” the 
conventional method could not attain the maximum gain in all the 100 experiments while 
“Neighboring Crossover” attained the maximum gain in all the experiments. Through this 
result we can see the strong effect of the proposed neighboring crossover in QDSEGA.  
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Average Generation 108.5 56.2 

Standard Deviation 37.7 19.3 

# of successful experiments 85/100 100/100 

Table 2. Average generation of attaining the maximum gain over 100 experiments 
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Conventional Without adjustment 
Target position Left Ahead Right 
Ratio (%) 21.7 50.7 27.5 

 
Conventional With adjustment 

Target position Left Ahead Right 
Ratio (%) 17.8 63.4 17.8 

Table 3. Effect on the conventional method for moving target 

Proposed Without adjustment 
Target position Left Ahead Right 
Ratio (%) 21.0 50.6 28.2 

 
Proposed With adjustment 

Target position Left Ahead Right 
Ratio (%) 21.9 63.3 14.8 

Table 4. Effect on the conventional method for moving target 

5.3 Effect of Modified Reward for Moving Target 
Tables 3 and 4 show the results on the MRC problem with the moving target. We applied 
our modified reward to QDSEGA (Ito & Matsuno, 2002) and QDSEGA with the proposed 
crossover. In these tables, “Target position” indicates that the ratio of target positions from 
the robot. That is, when the target locates ahead of the robot within -15 [deg] to 15 [deg], the 
number of “Ahead” is incremented. From this table, we can see that the ratio of “Ahead” 
was increased by the introduction of the adjustment of rewards in Q-learning in the both 
tables. Through the proposed modification of the reward we could improve the 
performance of the multi-legged robot to follow the moving target. 

6. Conclusion 
In this chapter, we proposed the neighboring crossover that improves the performance of 
QDSEGA for the multi-legged robot control problems. By introducing the neighboring 
crossover, we could reduce the number of generations to attain the target gain in the 
problem. We also show the fine effect of the modified reward for the problems with the 
moving target. When the target is moving in the problem, the robot needs to learn how to 
adjust its position toward the target. That is, it should learn how to adjust its direction 
toward the target, and how to convey its body toward the target. By adjusting the reward, 
we could improve the control of the multi-legged robot. 
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1. Introduction 
Whether evolutionary robotics (ER) controllers evolve in simulation or on real robots, real-
world performance is the true test of an evolved controller. Controllers must overcome the 
noise inherent in real environments to operate robots efficiently and safely. To prevent a 
poorly performing controller from damaging a vehicle—susceptible vehicles include 
statically unstable walking robots, flying vehicles, and underwater vehicles—it is necessary 
to test evolved controllers extensively in simulation before transferring them to real robots. 
In this paper, we present our approach to evolving behavioral navigation controllers for 
fixed wing unmanned aerial vehicles (UAVs) using multi-objective genetic programming 
(GP), choosing the most robust evolved controller, and assuring controller performance 
prior to real flight tests. 

2. Background 
ER (Nolfi & Floreano, 2000) combines robot controller design with evolutionary 
computation. A major focus of ER is the automatic design of behavioral controllers with no 
internal environmental model, in which effector outputs are a direct function of sensor 
inputs (Keymeulen et al., 1998). ER uses a population-based evolutionary algorithm to 
evolve autonomous robot controllers for a target task. Most of the controllers evolved in ER 
research have been developed for simple behaviors, such as obstacle avoidance (Nolfi et al., 
1994), light seeking (Lund & Hallam, 1997), object movement (Lee & Hallam, 1999), simple 
navigation (Ebner, 1998), and game playing (Nelson, 2003; Nelson et al., 2003). In many of 
these cases, the problems to be solved were designed specifically for research purposes. 
While simple problems generally require a small number of behaviors, more complex real-
world problems might require the coordination of multiple behaviors in order to achieve the 
goals of the problem. Very little ER work to date has been intended for use in real-life 
applications. 
A majority of the research in ER has focused on wheeled mobile robot platforms, especially 
the Khepera robot. Research on walking robots (Filliat et al., 1999) and other specialized 
robots (Harvey et al., 1994) has also been pursued. An application of ER that has received 
very little attention is UAVs. The UAV has become popular for many applications, 
particularly where high risk or accessibility is concerns. Although some ER research has 
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world performance is the true test of an evolved controller. Controllers must overcome the 
noise inherent in real environments to operate robots efficiently and safely. To prevent a 
poorly performing controller from damaging a vehicle—susceptible vehicles include 
statically unstable walking robots, flying vehicles, and underwater vehicles—it is necessary 
to test evolved controllers extensively in simulation before transferring them to real robots. 
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(GP), choosing the most robust evolved controller, and assuring controller performance 
prior to real flight tests. 

2. Background 
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computation. A major focus of ER is the automatic design of behavioral controllers with no 
internal environmental model, in which effector outputs are a direct function of sensor 
inputs (Keymeulen et al., 1998). ER uses a population-based evolutionary algorithm to 
evolve autonomous robot controllers for a target task. Most of the controllers evolved in ER 
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goals of the problem. Very little ER work to date has been intended for use in real-life 
applications. 
A majority of the research in ER has focused on wheeled mobile robot platforms, especially 
the Khepera robot. Research on walking robots (Filliat et al., 1999) and other specialized 
robots (Harvey et al., 1994) has also been pursued. An application of ER that has received 
very little attention is UAVs. The UAV has become popular for many applications, 
particularly where high risk or accessibility is concerns. Although some ER research has 
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been done on UAVs, this work has largely ignored the fixed wing UAV—by far the most 
common type—until recently. An autopilot for a rotary wing helicopter was evolved using 
evolutionary strategies (Hoffman et al., 1998) and compared to linear robust multi-variable 
control and nonlinear tracking control in simulation (Shim et al., 1998). In other work, 
higher level controllers were evolved with UAVs as the target platform (Marin et al., 1999), 
but experiments were done only in simulation, movement was grid-based, and the UAV 
could move in any direction at every time step. Because of the unrealistic nature of the 
simulation, it would have been difficult to control real UAVs with the evolved controllers. 
Related work was done to evolve a distributed control scheme for multiple micro air 
vehicles (Wu et al., 1999). Only simulation was used, the simulation environment was 
unrealistic, and no testing on real UAVs was attempted. A neural network control system 
for a simulated blimp has also been evolved (Meyer et al., 2003) with the goal of developing 
controllers capable of countering wind to maintain a constant flying speed. The evolved 
control system was only tested in simulation. Only recently has there been work on evolving 
GP controllers for fixed wing UAVs (Oh et al., 2004; Barlow, 2004; Oh & Barlow, 2004; 
Barlow et al., 2004; Barlow et al., 2005; Richards et al., 2005; Barlow & Oh, 2006). 
In evolutionary computation, incremental evolution (Harvey et al., 1994) is the process of 
evolving a population on a simple problem and then using the resulting evolved population 
as a seed to evolve a solution to a related problem of greater complexity. Solutions to a 
variety of complicated problems in ER have been evolved using incremental evolution. 
There are two types of incremental evolution. Functional incremental evolution (Lee & 
Hallam, 1999; Gomez & Miikkulainen, 1997; Winkeler & Manjunath, 1998) changes the 
difficulty of the fitness function in order to increase the difficulty of the problem. 
Environmental incremental evolution (Harvey et al., 1994; Nelson, 2003; Nelson et al., 2003) 
changes the environment to increase difficulty without changing the fitness function. 
Transference of controllers evolved in simulation to real vehicles is an important issue in ER. 
Some controllers have been evolved in situ on physical robots (Walker et al., 2003), but long 
evaluation time, the need for many evaluations to achieve good results, and the need for 
human monitoring during the evolutionary process all limit this approach. Alternatively, 
controllers evolved in simulation do not always transfer well to real vehicles, since the 
simulation is never a perfect model of the real environment. Adding noise to the simulation 
(in the form of both sensor error and state error) may help controllers transfer well from 
simulation to real robots (Jakobi et al., 1995; Gomez and Miikkulainen, 2004; Barlow et al., 
2005). This approach is usually evaluated by evolving a controller in a noisy simulation 
environment and then testing the controller on a real vehicle. This works well for systems 
where tests can be performed easily, cheaply, and with little danger of damaging the 
vehicle, but what of systems where tests are expensive or dangerous?  Controllers may be 
evolved with high levels of noise, but this does not guarantee good performance when that 
noise is not consistent with the real system. Experiments by Jakobi et al. (Jakobi et al., 1995) 
show that if the noise levels used in simulation are significantly different from those in the 
real world, there are no assurances that the evolved controller will perform as desired. If, 
however, a controller performs well when subjected to a wide range of sensor and state 
noise conditions in simulation, and the real environmental noise falls within the testing 
range, prior works suggest that the controller should also perform well on a real vehicle. 
UAVs are one type of robot that requires assurance of the off-design performance (the 
performance under additional sensor and state noise) of an evolved controller before testing 

Evolved Navigation Control for Unmanned Aerial Vehicles 

 

355 

a controller on the robot. Even when subject to additional sources of noise, controllers 
should still be able to efficiently accomplish the desired task. Assurance of off-design 
performance is also necessary because poorly performing controllers could cause crashes, 
possibly destroying the UAV. 

3. UAV Navigation Control 
The focus of this research was the development of a navigation controller for a fixed wing 
UAV able to autonomously locate, track, and then circle around a radar site. There are three 
main goals for an evolved controller. First, the UAV should move to the target as quickly as 
possible. The sooner the UAV arrives in the vicinity of the target, the sooner it can begin its 
primary mission: surveillance, radar jamming, or one of the many other applications of this 
type of controller. Second, once in the vicinity of the source, the UAV should circle as closely 
as possible around the radar. This goal is especially important for radar jamming, where the 
necessary jamming power is directly proportional to the square of the distance to the radar. 
Third, the flight path should be efficient and stable. The roll angle should change as 
infrequently as possible, and any change in roll angle should be small. Making frequent 
changes to the roll angle of the UAV could create dangerous flight dynamics or reduce the 
flying time and range of the UAV. 

 
Figure 1. General UAV control diagram 

Only the navigation portion of the flight controller is evolved; the low level flight control is 
done by an autopilot. The navigation controller receives radar electromagnetic emissions as 
input, and based on this sensory data and past information, the navigation controller 
updates the desired roll angle of the UAV control surface. The autopilot then uses this 
desired roll angle to change the heading of the UAV. A diagram of the control process is 
shown in Figure 1. This autonomous navigation technique results in a general controller 
model that can be applied to a wide variety of UAV platforms; the evolved controllers are 
not designed for any specific UAV airframe or autopilot. 

3.1 Simulation 
While there has been success in evolving controllers directly on real robots, simulation is the 
only feasible way to evolve controllers for UAVs. A UAV cannot be operated continuously 
for long enough to evolve a sufficiently competent controller, the use of an unfit controller 
could result in damage to the aircraft, and flight tests are very expensive. For these reasons, 
the simulation must be capable of evolving controllers which transfer well to real UAVs. A 
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been done on UAVs, this work has largely ignored the fixed wing UAV—by far the most 
common type—until recently. An autopilot for a rotary wing helicopter was evolved using 
evolutionary strategies (Hoffman et al., 1998) and compared to linear robust multi-variable 
control and nonlinear tracking control in simulation (Shim et al., 1998). In other work, 
higher level controllers were evolved with UAVs as the target platform (Marin et al., 1999), 
but experiments were done only in simulation, movement was grid-based, and the UAV 
could move in any direction at every time step. Because of the unrealistic nature of the 
simulation, it would have been difficult to control real UAVs with the evolved controllers. 
Related work was done to evolve a distributed control scheme for multiple micro air 
vehicles (Wu et al., 1999). Only simulation was used, the simulation environment was 
unrealistic, and no testing on real UAVs was attempted. A neural network control system 
for a simulated blimp has also been evolved (Meyer et al., 2003) with the goal of developing 
controllers capable of countering wind to maintain a constant flying speed. The evolved 
control system was only tested in simulation. Only recently has there been work on evolving 
GP controllers for fixed wing UAVs (Oh et al., 2004; Barlow, 2004; Oh & Barlow, 2004; 
Barlow et al., 2004; Barlow et al., 2005; Richards et al., 2005; Barlow & Oh, 2006). 
In evolutionary computation, incremental evolution (Harvey et al., 1994) is the process of 
evolving a population on a simple problem and then using the resulting evolved population 
as a seed to evolve a solution to a related problem of greater complexity. Solutions to a 
variety of complicated problems in ER have been evolved using incremental evolution. 
There are two types of incremental evolution. Functional incremental evolution (Lee & 
Hallam, 1999; Gomez & Miikkulainen, 1997; Winkeler & Manjunath, 1998) changes the 
difficulty of the fitness function in order to increase the difficulty of the problem. 
Environmental incremental evolution (Harvey et al., 1994; Nelson, 2003; Nelson et al., 2003) 
changes the environment to increase difficulty without changing the fitness function. 
Transference of controllers evolved in simulation to real vehicles is an important issue in ER. 
Some controllers have been evolved in situ on physical robots (Walker et al., 2003), but long 
evaluation time, the need for many evaluations to achieve good results, and the need for 
human monitoring during the evolutionary process all limit this approach. Alternatively, 
controllers evolved in simulation do not always transfer well to real vehicles, since the 
simulation is never a perfect model of the real environment. Adding noise to the simulation 
(in the form of both sensor error and state error) may help controllers transfer well from 
simulation to real robots (Jakobi et al., 1995; Gomez and Miikkulainen, 2004; Barlow et al., 
2005). This approach is usually evaluated by evolving a controller in a noisy simulation 
environment and then testing the controller on a real vehicle. This works well for systems 
where tests can be performed easily, cheaply, and with little danger of damaging the 
vehicle, but what of systems where tests are expensive or dangerous?  Controllers may be 
evolved with high levels of noise, but this does not guarantee good performance when that 
noise is not consistent with the real system. Experiments by Jakobi et al. (Jakobi et al., 1995) 
show that if the noise levels used in simulation are significantly different from those in the 
real world, there are no assurances that the evolved controller will perform as desired. If, 
however, a controller performs well when subjected to a wide range of sensor and state 
noise conditions in simulation, and the real environmental noise falls within the testing 
range, prior works suggest that the controller should also perform well on a real vehicle. 
UAVs are one type of robot that requires assurance of the off-design performance (the 
performance under additional sensor and state noise) of an evolved controller before testing 
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a controller on the robot. Even when subject to additional sources of noise, controllers 
should still be able to efficiently accomplish the desired task. Assurance of off-design 
performance is also necessary because poorly performing controllers could cause crashes, 
possibly destroying the UAV. 

3. UAV Navigation Control 
The focus of this research was the development of a navigation controller for a fixed wing 
UAV able to autonomously locate, track, and then circle around a radar site. There are three 
main goals for an evolved controller. First, the UAV should move to the target as quickly as 
possible. The sooner the UAV arrives in the vicinity of the target, the sooner it can begin its 
primary mission: surveillance, radar jamming, or one of the many other applications of this 
type of controller. Second, once in the vicinity of the source, the UAV should circle as closely 
as possible around the radar. This goal is especially important for radar jamming, where the 
necessary jamming power is directly proportional to the square of the distance to the radar. 
Third, the flight path should be efficient and stable. The roll angle should change as 
infrequently as possible, and any change in roll angle should be small. Making frequent 
changes to the roll angle of the UAV could create dangerous flight dynamics or reduce the 
flying time and range of the UAV. 

 
Figure 1. General UAV control diagram 

Only the navigation portion of the flight controller is evolved; the low level flight control is 
done by an autopilot. The navigation controller receives radar electromagnetic emissions as 
input, and based on this sensory data and past information, the navigation controller 
updates the desired roll angle of the UAV control surface. The autopilot then uses this 
desired roll angle to change the heading of the UAV. A diagram of the control process is 
shown in Figure 1. This autonomous navigation technique results in a general controller 
model that can be applied to a wide variety of UAV platforms; the evolved controllers are 
not designed for any specific UAV airframe or autopilot. 

3.1 Simulation 
While there has been success in evolving controllers directly on real robots, simulation is the 
only feasible way to evolve controllers for UAVs. A UAV cannot be operated continuously 
for long enough to evolve a sufficiently competent controller, the use of an unfit controller 
could result in damage to the aircraft, and flight tests are very expensive. For these reasons, 
the simulation must be capable of evolving controllers which transfer well to real UAVs. A 



Frontiers in Evolutionary Robotics 

 

356 

method that has proved successful in this process is the addition of noise to the simulation 
(Jakobi et al., 1995). 
The simulation environment is a square, 100 nautical miles (nmi) on each side. Every time a 
simulation is run, the simulator gives the UAV a random initial position in the middle half 
of the southern edge of the environment with an initial heading of due north. The radar site 
is also given a random position within the environment. In our current research, the UAV 
has a constant altitude of 3000 feet and speed of 80 knots. We can realistically assume 
constant speed and altitude because these variables are controlled by the autopilot, not the 
evolved navigation controller. 
Our simulation can model a wide variety of radar types. The site type, emitter function, 
frequency, gain, noise, power, pulse compression gain, bandwidth, minimum emitting 
period, mean emitting period, minimum emitting duration, and mean emitting duration of 
the radar are all configurable in the simulation. For the purposes of this research, most of 
these parameters were held constant. Radars used in experiments are described based on 
two characteristics: emitting pattern and mobility. We modeled five types of radars: 
continuously emitting, stationary radars; continuously emitting, mobile radars; 
intermittently emitting, stationary radars with regular emitting periods; intermittently 
emitting, stationary radars with irregular emitting periods; and intermittently emitting, 
mobile radars with regular emitting periods. 
Radars can emit continuously, intermittently with a regular period, or intermittently with an 
irregular period. The emitting characteristics of the radar are configured by setting the 
minimum emitting period, mean emitting period, minimum emitting duration, and mean 
emitting duration. If all four parameters are set to infinity, the radar is continuous. If the 
minimum and mean are the same for both period and duration, then the radar is considered 
to be emitting with a regular period. If the minimum and mean are different, the radar emits 
with an irregular period: at the start of each period, the lengths of the period and duration of 
emission are set randomly. 
Radars can be either stationary or mobile. A stationary site has a fixed position for the entire 
simulation period. A mobile site is modeled by a finite state machine with the following 
states: move, setup, deployed, and tear down. When the radar moves, the new location is 
random, and can be anywhere in the simulation area. The finite state machine is executed 
for the duration of simulation. The radar site only emits when it is in the deployed state; 
while the radar is in the move state it does not emit, so the UAV receives no sensory 
information. The time in each state is probabilistic, and once the radar enters the deployed 
state, it must remain in that state for at least an hour. 
Only the sidelobes of the radar emissions are modeled. The sidelobes of a radar signal have 
a much lower power than the main beam, making them harder to detect. However, the 
sidelobes exist in all directions, not just where the radar is pointed. This model is intended 
to increase the robustness of the system, so that the controller doesn’t need to rely on a 
signal from the main beam. Additionally, Gaussian noise is added to the amplitude of the 
radar signal. The receiving sensor can perceive only two pieces of information: the 
amplitude and the angle of arrival (AoA) of incoming radar signals. The AoA measures the 
angle between the heading of the UAV and the source of incoming electromagnetic energy. 
Real AoA sensors do not have perfect accuracy in detecting radar signals, so the simulation 
models an inaccurate sensor. The accuracy of the AoA sensor can be set in the simulation. In 
the experiments described in this research, the AoA is accurate to within ±10° at each time 
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step, a realistic value for this type of sensor. Each experimental run simulates four hours of 
flight time, where the UAV is allowed to update its desired roll angle once a second, a 
realistic value for a real UAV autopilot. The interval between these requests to the autopilot 
can be adjusted in the simulation. 

3.2 Transference 
Transference of evolved controllers to a real UAV is an important issue, so we designed 
several aspects of the simulation to aid in this process. First, we abstracted the navigation 
control from the flight of the UAV. Rather than attempting to evolve direct control, only the 
navigation was evolved. This allows the same controller to be used for different airframes. 
Second, the simulation was designed so parameters could be tuned for equivalence to real 
aircraft and radars. For example, the simulated UAV is allowed to update the desired roll 
angle once per second, reflecting the update rate of the real autopilot of a UAV being 
considered for flight demonstrations of the evolved controller. For autopilots with slower 
response times, this parameter could be increased. Third, noise was added to the simulation, 
both to radar emissions and to sensor accuracy. A noisy simulation environment encourages 
the evolution of robust controllers that are more applicable to real UAVs. 

3.3 Problem Difficulty 
The major difficulty of this problem is noise. Under ideal conditions, where the exact angle 
and amplitude of the incoming signals are known, a human could easily design a fit 
controller. Real-world conditions, however, are far from ideal. Even the best radar sensors 
have some error in determining the angle and amplitude of a radar. Environmental 
conditions, multipath, system noise, clutter, and many other factors increase the sensor 
noise. As this noise increases, the difficulty of maintaining a stable and efficient flight path 
increases. 
While sensors to detect the amplitude and angle of arriving electromagnetic signals can be 
very accurate, the more accurate the sensor, the larger and more expensive it tends to be. 
One of the great advantages of UAVs is their low cost, and the feasibility of using UAVs for 
many applications may also depend on keeping the cost of sensors low. By using evolution 
to design controllers, cheaper sensors with much lower accuracy can be used without a 
significant drop in performance. 
Another difficulty of designing controllers by hand is accounting for the more complex 
radar types. As the accuracy of the sensors decreases and the complexity of the radar signals 
increases—as the radars emit periodically or move—the problem becomes far more difficult 
for human designers as the best control strategies become less apparent. In this research, we 
are interested in evolving controllers for these difficult, real-world problems using many 
radar types where sensors are very noisy. 

3.4 Fitness Functions 
We designed four fitness functions to measure the success of individual UAV navigation 
controllers. The fitness of a controller was measured over 30 simulation runs, where the 
initial positions of the UAV and the radar were different for every run. We designed the 
four fitness measures to satisfy the three goals of the evolved controller: rapid movement 
toward the emitter, circling the emitter, and flying in a stable and efficient way. 
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method that has proved successful in this process is the addition of noise to the simulation 
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constant speed and altitude because these variables are controlled by the autopilot, not the 
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frequency, gain, noise, power, pulse compression gain, bandwidth, minimum emitting 
period, mean emitting period, minimum emitting duration, and mean emitting duration of 
the radar are all configurable in the simulation. For the purposes of this research, most of 
these parameters were held constant. Radars used in experiments are described based on 
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minimum and mean are the same for both period and duration, then the radar is considered 
to be emitting with a regular period. If the minimum and mean are different, the radar emits 
with an irregular period: at the start of each period, the lengths of the period and duration of 
emission are set randomly. 
Radars can be either stationary or mobile. A stationary site has a fixed position for the entire 
simulation period. A mobile site is modeled by a finite state machine with the following 
states: move, setup, deployed, and tear down. When the radar moves, the new location is 
random, and can be anywhere in the simulation area. The finite state machine is executed 
for the duration of simulation. The radar site only emits when it is in the deployed state; 
while the radar is in the move state it does not emit, so the UAV receives no sensory 
information. The time in each state is probabilistic, and once the radar enters the deployed 
state, it must remain in that state for at least an hour. 
Only the sidelobes of the radar emissions are modeled. The sidelobes of a radar signal have 
a much lower power than the main beam, making them harder to detect. However, the 
sidelobes exist in all directions, not just where the radar is pointed. This model is intended 
to increase the robustness of the system, so that the controller doesn’t need to rely on a 
signal from the main beam. Additionally, Gaussian noise is added to the amplitude of the 
radar signal. The receiving sensor can perceive only two pieces of information: the 
amplitude and the angle of arrival (AoA) of incoming radar signals. The AoA measures the 
angle between the heading of the UAV and the source of incoming electromagnetic energy. 
Real AoA sensors do not have perfect accuracy in detecting radar signals, so the simulation 
models an inaccurate sensor. The accuracy of the AoA sensor can be set in the simulation. In 
the experiments described in this research, the AoA is accurate to within ±10° at each time 
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step, a realistic value for this type of sensor. Each experimental run simulates four hours of 
flight time, where the UAV is allowed to update its desired roll angle once a second, a 
realistic value for a real UAV autopilot. The interval between these requests to the autopilot 
can be adjusted in the simulation. 

3.2 Transference 
Transference of evolved controllers to a real UAV is an important issue, so we designed 
several aspects of the simulation to aid in this process. First, we abstracted the navigation 
control from the flight of the UAV. Rather than attempting to evolve direct control, only the 
navigation was evolved. This allows the same controller to be used for different airframes. 
Second, the simulation was designed so parameters could be tuned for equivalence to real 
aircraft and radars. For example, the simulated UAV is allowed to update the desired roll 
angle once per second, reflecting the update rate of the real autopilot of a UAV being 
considered for flight demonstrations of the evolved controller. For autopilots with slower 
response times, this parameter could be increased. Third, noise was added to the simulation, 
both to radar emissions and to sensor accuracy. A noisy simulation environment encourages 
the evolution of robust controllers that are more applicable to real UAVs. 

3.3 Problem Difficulty 
The major difficulty of this problem is noise. Under ideal conditions, where the exact angle 
and amplitude of the incoming signals are known, a human could easily design a fit 
controller. Real-world conditions, however, are far from ideal. Even the best radar sensors 
have some error in determining the angle and amplitude of a radar. Environmental 
conditions, multipath, system noise, clutter, and many other factors increase the sensor 
noise. As this noise increases, the difficulty of maintaining a stable and efficient flight path 
increases. 
While sensors to detect the amplitude and angle of arriving electromagnetic signals can be 
very accurate, the more accurate the sensor, the larger and more expensive it tends to be. 
One of the great advantages of UAVs is their low cost, and the feasibility of using UAVs for 
many applications may also depend on keeping the cost of sensors low. By using evolution 
to design controllers, cheaper sensors with much lower accuracy can be used without a 
significant drop in performance. 
Another difficulty of designing controllers by hand is accounting for the more complex 
radar types. As the accuracy of the sensors decreases and the complexity of the radar signals 
increases—as the radars emit periodically or move—the problem becomes far more difficult 
for human designers as the best control strategies become less apparent. In this research, we 
are interested in evolving controllers for these difficult, real-world problems using many 
radar types where sensors are very noisy. 

3.4 Fitness Functions 
We designed four fitness functions to measure the success of individual UAV navigation 
controllers. The fitness of a controller was measured over 30 simulation runs, where the 
initial positions of the UAV and the radar were different for every run. We designed the 
four fitness measures to satisfy the three goals of the evolved controller: rapid movement 
toward the emitter, circling the emitter, and flying in a stable and efficient way. 
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3.4.1 Normalized distance 
The primary goal of the UAV is to fly from its initial position to the radar site as quickly as 
possible. We measure how well controllers accomplish this task by averaging the squared 
distance between the UAV and the goal over all time steps. We normalize this distance 
using the initial distance between the radar and the UAV in order to mitigate the effect of 
varying distances from the random placement of radar sites. The normalized distance fitness 
measure is given as 
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where T is the total number of time steps, d0 is the initial distance, and di is the distance at 
time i. We are trying to minimize fitness1. 

3.4.2 Circling distance 
The secondary goal of the UAV is to circle closely around the source, since most applications 
of this type of controller require proximity to the target; when the UAV is within range of 
the target, it should circle around it. An arbitrary distance much larger than the desired 
circling radius is defined as the in-range distance. For this research, the in-range distance 
was set to be 10 nmi. The circling distance fitness metric measures the average distance 
between the UAV and the radar over the time the UAV is in range. The distance is squared 
to apply pressure to GP to evolve very small circling distances. While the circling distance is 
also measured by fitness1, that metric is dominated by distances far away from the goal and 
applies very little evolutionary pressure to circling behavior. The circling distance fitness 
measure is given as 
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where N is the amount of time the UAV spent within the in-range boundary of the radar 
and inrange is 1 when the UAV is in-range and 0 otherwise. We are trying to minimize 
fitness2. 

3.4.3 Level time 
In addition to the primary goals of moving toward a radar site and circling it closely, it is 
also desirable for the UAV to fly efficiently in order to minimize the flight time necessary to 
get close to the goal and to prevent potentially dangerous flight dynamics, like frequent and 
drastic changes in the roll angle. The first fitness metric that measures the efficiency of the 
flight path is the level time, the amount of time the UAV spends with a roll angle of zero 
degrees, which is the most stable flight position for a UAV. This fitness metric only applies 
when the UAV is outside the in-range distance; once the UAV is in range, we want it to 
circle around the radar, requiring a non-zero roll angle. The level time is given as 
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where level is 1 when the UAV has been level for two consecutive time steps and 0 
otherwise. We are trying to maximize fitness3. 

3.4.4 Turn cost 
The second fitness measure intended to produce an efficient flight path is a measure of turn 
cost. While UAVs are capable of quick, sharp turns, it is preferable to avoid them in favor of 
more gradual turns. The turn cost fitness measure is intended to penalize controllers that 
navigate using a large number of sharp, sudden turns because this behavior may cause 
unstable flight, even stalling. The UAV can achieve a small turning radius without penalty 
by changing the roll angle gradually; this fitness metric only accounts for cases where the 
roll angle has changed by more than 10° since the last time step. The turn cost is given as 
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where φ is the roll angle of the UAV and hardturn is 1 if the roll angle has changed by more 
than 10° since the last time step and 0 otherwise. We are trying to minimize fitness4. 

3.5 Genetic Programming 
We designed the four fitness functions to evolve particular behaviors, but the optimization 
of any one function could conflict heavily with the performance of the others. Combining 
the functions using multi-objective optimization is extremely attractive due to the use of 
non-dominated sorting. The population is sorted into ranks, where within a rank no 
individual is dominant in all four fitness metrics. Applying the term multi-objective 
optimization to this evolutionary process is a slight misnomer, because this research was 
concerned with the generation of behaviors, not optimization. In the same way that a 
traditional genetic algorithm can be used for both optimization and generation, so can 
multi-objective methods. Though this process isn’t concerned with generating the most 
optimized controllers possible, it can obtain near-optimal solutions. In this research, we 
evolved UAV controllers using an implementation of NSGA-II (Deb et al., 2002) for GP. The 
multi-objective genetic algorithm employs non-dominated sorting, crowding distance 
assignment to each solution, and elitism. 
The function and terminal sets used in this work combine a set of very common functions 
used in GP experiments with a set of functions specific to this problem. The function and 
terminal sets are defined as 
 
F = { Prog2, Prog3, IfThen, IfThenElse, And, Or, Not, <, ≤, >, ≥, <0, >0, =, +, -, *, ÷, X<0, Y<0, 
X>max, Y>max, Amplitude>0, AmplitudeSlope>0, AmplitudeSlope<0, AoA>Arg, AoA<Arg } 
 
T = { HardLeft, HardRight, ShallowLeft, ShallowRight, WingsLevel, NoChange, rand, 0, 1 }  
 
The UAV has a GPS on-board, and the position of the UAV is given by the x and y distances 
from the origin, located in the southwest corner of the simulation area. This position 
information is available using the functions that include X and Y, with max equal to 100 nmi, 
the length of one side of the simulation area. The UAV is free to move outside of this area 
during the simulation, but the radar is always placed within it. The two available sensor 
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3.4.1 Normalized distance 
The primary goal of the UAV is to fly from its initial position to the radar site as quickly as 
possible. We measure how well controllers accomplish this task by averaging the squared 
distance between the UAV and the goal over all time steps. We normalize this distance 
using the initial distance between the radar and the UAV in order to mitigate the effect of 
varying distances from the random placement of radar sites. The normalized distance fitness 
measure is given as 
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where T is the total number of time steps, d0 is the initial distance, and di is the distance at 
time i. We are trying to minimize fitness1. 

3.4.2 Circling distance 
The secondary goal of the UAV is to circle closely around the source, since most applications 
of this type of controller require proximity to the target; when the UAV is within range of 
the target, it should circle around it. An arbitrary distance much larger than the desired 
circling radius is defined as the in-range distance. For this research, the in-range distance 
was set to be 10 nmi. The circling distance fitness metric measures the average distance 
between the UAV and the radar over the time the UAV is in range. The distance is squared 
to apply pressure to GP to evolve very small circling distances. While the circling distance is 
also measured by fitness1, that metric is dominated by distances far away from the goal and 
applies very little evolutionary pressure to circling behavior. The circling distance fitness 
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where N is the amount of time the UAV spent within the in-range boundary of the radar 
and inrange is 1 when the UAV is in-range and 0 otherwise. We are trying to minimize 
fitness2. 

3.4.3 Level time 
In addition to the primary goals of moving toward a radar site and circling it closely, it is 
also desirable for the UAV to fly efficiently in order to minimize the flight time necessary to 
get close to the goal and to prevent potentially dangerous flight dynamics, like frequent and 
drastic changes in the roll angle. The first fitness metric that measures the efficiency of the 
flight path is the level time, the amount of time the UAV spends with a roll angle of zero 
degrees, which is the most stable flight position for a UAV. This fitness metric only applies 
when the UAV is outside the in-range distance; once the UAV is in range, we want it to 
circle around the radar, requiring a non-zero roll angle. The level time is given as 
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where level is 1 when the UAV has been level for two consecutive time steps and 0 
otherwise. We are trying to maximize fitness3. 

3.4.4 Turn cost 
The second fitness measure intended to produce an efficient flight path is a measure of turn 
cost. While UAVs are capable of quick, sharp turns, it is preferable to avoid them in favor of 
more gradual turns. The turn cost fitness measure is intended to penalize controllers that 
navigate using a large number of sharp, sudden turns because this behavior may cause 
unstable flight, even stalling. The UAV can achieve a small turning radius without penalty 
by changing the roll angle gradually; this fitness metric only accounts for cases where the 
roll angle has changed by more than 10° since the last time step. The turn cost is given as 
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where φ is the roll angle of the UAV and hardturn is 1 if the roll angle has changed by more 
than 10° since the last time step and 0 otherwise. We are trying to minimize fitness4. 

3.5 Genetic Programming 
We designed the four fitness functions to evolve particular behaviors, but the optimization 
of any one function could conflict heavily with the performance of the others. Combining 
the functions using multi-objective optimization is extremely attractive due to the use of 
non-dominated sorting. The population is sorted into ranks, where within a rank no 
individual is dominant in all four fitness metrics. Applying the term multi-objective 
optimization to this evolutionary process is a slight misnomer, because this research was 
concerned with the generation of behaviors, not optimization. In the same way that a 
traditional genetic algorithm can be used for both optimization and generation, so can 
multi-objective methods. Though this process isn’t concerned with generating the most 
optimized controllers possible, it can obtain near-optimal solutions. In this research, we 
evolved UAV controllers using an implementation of NSGA-II (Deb et al., 2002) for GP. The 
multi-objective genetic algorithm employs non-dominated sorting, crowding distance 
assignment to each solution, and elitism. 
The function and terminal sets used in this work combine a set of very common functions 
used in GP experiments with a set of functions specific to this problem. The function and 
terminal sets are defined as 
 
F = { Prog2, Prog3, IfThen, IfThenElse, And, Or, Not, <, ≤, >, ≥, <0, >0, =, +, -, *, ÷, X<0, Y<0, 
X>max, Y>max, Amplitude>0, AmplitudeSlope>0, AmplitudeSlope<0, AoA>Arg, AoA<Arg } 
 
T = { HardLeft, HardRight, ShallowLeft, ShallowRight, WingsLevel, NoChange, rand, 0, 1 }  
 
The UAV has a GPS on-board, and the position of the UAV is given by the x and y distances 
from the origin, located in the southwest corner of the simulation area. This position 
information is available using the functions that include X and Y, with max equal to 100 nmi, 
the length of one side of the simulation area. The UAV is free to move outside of this area 
during the simulation, but the radar is always placed within it. The two available sensor 
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measurements are the amplitude of the incoming radar signal and the AoA. Additionally, 
the slope of the amplitude with respect to time is available to GP. When turning, there are 
six available actions. Turns may be hard or shallow, with hard turns making a ten degree 
change in the roll angle and shallow turns a two degree change. The WingsLevel terminal 
sets the roll angle to 0, and the NoChange terminal keeps the roll angle the same. Multiple 
turning actions may be executed during one time step, since the roll angle is changed as a 
side effect of each terminal. The final roll angle after the navigation controller is finished 
executing is passed to the autopilot. The maximum roll angle is forty-five degrees. Each of 
the six terminals returns the current roll angle. 
GP was generational, with crossover and mutation similar to those outlined by Koza (Koza, 
1992). The parameters used by GP are shown in Table 1. Tournament selection was used. 
Initial trees were randomly generated using ramped half and half initialization. 
 

Population size 500 
Tournament size 2 

Simulation runs per evaluation 30 
Maximum initial GP tree depth 5 

Maximum GP tree depth 21 
Crossover rate 0.9 
Mutation rate 0.05

Table 1. GP parameters 

In GP, evaluating the fitness of the individuals within a population takes significant 
computational time. The evaluation of each individual requires multiple trials, 30 trials per 
evaluation in this research. During each trial, the UAV and the radar are placed randomly 
and four hours of flight time are simulated. Evaluating an entire population of 500 
individuals for a single generation requires 15,000 trials. Therefore, using massively parallel 
computational processors to parallelize these evaluations is advantageous. In this research, 
the master-slave model of parallel processing was used. The data communication between 
master and slave processors was done using the Message Passing Interface (MPI) standard 
under the Linux operating system. The master node ran the GP algorithm and did all 
computations related to selection, crossover, and mutation. Evaluations of individuals in the 
population were sent to slave nodes. The parallel computer used for the experiments was a 
Beowulf cluster made up of 46 computers running Linux. Each computer had two 2.4 GHz 
Pentium 4 processors with hyper-threading, for a total of 92 processors in the cluster. 
Hyper-threading provides a small performance gain for multiple simultaneous processes, so 
two slave nodes were run on each processor, for a total of 184 slave nodes spread over the 92 
processors in the cluster. 

4. Evolution Experiments 
We used multi-objective GP to evolve autonomous navigation controllers for UAVs. 
Controllers were evolved on radar types of varying difficulties. We evolved controllers 
using subsets of the four fitness functions in order to evaluate the effect of each fitness 
measure on controller behavior. In order to gauge the performance of evolution for multiple 
objectives, we devised test functions to measure the performance of a controller on the task. 
We then evolved controllers using both direct evolution and incremental evolution for five 
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radar types: continuously emitting, stationary radars; continuously emitting, mobile radars; 
intermittently emitting, stationary radars with regular emitting periods; intermittently 
emitting, stationary radars with irregular emitting periods; and intermittently emitting, 
mobile radars with regular emitting periods. In order to statistically measure the 
performance of GP on this problem, we did 50 evolutionary runs for each type of radar, 
where each run produced 500 controllers. 

4.1 Effectiveness of Fitness Functions 
To test the effectiveness of each of the four fitness measures, we evolved controllers using 
various subsets of the fitness metrics. These tests were done using the stationary, 
continuously emitting radar: this was the simplest of the radar types used for this research. 
The first fitness measure, the normalized distance, was included in every subset. The 
primary goal of the UAV is to fly from its initial position to the radar site as quickly as 
possible; fitness1 is the only one of the four fitness functions that measures this behavior. 
When only fitness1 was used to measure controller fitness, flight paths were very direct. The 
UAV flew to the target in what appeared to be a straight line. To achieve this direct route to 
the target, the controller would use sharp and alternating turns. The UAV would almost 
never fly level to the ground, and all turns were over 10°. Circling was also not consistent; 
the controllers frequently changed direction while within the in-range boundary of the 
radar, rather than orbiting in a circle around the target. For this simplest of fitness measures, 
evolution tended to select very simple bang-bang type control, changing the roll angle at 
every time step using sharp right and left turns.. 
Using only two fitness measures was not sufficient to achieve the desired behaviors. If 
fitness1 and fitness2 (circling distance) were used, the circling behavior improved, but the 
efficiency of the flight path was unchanged. If fitness1 and fitness4 (turn cost) were used, 
turns were shallower, but the UAV still failed to fly with its wings level to the ground for 
long periods. Circling around the target also became more erratic and the size of the orbits 
increased. If fitness1 and fitness3 (level time) were used, the UAV would fly level a large 
amount of the time, but circling was very poor, with larger radius orbits or erratic behavior 
close to the target. Sharp turns were also very common. 
If three of the fitness measures were used, evolved behavior was improved, but not enough to 
satisfy the mission goals. If all fitness measures were used except fitness2, the UAV would fly 
efficiently to the target, staying level and using only shallow turns. Once in range of the radar, 
circling was generally poor. Evolved controllers either displayed large, circular orbits or very 
erratic behavior that was unable to keep the UAV close to the radar. If fitness1, fitness2, and 
fitness4 were used, the UAV would circle well once it flew in range of the radar. While flying 
toward the radar, the UAV failed to fly level, though turns tended to be shallow. The best 
combination of three fitness measures was when only fitness4 was removed. In this case, 
circling was good and the UAV tended to fly straight to the target. The level time fitness 
measure also tended to keep the turns shallow and to eliminate alternating between right and 
left turns. However, turn cost was still high, as many turns were sharp. 
When we used all four of the fitness functions, the evolved controllers were able to 
overcome a noisy environment and inaccurate sensor data in tracking and orbiting a radar 
site. A variety of navigation strategies were evolved to satisfy these fitness functions. All 
four fitness measures had an impact on the behavior of the evolved controllers, and all four 
were necessary to achieve the desired flight characteristics. 
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In GP, evaluating the fitness of the individuals within a population takes significant 
computational time. The evaluation of each individual requires multiple trials, 30 trials per 
evaluation in this research. During each trial, the UAV and the radar are placed randomly 
and four hours of flight time are simulated. Evaluating an entire population of 500 
individuals for a single generation requires 15,000 trials. Therefore, using massively parallel 
computational processors to parallelize these evaluations is advantageous. In this research, 
the master-slave model of parallel processing was used. The data communication between 
master and slave processors was done using the Message Passing Interface (MPI) standard 
under the Linux operating system. The master node ran the GP algorithm and did all 
computations related to selection, crossover, and mutation. Evaluations of individuals in the 
population were sent to slave nodes. The parallel computer used for the experiments was a 
Beowulf cluster made up of 46 computers running Linux. Each computer had two 2.4 GHz 
Pentium 4 processors with hyper-threading, for a total of 92 processors in the cluster. 
Hyper-threading provides a small performance gain for multiple simultaneous processes, so 
two slave nodes were run on each processor, for a total of 184 slave nodes spread over the 92 
processors in the cluster. 

4. Evolution Experiments 
We used multi-objective GP to evolve autonomous navigation controllers for UAVs. 
Controllers were evolved on radar types of varying difficulties. We evolved controllers 
using subsets of the four fitness functions in order to evaluate the effect of each fitness 
measure on controller behavior. In order to gauge the performance of evolution for multiple 
objectives, we devised test functions to measure the performance of a controller on the task. 
We then evolved controllers using both direct evolution and incremental evolution for five 
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radar types: continuously emitting, stationary radars; continuously emitting, mobile radars; 
intermittently emitting, stationary radars with regular emitting periods; intermittently 
emitting, stationary radars with irregular emitting periods; and intermittently emitting, 
mobile radars with regular emitting periods. In order to statistically measure the 
performance of GP on this problem, we did 50 evolutionary runs for each type of radar, 
where each run produced 500 controllers. 

4.1 Effectiveness of Fitness Functions 
To test the effectiveness of each of the four fitness measures, we evolved controllers using 
various subsets of the fitness metrics. These tests were done using the stationary, 
continuously emitting radar: this was the simplest of the radar types used for this research. 
The first fitness measure, the normalized distance, was included in every subset. The 
primary goal of the UAV is to fly from its initial position to the radar site as quickly as 
possible; fitness1 is the only one of the four fitness functions that measures this behavior. 
When only fitness1 was used to measure controller fitness, flight paths were very direct. The 
UAV flew to the target in what appeared to be a straight line. To achieve this direct route to 
the target, the controller would use sharp and alternating turns. The UAV would almost 
never fly level to the ground, and all turns were over 10°. Circling was also not consistent; 
the controllers frequently changed direction while within the in-range boundary of the 
radar, rather than orbiting in a circle around the target. For this simplest of fitness measures, 
evolution tended to select very simple bang-bang type control, changing the roll angle at 
every time step using sharp right and left turns.. 
Using only two fitness measures was not sufficient to achieve the desired behaviors. If 
fitness1 and fitness2 (circling distance) were used, the circling behavior improved, but the 
efficiency of the flight path was unchanged. If fitness1 and fitness4 (turn cost) were used, 
turns were shallower, but the UAV still failed to fly with its wings level to the ground for 
long periods. Circling around the target also became more erratic and the size of the orbits 
increased. If fitness1 and fitness3 (level time) were used, the UAV would fly level a large 
amount of the time, but circling was very poor, with larger radius orbits or erratic behavior 
close to the target. Sharp turns were also very common. 
If three of the fitness measures were used, evolved behavior was improved, but not enough to 
satisfy the mission goals. If all fitness measures were used except fitness2, the UAV would fly 
efficiently to the target, staying level and using only shallow turns. Once in range of the radar, 
circling was generally poor. Evolved controllers either displayed large, circular orbits or very 
erratic behavior that was unable to keep the UAV close to the radar. If fitness1, fitness2, and 
fitness4 were used, the UAV would circle well once it flew in range of the radar. While flying 
toward the radar, the UAV failed to fly level, though turns tended to be shallow. The best 
combination of three fitness measures was when only fitness4 was removed. In this case, 
circling was good and the UAV tended to fly straight to the target. The level time fitness 
measure also tended to keep the turns shallow and to eliminate alternating between right and 
left turns. However, turn cost was still high, as many turns were sharp. 
When we used all four of the fitness functions, the evolved controllers were able to 
overcome a noisy environment and inaccurate sensor data in tracking and orbiting a radar 
site. A variety of navigation strategies were evolved to satisfy these fitness functions. All 
four fitness measures had an impact on the behavior of the evolved controllers, and all four 
were necessary to achieve the desired flight characteristics. 
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4.2 Evolution 
In this research, we used both direct and incremental evolution. In direct evolution, 
controllers were evolved from random initial populations for continuously emitting, 
stationary radars; continuously emitting, mobile radars; intermittently emitting, stationary 
radars with regular periods; intermittently emitting, stationary radars with irregular 
periods; and intermittently emitting, mobile radars with regular periods. For each 
experiment, we performed 50 evolutionary runs and then selected successful controllers.  
While all four objectives are important, moving the UAV to the goal is the highest priority. 
To emphasize this objective, controllers evolved directly from random initial populations 
used functional incremental evolution, which incrementally changes the fitness function to 
increase the difficulty of the problem. Only the normalized distance fitness measure was 
used for the first 200 generations; the last 400 generations used all four of the fitness 
functions. 
To improve the chances of successfully evolving acceptable controllers for the more complex 
radar types, we used environmental incremental evolution. Unlike the direct evolution 
experiments, which always started with a random initial population, these experiments 
used evolved populations from simpler radar types as seed populations. Environmental 
incremental evolution incrementally increases the difficulty of the environment or task faced 
by evolution, while leaving the fitness function unchanged. In this research, random 
populations are initialized and then evolved for 600 generations on continuously emitting, 
stationary radars to create seed populations. Controllers for more difficult radars are then 
evolved for 400 generations using these seed populations. Populations were incrementally 
evolved on progressively more difficult radar types: continuously emitting, mobile radars; 
intermittently emitting, stationary radars; and intermittently emitting, mobile radars. Figure 
2 graphically summarizes the process of incremental evolution used in this work. 

 
Figure 2. Environmental incremental evolution process 

4.3 Test Metrics for Controller Evaluation 
During controller evolution, four fitness functions determined the success of individual 
UAV navigation controllers. The fitness of a controller was measured over 30 simulation 
trials, where the UAV and radar positions were random for every trial. We designed the 
four fitness functions to measure how well a controller satisfied the goals of moving toward 
the radar, circling the radar closely, and flying in an efficient and stable manner. 
These four fitness functions worked well to evolve good controllers, but because the functions 
were designed to exert evolutionary pressure throughout each run, not all the values each 
function produces are immediately meaningful. For the purposes of testing evolved 
controllers, we designed four test functions which measure the same qualities as the four 
fitness functions. The values these test functions produce are more meaningful to an observer. 
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4.3.1 Flying to the radar 
The primary goal of the UAV is to fly from its initial position to the radar site as quickly as 
possible. The first fitness function, fitness1, measured how well controllers accomplish this 
task by averaging the squared distance between the UAV and the goal over all time steps. 
We normalized this distance using the initial distance between the radar and the UAV in 
order to mitigate the effect of varying distances from the random placement of radar sites. 
However, this measure does include a slight bias against longer initial distances, and 
produces a value without much meaning for an observer. We eliminated this bias in the first 
test function, test1, by measuring percent error in flight time to the target. The total 
simulated time of four hours, or 14400 seconds, is divided into Tin, the number of seconds 
the distance between the UAV and radar is less than 10 nmi, and Tout, when this distance is 
greater than or equal to 10 nmi. 

 secondsTTT outintotal 14400=+=  (5) 

The error in the time it takes to fly to the radar is just the actual time, Tout, minus the shortest 
possible time, Texpect, which is computed from D, the shortest possible distance in nautical 
miles a UAV could travel to fly from its starting position to each radar location, and the 
UAV speed of 80 knots. 
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The test function is given as 
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For our tests, a value for test1 near zero indicates a good flight. 

4.3.2 Circling the radar 
In early tests, we found that finding the mean squared circling distance exerted more 
pressure to evolve good circling behavior than if we simply used the mean circling distance. 
The circling distance fitness function used to evolve the controllers used the mean squared 
distance between the UAV and the radar when this distance was less than 10 nmi. For our 
tests, we were more concerned with the actual mean circling distance, so the test function, 
test2, is the mean circling distance between the UAV and the radar when this distance is less 
than 10 nmi. The circling distance test function is 
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where inrange equals 1 if the distance between the UAV and the radar is less than 10 nmi 
and 0 otherwise. 
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4.3.1 Flying to the radar 
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possible. The first fitness function, fitness1, measured how well controllers accomplish this 
task by averaging the squared distance between the UAV and the goal over all time steps. 
We normalized this distance using the initial distance between the radar and the UAV in 
order to mitigate the effect of varying distances from the random placement of radar sites. 
However, this measure does include a slight bias against longer initial distances, and 
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where inrange equals 1 if the distance between the UAV and the radar is less than 10 nmi 
and 0 otherwise. 



Frontiers in Evolutionary Robotics 

 

364 

4.3.3 Efficient flight 
The first fitness function used to measure the efficiency of flight, fitness3, is the number of 
time steps the UAV spends with a roll angle of 0° while traveling to the target. When the 
mean value of this fitness function is taken over many simulated flights, it provides a good 
measure of the amount of time a UAV spends flying in the most efficient posture. For the 
ability to look at single flights as well as a large number of simulations, we created test3, 
which measures the percentage of the expected time the UAV spends flying level. 
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where level is 1 when the UAV has been level for two consecutive time steps and 0 
otherwise. For our tests we would like test3 to be as small as possible. 

4.3.4 Stable flight 
The second test function to evaluate the efficiency of flight is a measure of turn cost. While 
UAVs are capable of quick, sharp turns, it is preferable to avoid these in favor of more 
gradual turns. The original turn cost fitness function fitness4, also used as test4, was intended 
to penalize controllers that navigate using a large number of sharp, sudden turns because 
this behavior may cause unstable flight or stalling. The UAV can achieve a small turning 
radius without penalty by changing the roll angle gradually; the metric only accounts for 
cases where the roll angle has changed by more than 10° since the last time step. The turn 
cost is given as 
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where φ is the roll angle of the UAV and hardturn is 1 if the roll angle has changed by more 
than 10° since the last time step and 0 otherwise. We would like to minimize test4. 

4.4 Controller Evaluation 
Since multi-objective optimization produces a Pareto front of solutions, rather than a single 
best solution, we needed a method to gauge the performance of evolution. To do this, we 
selected values we considered acceptable for the four fitness metrics. We defined a 
minimally successful UAV controller as able to move quickly to the target radar site, circle at 
an average distance under 2 nmi, fly with a roll angle of  0° for approximately half the 
distance to the radar, and turn sharply less than 0.5% of the total flight time. If a controller 
had test1 less than 0.2, test2 less than 2, test3 less than 0.5, and test4 less than 0.05, the evolution 
was considered successful. These baseline values were used only for our analysis, not for the 
evolutionary process. 

4.5 Direct Evolution 
Table 2 shows the number of successful runs and the success rate for each of the five radar 
types and the total number of successful controllers, average number of successful 
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controllers for an evolutionary run, and maximum number of controllers evolved in an 
evolutionary run for each of the radar types using direct evolution. 
 

Evolutionary runs Successful controllers 
Radar type Total Successful Percent Total Average Maximum 

Continuous, stationary 50 45 90% 3,149 62.98 170 
Continuous, mobile 50 36 72% 2,266 45.32 206 

Inter. (regular), stationary 50 25 50% 1,891 37.82 156 
Inter. (irregular), stationary 50 29 58% 2,374 47.48 172 

Intermittent, mobile 50 16 32% 569 11.38 93 

Table 2. Number of successful runs and controllers for direct evolution experiments 

Unlike continuously emitting radars, intermittently emitting radars were quite difficult for 
evolution. This should come as no surprise; the sensors on-board the UAV receive only half 
as much information from this type of radar as from a continuously emitting radar. Since 
the controllers evolved in this research have no a priori knowledge of the radar location and 
no internal model of the world, evolution must devise a strategy for times when the emitter 
is turned off. Despite the increased difficulty of this experiment, evolution was able to 
produce a large number of successful controllers. 

4.6 Incremental Evolution 
The results of the incremental evolution experiments are shown in Table 3. 
 

Evolutionary runs Successful controllers 
Radar type Total Successful Percent Total Average Maximum 

Continuous, stationary 50 45 90% 2,815 56.30 166 
Continuous, mobile 50 45 90% 2,774 55.48 179 

Intermittent, stationary 50 42 84% 2,083 41.66 143 
Intermittent, mobile 50 37 74% 1,602 32.04 143 

Table 3. Number of successful runs and controllers for incremental evolution experiments 

To begin the incremental evolution process, we evolved controllers for continuously 
emitting, stationary radars. This new set of evolutionary runs was used as a seed for the 
incremental evolution experiments. Like the experiments described in Section 4.5, 45 of the 
50 evolutionary runs were successful, for a success rate of 90% 
In the second stage of incremental evolution, each of the seed populations was used as the 
initial population for an evolutionary run, which evolved for 400 generations on 
continuously emitting, mobile radars. The use of incremental evolution improved the 
success rate of evolution on this type of radar. The 90% success rate using incremental 
evolution was an increase over the 72% success rate using direct evolution. 
In the third stage of incremental evolution, each of the populations evolved in the second 
stage was used as a seed population for 400 generations of evolution on intermittently 
emitting, stationary radars with regular periods. The use of multiple increments, or stages of 
evolution, dramatically increased the ability of evolution to produce adept controllers for 
this type of radar. The success rate for evolution on intermittently emitting, stationary 
radars increased from 50% for direct evolution to 84% in this experiment. This increase in 
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4.3.3 Efficient flight 
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time steps the UAV spends with a roll angle of 0° while traveling to the target. When the 
mean value of this fitness function is taken over many simulated flights, it provides a good 
measure of the amount of time a UAV spends flying in the most efficient posture. For the 
ability to look at single flights as well as a large number of simulations, we created test3, 
which measures the percentage of the expected time the UAV spends flying level. 
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where level is 1 when the UAV has been level for two consecutive time steps and 0 
otherwise. For our tests we would like test3 to be as small as possible. 

4.3.4 Stable flight 
The second test function to evaluate the efficiency of flight is a measure of turn cost. While 
UAVs are capable of quick, sharp turns, it is preferable to avoid these in favor of more 
gradual turns. The original turn cost fitness function fitness4, also used as test4, was intended 
to penalize controllers that navigate using a large number of sharp, sudden turns because 
this behavior may cause unstable flight or stalling. The UAV can achieve a small turning 
radius without penalty by changing the roll angle gradually; the metric only accounts for 
cases where the roll angle has changed by more than 10° since the last time step. The turn 
cost is given as 
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where φ is the roll angle of the UAV and hardturn is 1 if the roll angle has changed by more 
than 10° since the last time step and 0 otherwise. We would like to minimize test4. 

4.4 Controller Evaluation 
Since multi-objective optimization produces a Pareto front of solutions, rather than a single 
best solution, we needed a method to gauge the performance of evolution. To do this, we 
selected values we considered acceptable for the four fitness metrics. We defined a 
minimally successful UAV controller as able to move quickly to the target radar site, circle at 
an average distance under 2 nmi, fly with a roll angle of  0° for approximately half the 
distance to the radar, and turn sharply less than 0.5% of the total flight time. If a controller 
had test1 less than 0.2, test2 less than 2, test3 less than 0.5, and test4 less than 0.05, the evolution 
was considered successful. These baseline values were used only for our analysis, not for the 
evolutionary process. 

4.5 Direct Evolution 
Table 2 shows the number of successful runs and the success rate for each of the five radar 
types and the total number of successful controllers, average number of successful 

Evolved Navigation Control for Unmanned Aerial Vehicles 

 

365 

controllers for an evolutionary run, and maximum number of controllers evolved in an 
evolutionary run for each of the radar types using direct evolution. 
 

Evolutionary runs Successful controllers 
Radar type Total Successful Percent Total Average Maximum 

Continuous, stationary 50 45 90% 3,149 62.98 170 
Continuous, mobile 50 36 72% 2,266 45.32 206 

Inter. (regular), stationary 50 25 50% 1,891 37.82 156 
Inter. (irregular), stationary 50 29 58% 2,374 47.48 172 

Intermittent, mobile 50 16 32% 569 11.38 93 

Table 2. Number of successful runs and controllers for direct evolution experiments 

Unlike continuously emitting radars, intermittently emitting radars were quite difficult for 
evolution. This should come as no surprise; the sensors on-board the UAV receive only half 
as much information from this type of radar as from a continuously emitting radar. Since 
the controllers evolved in this research have no a priori knowledge of the radar location and 
no internal model of the world, evolution must devise a strategy for times when the emitter 
is turned off. Despite the increased difficulty of this experiment, evolution was able to 
produce a large number of successful controllers. 

4.6 Incremental Evolution 
The results of the incremental evolution experiments are shown in Table 3. 
 

Evolutionary runs Successful controllers 
Radar type Total Successful Percent Total Average Maximum 

Continuous, stationary 50 45 90% 2,815 56.30 166 
Continuous, mobile 50 45 90% 2,774 55.48 179 

Intermittent, stationary 50 42 84% 2,083 41.66 143 
Intermittent, mobile 50 37 74% 1,602 32.04 143 

Table 3. Number of successful runs and controllers for incremental evolution experiments 

To begin the incremental evolution process, we evolved controllers for continuously 
emitting, stationary radars. This new set of evolutionary runs was used as a seed for the 
incremental evolution experiments. Like the experiments described in Section 4.5, 45 of the 
50 evolutionary runs were successful, for a success rate of 90% 
In the second stage of incremental evolution, each of the seed populations was used as the 
initial population for an evolutionary run, which evolved for 400 generations on 
continuously emitting, mobile radars. The use of incremental evolution improved the 
success rate of evolution on this type of radar. The 90% success rate using incremental 
evolution was an increase over the 72% success rate using direct evolution. 
In the third stage of incremental evolution, each of the populations evolved in the second 
stage was used as a seed population for 400 generations of evolution on intermittently 
emitting, stationary radars with regular periods. The use of multiple increments, or stages of 
evolution, dramatically increased the ability of evolution to produce adept controllers for 
this type of radar. The success rate for evolution on intermittently emitting, stationary 
radars increased from 50% for direct evolution to 84% in this experiment. This increase in 
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success rate suggests that incremental evolution is a very effective technique for this 
problem. 
In the fourth and final stage of incremental evolution, each of the populations evolved the 
third stage was used as a seed population to evolve controllers for intermittently emitting, 
mobile radars with regular periods over 400 generations. Using multiple stages of 
incremental evolution increased the ability of evolution to successfully produce good results 
for this radar type. The success rate for intermittently emitting, mobile radars was 32% for 
direct evolution, but the success rate jumped all the way to 74% with incremental evolution. 

4.7 Transference to a Wheeled Mobile Robot 
To evaluate the ability of evolved controllers to control real vehicles, we transferred evolved 
UAV navigation controllers to a wheeled mobile robot. We used a small autonomous mobile 
robot called the EvBot II (Mattos, 2003), shown in Figure 3. The robot is equipped with an 
on-board computer responsible for all computation, data acquisition and high-level control. 
The robot is connected to a wireless network and supports video data acquisition through a 
USB video camera. The EvBot is equipped with an on-board passive sonar system that 
makes use of an acoustic array formed by eight microphones distributed in a fixed 3-D 
arrangement around the robot. It uses data collected from the array to perform 
beamforming and to find the direction and intensity of sound sources. The passive sonar 
system is susceptible to environmental noise, and the direction of a source found by the 
acoustic array is only accurate within approximately ±45°. 

 
Figure 3. The EvBot II mobile robot equipped with an acoustic array 

Testing the evolved controllers on the EvBot was attractive because the passive sonar system 
is an acoustic analog to the radar sensor used in simulation. The two signal types propagate 
similarly, and both sensors detect signal strength and direction. The similarities between the 
two systems made it possible to transfer evolved UAV controllers to an EvBot. In evaluating 
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the transference of the evolved controllers, we were not interested in showing optimal 
behavior on the robot platform. Instead, our concern was that the controllers should exhibit 
the same behaviors on the real robots as they did in simulation, particularly robustness to 
noise. Since the sensor accuracy of the acoustic array was so much worse than that of the 
AoA sensor in our simulation, we evolved new controllers to transfer to the EvBot. The only 
change in the simulation was changing the AoA accuracy from ±10° to ±45°. 
Transference experiments were done in a 153 inch by 122 inch arena. A video camera with a 
fisheye lens was mounted above the maze environment to document experiments. In each 
experiment, the robot was placed along one wall facing toward the middle of the 
environment. A speaker was suspended a foot above the ground and continuously emitted a 
300 Hz tone. A circle was placed directly underneath the speaker as a visual reference point, 
since the fisheye lens tended to distort the location of the speaker in images captured by the 
overhead camera. Robot movement was discretized into steps, much like in the simulation. 
At each time step, the controller was executed to produce a roll angle. The EvBot was only 
calibrated to turn at multiples of 5°: calibrating the EvBot to turn at angles smaller than 5° 
would have been unreliable due to the size of the EvBot and the characteristics of its motors. 
After turning, the EvBot would always move forward the same amount, mimicking the 
constant speed of the UAV in simulation. The EvBot moved 3 inches per time step, and in 
simulation the UAV moved 0.02 nautical miles per time step. If these values are used to 
scale the maze environment, then the maze would represent an area approximately 1.13 nmi 
by 0.90 nmi. Hence, these experiments were not testing the entire flight path, only the very 
end of flight when the vehicle nears the target. 

 
Figure 4. Circling behavior comparison for the EvBot (scaled maze size shown in nmi) and a 
simulated UAV, both running evolved controllers 

Controllers evolved with a less accurate sensor were not as well adapted as those from 
previous work using more accurate sensors; flight paths were much less smooth and 
required more turns (Barlow et al., 2005). An evolved controller was tested 10 times on an 
EvBot. We chose this controller from the evolved population based primarily on good 
fitness values for normalized distance and circling distance, though level time and turn cost 
were also used. This controller was able to successfully drive the EvBot from its starting 
position to the speaker and then circle around the speaker. This small number of tests was 
enough to confirm that the controllers were consistently able to perform the task as desired. 
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success rate suggests that incremental evolution is a very effective technique for this 
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position to the speaker and then circle around the speaker. This small number of tests was 
enough to confirm that the controllers were consistently able to perform the task as desired. 
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Figure 4 shows a path from one of the experiments compared to the circling behavior in 
simulation of controllers evolved with ±10° sensor accuracy. Running this evolved controller 
on the EvBot produces a tight circling behavior with a regular orbit around the target. 

5. Robustness Analysis of GP Navigation Controllers  
Over the 50 evolutionary runs with populations of 500 for each run, we produced 25,000 GP 
trees. In each evolutionary run, all 500 members of the final population fell along the Pareto 
front. Many of these controllers, however, only performed well according to one of the test 
metrics described in Section 4.3 while doing poorly at the others. The evolved controller best 
suited for transference to a real UAV would perform well on all of the test metrics. Rather 
than thoroughly testing all of the evolved controllers, including the most poorly performing, 
we chose to test only a small number of the best controllers. We established several 
performance metrics to evaluate controllers. Through successive performance metric 
evaluations, we selected the 10 best controllers for testing and subjected these evolved 
controllers to a series of robustness tests. 

5.1 Performance Metrics 
Multi-objective optimization produces a Pareto front of solutions, rather than a single best 
solution. In order to rank the controllers, each performance metric should combine the four 
test functions into a single value. The basis for all the performance metrics are a set of 
baseline values, values for each test function that describe a minimally successful UAV 
controller, defined in Section 4.4. Controllers are compared using four performance metrics: 
1) failures, 2) normalized maximum, 3) normalized mean, and 4) average rank. 
The first performance metric, failures, measures the percentage of flights with test function 
values which fail to meet at least one of the baseline values. A simulation run is a failure if 
there exists an m such that testm(r,n) is greater than baselinem, where test1…4(r,n) are the values 
of the four test functions for simulation run n for radar r. The failure percentage for a 
controller f and a test t is given as 
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where N is the total number of simulations and F is the number of simulation runs that fail. 
The second performance metric, normalized maximum, measures how poorly a controller 
does when it fails. While the failures performance metric measures how often a controller 
fails, it does not measure how badly it might fail. Some controllers might perform well most 
of the time, but do not fail gracefully. The normalized maximum performance metric measures 
the worst failure for a particular controller. For each test function, the largest of the N values 
for each R radar is normalized by the baseline value for that function. Each value testm(r,n) is 
described by the test function (m), the radar type (r), and the simulation number (n). The 
maximum value over the M test functions is the normalized maximum, given as 
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The third performance metric, normalized mean, measures how well a controller performs in 
relation to the baseline values. While the two metrics above measure the consistency of the 
controller and how wildly it can fail, this metric shows the typical performance of a 
controller. The normalized mean is given as 
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The test function values for each objective are first averaged over the number of samples N, 
then over the number of radars R. For each objective, this average is normalized by the 
corresponding baseline value. We compute the normalized mean by taking the average over 
the M objectives. 
The fourth performance metric, average rank, combines the values from the first three metrics 
into a single metric. To measure the relative performance of the controllers and give each 
metric equal weight, the values for all g controllers are normalized to be between 0 and 1. 
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The value of metric4(f,t) is the mean of these normalized metrics. 
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If we wish to find metric4(f,T)  where T is a set of tests, we find metrick(f,T) values for each of 
the first three metrics 
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then normalize using Equation 14 and compute the metric using Equation 15. 

5.2 Controller Selection 
The combination of simulated sensor noise and random positioning of UAVs and radars 
created an uncertain fitness landscape for this problem. During evolution, we averaged the 
values from 30 simulation trials to help mitigate this uncertainty, but for these robustness 
tests, orders of magnitude more tests would make test function values for individual 
controllers statistically meaningful. Rather than running thousands of simulations for each 
of the 25,000 controllers created by evolution—an approach that would have been too 
computationally expensive—we chose to perform a series of robustness tests on 10 of the 
best controllers. We selected these controllers over several stages, reducing the number of 
controllers by an order of magnitude during each step. 
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The third performance metric, normalized mean, measures how well a controller performs in 
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controller and how wildly it can fail, this metric shows the typical performance of a 
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created an uncertain fitness landscape for this problem. During evolution, we averaged the 
values from 30 simulation trials to help mitigate this uncertainty, but for these robustness 
tests, orders of magnitude more tests would make test function values for individual 
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of the 25,000 controllers created by evolution—an approach that would have been too 
computationally expensive—we chose to perform a series of robustness tests on 10 of the 
best controllers. We selected these controllers over several stages, reducing the number of 
controllers by an order of magnitude during each step. 
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First, we selected all controllers whose mean was lower than the baseline values for the four 
test functions described in Section 4. Of the 25,000 evolved controllers, 1,602 controllers had 
average fitness values better than the baseline values. This first method of selection was 
chosen because these 1,602 controllers had already been shown to perform well on the five 
radar types of interest: continuously emitting, stationary radars; continuously emitting, 
mobile radars; intermittently emitting, stationary radars with regular emitting periods; 
intermittently emitting, stationary radars with irregular emitting periods; and intermittently 
emitting, mobile radars with regular emitting periods. 
Second, we ran 100 simulation trials on each of the five radar types for each of the 1,602 
controllers and measured each flight using the test functions outlined in Section 4.3. For 
each radar type, we selected the best 35% of controllers using the failures performance metric 
described above. Then, we took the intersection of these five sets of controllers, leaving 298 
controllers out of the 1,602. This selection method was chosen to eliminate controllers that 
did not perform consistently well on all five of the radar types. Since some radar types were 
more difficult than others, using a single cutoff number of failures to select controllers 
would not have caught controllers that did not perform as well on the easier radar types. 
The choice of 35% was made in order to select approximately 300 controllers for further 
tests. 
Finally, we cut these 298 controllers down to 10 using the normalized maximum performance 
metric. This performance metric was applied to all 298 controllers and the 10 controllers 
with the lowest normalized maximum were selected as the best controllers for further testing. 
While counting the number of times a controller fails to meet the baseline values is a good 
way to compare controllers, this method gives no indication of the magnitude of failure. 
Using the normalized maximum metric helped eliminate controllers that usually performed 
well, but occasionally performed extremely poorly. Since a consistently sub-optimal 
controller is preferable to an unpredictable one, this metric was a good way to cut the set of 
controllers to a small number for final testing. 
We compared these 10 evolved controllers to two designed controllers, a hand-written 
controller specific to this domain and a proportional-derivative (PD) controller, a common 
feedback controller. We did not use a proportional-integral-derivative (PID) controller 
because intermittent and mobile radars made the integral term detrimental to performance 
in preliminary tests. After examining many successful evolved controllers, we designed the 
hand-written controller using only the function set available to GP. We used strategies seen 
in evolved controllers, but tried to reduce the complexity to an easy to understand controller 
that performed well under the same conditions used in evolution. Given the current AoA, 
amplitude, and roll angle as inputs, if the amplitude is greater than zero, the hand-written 
controller will make a turn of fixed magnitude if necessary. If the AoA is greater than 10°, 
the roll angle will be increased. If the AoA is less than -10°, the roll angle will be decreased. 
If the AoA is between 10° and -10°, and the magnitude of the roll angle is greater than zero, 
the roll angle will be increased or decreased to move it closer to zero. Otherwise, the roll 
angle remains at 0°. The PD controller takes as input the current AoA and the AoA at the 
previous time step. The derivative of AoA is approximated by using the difference between 
the AoA at the previous time step and the current AoA. We adjusted the proportional and 
derivative gains to give good performance under the same conditions used for evolution. 
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5.3 Robustness Testing 
During evolution, controller evaluation simulated an aircraft with constant speed, noise on 
the two sensor measurements (angle of arrival (AoA) and amplitude), and no state noise. 
The airspeed was 80 knots, AoA noise during evolution was ±10°, and the amplitude noise 
was ±6dB. To test the robustness of the evolved controllers, we increased the sensor noise 
and introduced sources of state noise. In addition to a control case with conditions identical 
to those during evolution, robustness tests fell into five categories by the type of noise: 1) 
AoA error, 2) amplitude error, 3) UAV airspeeds different from the speed used in evolution, 
4) heading error, 5) and wind effects (position error). For each robustness test, we tested ten 
evolved controllers, a hand-written controller, and a PD controller against all five radar 
types. For every combination of controller and radar, we performed 10,000 simulation runs, 
for a total of 50,000 simulations for each controller per robustness test. 
The sensor used most by evolved controllers was the AoA sensor. To test the robustness of 
evolved controllers, we varied the accuracy of the AoA sensor. The apparent AoA is given 
as the true angle to the target plus a normally distributed random number times the AoA 
accuracy. This accuracy was set to ±10° during evolution. For these robustness tests, we 
used AoA accuracies of ±{15°, 20°, 25°, 30°}. 
While the amplitude sensor was not often used by evolved controllers, we did one test 
where we increased the amplitude error. While the controllers were being evolved, the 
amplitude error was set to 6 dB; the robustness test used an error of 12 dB. In both cases, this 
error was multiplied by a normally distributed random number and added to the true 
amplitude to compute the apparent amplitude. 
During evolution, the speed of the UAV was held constant at 80 knots, but a UAV can 
obviously be flown at a variety of speeds. For instance, the UAV being considered for flight 
tests has a stall speed of 40 knots and a top speed of 110 knots. To test the performance of 
the evolved controllers at different speeds, we chose to test at 50 and 100 knots, values near 
the low and high end of the speed range. 
The evolved UAV controllers have a single control variable, roll angle, which is used by the 
simulation to change the heading of the UAV at each time step. In the version of the 
simulation used to evolve controllers, there was no noise in this process. It is possible that 
on a real UAV, the autopilot might not be able to respond perfectly to turn requests or wind 
might push the UAV off-course. To test the robustness of evolved controllers this possibility, 
we added noise to the heading state variable. At each time step, a normally distributed 
random variable multiplied by a heading error was added to the heading computed using 
the desired roll angle. For our tests, we used heading error values of  ±{0.5°, 1.0°, 1.5°, 2.0°}. 
A significant source of state error for UAVs in the real world is wind. During evolution, the 
effects of wind on a UAV were not taken into account. While wind may function as a source 
of heading noise, the largest effect examined here was on position error. For our robustness 
tests, we make the simplifying assumption that the wind acts as an external force vector that 
can be summed with the propulsion force vector to obtain the new position of the UAV. In 
reality, this assumption is pessimistic, but for the purposes of these robustness tests would 
help to gauge the effects of wind on evolved controllers. The wind direction was set 
randomly for each simulation, but once set, the wind direction was held constant for the 
duration of the simulation. The wind speed was calculated at each time step as the mean 
wind speed plus some variance. For our tests, we used wind speeds of {5, 10, 20, 30} knots 
with a variances of {1, 1, 5, 5} knots. 
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would not have caught controllers that did not perform as well on the easier radar types. 
The choice of 35% was made in order to select approximately 300 controllers for further 
tests. 
Finally, we cut these 298 controllers down to 10 using the normalized maximum performance 
metric. This performance metric was applied to all 298 controllers and the 10 controllers 
with the lowest normalized maximum were selected as the best controllers for further testing. 
While counting the number of times a controller fails to meet the baseline values is a good 
way to compare controllers, this method gives no indication of the magnitude of failure. 
Using the normalized maximum metric helped eliminate controllers that usually performed 
well, but occasionally performed extremely poorly. Since a consistently sub-optimal 
controller is preferable to an unpredictable one, this metric was a good way to cut the set of 
controllers to a small number for final testing. 
We compared these 10 evolved controllers to two designed controllers, a hand-written 
controller specific to this domain and a proportional-derivative (PD) controller, a common 
feedback controller. We did not use a proportional-integral-derivative (PID) controller 
because intermittent and mobile radars made the integral term detrimental to performance 
in preliminary tests. After examining many successful evolved controllers, we designed the 
hand-written controller using only the function set available to GP. We used strategies seen 
in evolved controllers, but tried to reduce the complexity to an easy to understand controller 
that performed well under the same conditions used in evolution. Given the current AoA, 
amplitude, and roll angle as inputs, if the amplitude is greater than zero, the hand-written 
controller will make a turn of fixed magnitude if necessary. If the AoA is greater than 10°, 
the roll angle will be increased. If the AoA is less than -10°, the roll angle will be decreased. 
If the AoA is between 10° and -10°, and the magnitude of the roll angle is greater than zero, 
the roll angle will be increased or decreased to move it closer to zero. Otherwise, the roll 
angle remains at 0°. The PD controller takes as input the current AoA and the AoA at the 
previous time step. The derivative of AoA is approximated by using the difference between 
the AoA at the previous time step and the current AoA. We adjusted the proportional and 
derivative gains to give good performance under the same conditions used for evolution. 
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5.3 Robustness Testing 
During evolution, controller evaluation simulated an aircraft with constant speed, noise on 
the two sensor measurements (angle of arrival (AoA) and amplitude), and no state noise. 
The airspeed was 80 knots, AoA noise during evolution was ±10°, and the amplitude noise 
was ±6dB. To test the robustness of the evolved controllers, we increased the sensor noise 
and introduced sources of state noise. In addition to a control case with conditions identical 
to those during evolution, robustness tests fell into five categories by the type of noise: 1) 
AoA error, 2) amplitude error, 3) UAV airspeeds different from the speed used in evolution, 
4) heading error, 5) and wind effects (position error). For each robustness test, we tested ten 
evolved controllers, a hand-written controller, and a PD controller against all five radar 
types. For every combination of controller and radar, we performed 10,000 simulation runs, 
for a total of 50,000 simulations for each controller per robustness test. 
The sensor used most by evolved controllers was the AoA sensor. To test the robustness of 
evolved controllers, we varied the accuracy of the AoA sensor. The apparent AoA is given 
as the true angle to the target plus a normally distributed random number times the AoA 
accuracy. This accuracy was set to ±10° during evolution. For these robustness tests, we 
used AoA accuracies of ±{15°, 20°, 25°, 30°}. 
While the amplitude sensor was not often used by evolved controllers, we did one test 
where we increased the amplitude error. While the controllers were being evolved, the 
amplitude error was set to 6 dB; the robustness test used an error of 12 dB. In both cases, this 
error was multiplied by a normally distributed random number and added to the true 
amplitude to compute the apparent amplitude. 
During evolution, the speed of the UAV was held constant at 80 knots, but a UAV can 
obviously be flown at a variety of speeds. For instance, the UAV being considered for flight 
tests has a stall speed of 40 knots and a top speed of 110 knots. To test the performance of 
the evolved controllers at different speeds, we chose to test at 50 and 100 knots, values near 
the low and high end of the speed range. 
The evolved UAV controllers have a single control variable, roll angle, which is used by the 
simulation to change the heading of the UAV at each time step. In the version of the 
simulation used to evolve controllers, there was no noise in this process. It is possible that 
on a real UAV, the autopilot might not be able to respond perfectly to turn requests or wind 
might push the UAV off-course. To test the robustness of evolved controllers this possibility, 
we added noise to the heading state variable. At each time step, a normally distributed 
random variable multiplied by a heading error was added to the heading computed using 
the desired roll angle. For our tests, we used heading error values of  ±{0.5°, 1.0°, 1.5°, 2.0°}. 
A significant source of state error for UAVs in the real world is wind. During evolution, the 
effects of wind on a UAV were not taken into account. While wind may function as a source 
of heading noise, the largest effect examined here was on position error. For our robustness 
tests, we make the simplifying assumption that the wind acts as an external force vector that 
can be summed with the propulsion force vector to obtain the new position of the UAV. In 
reality, this assumption is pessimistic, but for the purposes of these robustness tests would 
help to gauge the effects of wind on evolved controllers. The wind direction was set 
randomly for each simulation, but once set, the wind direction was held constant for the 
duration of the simulation. The wind speed was calculated at each time step as the mean 
wind speed plus some variance. For our tests, we used wind speeds of {5, 10, 20, 30} knots 
with a variances of {1, 1, 5, 5} knots. 
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5.4 Robustness Test Results 
For each test, we ranked the 12 controllers (10 evolved controllers, labeled A to J; the hand-
written controller, hd; and the PD controller, pd) based on each of the four performance 
metrics. Most of the results presented are rankings over several tests. When ranking over 
several tests, we used the averages of the performance metric values for each test except for 
the average rank metric; the technique used to compute this metric is described in Section 5.1. 

 

Overall Ranking best 2 3 4 5 6 7 8 9 10 11 12 

failures G D E F J H A C B pd I hd 

normalized maximum pd D I F G hd J E B A H C 

normalized mean D E hd G F J H pd A C B I 

average rank D G E pd F J H hd A B C I 

Initial Ranking best 2 3 4 5 6 7 8 9 10 11 12 

Failures pd A B C D E F G H I J hd 

normalized maximum pd G E J F I B A D C H hd 

normalized mean pd I J A B C G E D F H hd 

average rank pd J G I E B A F C D H hd 

AoA Ranking best 2 3 4 5 6 7 8 9 10 11 12 

Failures G D E F I H J B A C pd hd 

normalized maximum pd D I E G hd B J H F A C 

normalized mean D G E hd F J H I C B A pd 

average rank G D E F pd J hd H I B C A 

Heading Ranking best 2 3 4 5 6 7 8 9 10 11 12 

Failures D E F G J H pd A C B I hd 

normalized maximum pd I D J H F B hd A G E C 

normalized mean pd D H J F hd E I C G B A 

average rank pd D J F H E G I B C A hd 

Wind Ranking best 2 3 4 5 6 7 8 9 10 11 12 

Failures D E G pd F J H C B A hd I 

normalized maximum pd G F E D hd I J A B C H 

normalized mean pd hd D G E F J H A C B I 

average rank pd G D E F J H hd A C B I 

Table 4. Controller rankings for robustness tests 
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Controller rankings, as shown in Table 4, are divided into five separate sections. The first 
section shows the overall rankings, averaged over all 16 robustness tests described in 
Section 5.3. The second section shows the initial rankings, using the same conditions under 
which the controllers were evolved (the control test). The third section shows the AoA 
rankings, averaged over the control test and the four tests with decreased AoA accuracy. 
The results from the next three tests, increasing the amplitude noise and changing the UAV 
speed to 50 and 100 knots, were very similar to those for the control test, so these results are 
not shown in the interests of space. The fourth section shows the heading rankings, 
averaged over the control test and the four tests with increased heading error. The fifth 
section shows the wind rankings, averaged over the control test and the four tests with 
increased wind speed. Based on these rankings, evolved controller D was the best candidate 
to transfer to a real UAV. In all rankings, controller D, the hand-written controller, and the 
PD controller are highlighted. The failure percentages for controller D and the PD controller 
for each of the robustness tests for each radar type are shown in Table 5.  
In the initial ranking, the PD controller performs better than all the evolved controllers and 
the hand-written controller on all four metrics. This was not surprising, as we had tuned the 
controller parameters for the control test, giving an average failure rate of 0.04%. The hand-
written controller, which was not optimized, performed the worst with an average failure 
rate of 69.82%. Controller D performed well, with an average failure rate of 7.13%, but was 
ranked tenth on the average rank metric, ahead of only one other evolved controller and the 
hand-written controller. 
As we increased AoA noise, the performance of the hand-designed controllers declined 
compared to the evolved controllers. When the AoA error was increased from ±10° to ±15°, 
the PD controller failed in 100% of tests and the hand-written controller failed in 92.72% of 
tests. On the other hand, the failure rate for controller D was only 9.88%. The average failure 
rate for controller D only rose above 25% (to 90.24%) once the AoA error was ±30°. For the 
five different settings of AoA accuracy, controller D was the most robust to AoA sensor 
noise of the controllers. 
An increase in amplitude error did not significantly change the performance of any 
controller. The performances of the evolved controllers and the hand-written controller on 
the two tests varying the speed were similar to performances on the control case. The only 
controller that had trouble with different speeds was the PD controller, which had average 
failure rates of 100% for a speed of 50 knots and 92.69% for a speed of 100 knots. In addition 
to being tuned for a particular AoA accuracy, these tests suggest that the PD controller is 
also tuned for a particular airspeed. 
For the robustness tests with heading noise, the PD controller was the best, followed by 
controller D, which was the most consistent of the evolved controllers. The hand-written 
controller was the worst of the 12 controllers over these four tests and the control. Controller 
D actually failed significantly less than the PD controller; the average failure rate for the PD 
controller was over 50% when the heading error was ±1.5° and was 98.6% when the error 
was ±2°, while the average failure rate for controller D never got above 20%. The PD 
controller typically did not fail by large margins, and was ranked first on the normalized 
maximum and normalized mean performance metrics. 
In the last series of tests, we added a different source of state error, wind. This series of tests 
clearly separated the evolved controllers; some of these controllers were simply not robust 
to the effects of wind. Controller D failed the fewest times, but was third in the average rank 
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5.4 Robustness Test Results 
For each test, we ranked the 12 controllers (10 evolved controllers, labeled A to J; the hand-
written controller, hd; and the PD controller, pd) based on each of the four performance 
metrics. Most of the results presented are rankings over several tests. When ranking over 
several tests, we used the averages of the performance metric values for each test except for 
the average rank metric; the technique used to compute this metric is described in Section 5.1. 

 

Overall Ranking best 2 3 4 5 6 7 8 9 10 11 12 

failures G D E F J H A C B pd I hd 

normalized maximum pd D I F G hd J E B A H C 

normalized mean D E hd G F J H pd A C B I 

average rank D G E pd F J H hd A B C I 

Initial Ranking best 2 3 4 5 6 7 8 9 10 11 12 

Failures pd A B C D E F G H I J hd 

normalized maximum pd G E J F I B A D C H hd 

normalized mean pd I J A B C G E D F H hd 

average rank pd J G I E B A F C D H hd 

AoA Ranking best 2 3 4 5 6 7 8 9 10 11 12 

Failures G D E F I H J B A C pd hd 

normalized maximum pd D I E G hd B J H F A C 

normalized mean D G E hd F J H I C B A pd 

average rank G D E F pd J hd H I B C A 

Heading Ranking best 2 3 4 5 6 7 8 9 10 11 12 

Failures D E F G J H pd A C B I hd 

normalized maximum pd I D J H F B hd A G E C 

normalized mean pd D H J F hd E I C G B A 

average rank pd D J F H E G I B C A hd 

Wind Ranking best 2 3 4 5 6 7 8 9 10 11 12 

Failures D E G pd F J H C B A hd I 

normalized maximum pd G F E D hd I J A B C H 

normalized mean pd hd D G E F J H A C B I 

average rank pd G D E F J H hd A C B I 

Table 4. Controller rankings for robustness tests 
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Controller rankings, as shown in Table 4, are divided into five separate sections. The first 
section shows the overall rankings, averaged over all 16 robustness tests described in 
Section 5.3. The second section shows the initial rankings, using the same conditions under 
which the controllers were evolved (the control test). The third section shows the AoA 
rankings, averaged over the control test and the four tests with decreased AoA accuracy. 
The results from the next three tests, increasing the amplitude noise and changing the UAV 
speed to 50 and 100 knots, were very similar to those for the control test, so these results are 
not shown in the interests of space. The fourth section shows the heading rankings, 
averaged over the control test and the four tests with increased heading error. The fifth 
section shows the wind rankings, averaged over the control test and the four tests with 
increased wind speed. Based on these rankings, evolved controller D was the best candidate 
to transfer to a real UAV. In all rankings, controller D, the hand-written controller, and the 
PD controller are highlighted. The failure percentages for controller D and the PD controller 
for each of the robustness tests for each radar type are shown in Table 5.  
In the initial ranking, the PD controller performs better than all the evolved controllers and 
the hand-written controller on all four metrics. This was not surprising, as we had tuned the 
controller parameters for the control test, giving an average failure rate of 0.04%. The hand-
written controller, which was not optimized, performed the worst with an average failure 
rate of 69.82%. Controller D performed well, with an average failure rate of 7.13%, but was 
ranked tenth on the average rank metric, ahead of only one other evolved controller and the 
hand-written controller. 
As we increased AoA noise, the performance of the hand-designed controllers declined 
compared to the evolved controllers. When the AoA error was increased from ±10° to ±15°, 
the PD controller failed in 100% of tests and the hand-written controller failed in 92.72% of 
tests. On the other hand, the failure rate for controller D was only 9.88%. The average failure 
rate for controller D only rose above 25% (to 90.24%) once the AoA error was ±30°. For the 
five different settings of AoA accuracy, controller D was the most robust to AoA sensor 
noise of the controllers. 
An increase in amplitude error did not significantly change the performance of any 
controller. The performances of the evolved controllers and the hand-written controller on 
the two tests varying the speed were similar to performances on the control case. The only 
controller that had trouble with different speeds was the PD controller, which had average 
failure rates of 100% for a speed of 50 knots and 92.69% for a speed of 100 knots. In addition 
to being tuned for a particular AoA accuracy, these tests suggest that the PD controller is 
also tuned for a particular airspeed. 
For the robustness tests with heading noise, the PD controller was the best, followed by 
controller D, which was the most consistent of the evolved controllers. The hand-written 
controller was the worst of the 12 controllers over these four tests and the control. Controller 
D actually failed significantly less than the PD controller; the average failure rate for the PD 
controller was over 50% when the heading error was ±1.5° and was 98.6% when the error 
was ±2°, while the average failure rate for controller D never got above 20%. The PD 
controller typically did not fail by large margins, and was ranked first on the normalized 
maximum and normalized mean performance metrics. 
In the last series of tests, we added a different source of state error, wind. This series of tests 
clearly separated the evolved controllers; some of these controllers were simply not robust 
to the effects of wind. Controller D failed the fewest times, but was third in the average rank 
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metric. The PD controller was best in this category. Despite the large number of evaluations, 
there is still some uncertainty in the performance metric values—for example, when AoA 
error is increased from the control test, the failure rate for controller D on continuous, 
mobile radars actually decreases slightly. For most of the robustness tests, this uncertainty 
was small—in the previous example this drop was on the order of 0.5%—but for wind this 
uncertainty was more apparent, especially for the higher wind speeds. One artifact of this 
uncertainty was the change in the failure rate for controller D on continuous, stationary 
radars from wind speeds of 10 to 20 to 30 knots. At 10 knots, the failure percentage was 
16.33%. When the wind speed was increased to 20 knots, the failure percentage increased to 
78.96%. However, when the wind speed was increased again to 30 knots, the failure 
percentage dropped to 61.05%. Other evolved controllers showed similar trends for 
increased wind speeds. 

Cs cm irs iis irm average 
Test type 

D Pd D pd D pd D pd D pd D pd 

control 0.00 0.04 10.19 0.03 1.18 0.07 10.39 0.04 13.87 0.03 7.13 0.04 

AoA=15 0.00 100.0 9.67 100.0 6.55 100.0 16.43 100.0 16.74 100.0 9.88 100.0 

AoA=20 0.00 100.0 9.80 100.0 20.10 100.0 26.06 100.0 24.81 100.0 16.15 100.0 

AoA=25 0.01 100.0 9.40 100.0 35.39 100.0 37.76 100.0 34.90 100.0 23.49 100.0 

AoA=30 99.65 100.0 99.05 100.0 77.15 100.0 90.12 100.0 85.25 100.0 90.24 100.0 

Amp=12 0.00 0.04 10.83 0.02 1.41 0.04 10.73 0.04 13.21 0.07 7.24 0.04 

Speed=50 0.00 100.0 12.38 100.0 0.56 100.0 3.70 100.0 16.53 100.0 6.63 100.0 

Speed=100 0.00 92.92 10.28 92.42 2.63 92.23 17.04 92.79 14.83 93.09 8.96 92.69 

Head=0.5 0.00 0.15 9.76 0.20 1.70 0.19 11.70 0.15 14.38 0.18 7.51 0.17 

Head=1.0 0.00 2.57 10.84 2.46 4.48 2.50 16.88 2.66 16.08 2.60 9.66 2.56 

Head=1.5 0.00 54.97 11.16 55.64 9.29 54.30 25.86 55.36 20.31 55.03 13.32 55.06 

Head=2.0 0.00 98.56 11.04 98.57 19.85 98.55 37.63 98.67 29.38 98.64 19.58 98.60 

Wind=5 0.02 0.39 11.43 0.00 2.40 0.01 12.52 0.05 15.70 0.14 8.41 0.12 

Wind=10 16.33 0.05 25.66 0.00 21.13 1.39 30.97 0.02 30.82 1.11 24.98 0.51 

Wind=20 78.96 97.54 72.10 94.76 49.96 95.12 72.05 100.0 60.77 94.83 66.77 96.45 

Wind=30 61.05 98.36 71.20 100.0 63.43 96.64 95.42 97.28 86.10 99.67 75.44 98.39 

Table 5. Failure percentages for the best evolved controller (D) and the PD controller (pd) 
listed by radar type (cs: continuous, stationary; cm: continuous, mobile; irs: intermittent, 
regular period, stationary; iis: intermittent, irregular period, stationary; irm: intermittent, 
regular period, mobile; avg: average) 

The PD controller, as one might expect, performed extremely well under design conditions. 
When measuring how badly it failed using the normalized maximum performance metric, it 
was robust to all sources of noise, outperforming the other controllers in all tests. This 

Evolved Navigation Control for Unmanned Aerial Vehicles 

 

375 

controller was also robust to state noise, performing well under heading error and wind. 
However, the PD controller was susceptible to sensor noise. As the AoA error increased a 
small amount, the PD controller quickly failed. It was also dependent on the speed of the 
aircraft for good performance. 
On most tests, the hand-written controller performed well, but was consistently worse than 
evolved controllers. This controller typically produced good results on the normalized mean 
performance metric, but was not robust to most forms of noise, though it did perform well 
on the speed and wind tests. The hand-written controller was included in these tests to 
show the difficulty of using the function and test sets to design an optimal controller by 
hand. 
Overall, the best and most consistent controller was the best of our evolved controllers, 
controller D. In the overall rankings, this controller had the best average rank and finished in 
the top two on every performance metric. Unlike the hand-designed controllers, there was 
no category of tests where controller D performed poorly. This controller ranked highly in 
all of our tests, and its rank tended to increase as noise was increased. 

6. Conclusions 
Using multi-objective GP, we were able to evolve navigation controllers for UAVs capable of 
flying to a target radar, circling the radar site, and maintaining an efficient flight path, all 
while using inaccurate sensors in a noisy environment. Controllers were evolved for five 
radar types using both direct evolution and incremental evolution: continuously emitting, 
stationary radars; continuously emitting, mobile radars; intermittently emitting, stationary 
radars with regular periods; intermittently emitting, stationary radars with irregular 
periods; and intermittently emitting, mobile radars with regular periods. The use of 
incremental evolution dramatically increased the chances of producing successful 
controllers compared to direct evolution. Incremental evolution also produced controllers 
able to handle all five radar types. 
Controllers were evolved to use inaccurate sensors in a noisy environment. We tested the 
transferability of the evolved controllers by using them to control a wheeled mobile robot. 
Evolved UAV controllers were successfully transferred to a wheeled mobile robot equipped 
with a passive sonar system which provided the angle and amplitude of sound signals from 
a stationary speaker. Using evolved navigation controllers, the mobile robot moved to the 
speaker and circled around it. The results from this experiment demonstrate that our 
evolved controllers are capable of transference to real physical vehicles. 
We developed a series of robustness tests for evolved navigation controllers for UAV 
controllers developed in simulation. Before testing evolved controllers on a real UAV, we 
needed some assurance that the off-design performance of these controllers would be 
sufficient to accomplish the desired task and that controllers would be able to avoid 
behaviors that could potentially damage the aircraft. Also, since the controllers were 
evolved using multi-objective optimization, we needed to select a single best controller. 
When evolving controllers for systems where tests may be dangerous to the vehicle, 
robustness tests might be useful in selecting a controller and seeing how well it performs. 
The robustness tests described here apply several sources of sensor and state noise. If the 
real-world noise falls within the range where tests in simulation performed well, we can 
expect that transference will be successful. 
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metric. The PD controller was best in this category. Despite the large number of evaluations, 
there is still some uncertainty in the performance metric values—for example, when AoA 
error is increased from the control test, the failure rate for controller D on continuous, 
mobile radars actually decreases slightly. For most of the robustness tests, this uncertainty 
was small—in the previous example this drop was on the order of 0.5%—but for wind this 
uncertainty was more apparent, especially for the higher wind speeds. One artifact of this 
uncertainty was the change in the failure rate for controller D on continuous, stationary 
radars from wind speeds of 10 to 20 to 30 knots. At 10 knots, the failure percentage was 
16.33%. When the wind speed was increased to 20 knots, the failure percentage increased to 
78.96%. However, when the wind speed was increased again to 30 knots, the failure 
percentage dropped to 61.05%. Other evolved controllers showed similar trends for 
increased wind speeds. 

Cs cm irs iis irm average 
Test type 

D Pd D pd D pd D pd D pd D pd 

control 0.00 0.04 10.19 0.03 1.18 0.07 10.39 0.04 13.87 0.03 7.13 0.04 

AoA=15 0.00 100.0 9.67 100.0 6.55 100.0 16.43 100.0 16.74 100.0 9.88 100.0 

AoA=20 0.00 100.0 9.80 100.0 20.10 100.0 26.06 100.0 24.81 100.0 16.15 100.0 

AoA=25 0.01 100.0 9.40 100.0 35.39 100.0 37.76 100.0 34.90 100.0 23.49 100.0 
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Speed=100 0.00 92.92 10.28 92.42 2.63 92.23 17.04 92.79 14.83 93.09 8.96 92.69 
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Table 5. Failure percentages for the best evolved controller (D) and the PD controller (pd) 
listed by radar type (cs: continuous, stationary; cm: continuous, mobile; irs: intermittent, 
regular period, stationary; iis: intermittent, irregular period, stationary; irm: intermittent, 
regular period, mobile; avg: average) 

The PD controller, as one might expect, performed extremely well under design conditions. 
When measuring how badly it failed using the normalized maximum performance metric, it 
was robust to all sources of noise, outperforming the other controllers in all tests. This 
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controller was also robust to state noise, performing well under heading error and wind. 
However, the PD controller was susceptible to sensor noise. As the AoA error increased a 
small amount, the PD controller quickly failed. It was also dependent on the speed of the 
aircraft for good performance. 
On most tests, the hand-written controller performed well, but was consistently worse than 
evolved controllers. This controller typically produced good results on the normalized mean 
performance metric, but was not robust to most forms of noise, though it did perform well 
on the speed and wind tests. The hand-written controller was included in these tests to 
show the difficulty of using the function and test sets to design an optimal controller by 
hand. 
Overall, the best and most consistent controller was the best of our evolved controllers, 
controller D. In the overall rankings, this controller had the best average rank and finished in 
the top two on every performance metric. Unlike the hand-designed controllers, there was 
no category of tests where controller D performed poorly. This controller ranked highly in 
all of our tests, and its rank tended to increase as noise was increased. 

6. Conclusions 
Using multi-objective GP, we were able to evolve navigation controllers for UAVs capable of 
flying to a target radar, circling the radar site, and maintaining an efficient flight path, all 
while using inaccurate sensors in a noisy environment. Controllers were evolved for five 
radar types using both direct evolution and incremental evolution: continuously emitting, 
stationary radars; continuously emitting, mobile radars; intermittently emitting, stationary 
radars with regular periods; intermittently emitting, stationary radars with irregular 
periods; and intermittently emitting, mobile radars with regular periods. The use of 
incremental evolution dramatically increased the chances of producing successful 
controllers compared to direct evolution. Incremental evolution also produced controllers 
able to handle all five radar types. 
Controllers were evolved to use inaccurate sensors in a noisy environment. We tested the 
transferability of the evolved controllers by using them to control a wheeled mobile robot. 
Evolved UAV controllers were successfully transferred to a wheeled mobile robot equipped 
with a passive sonar system which provided the angle and amplitude of sound signals from 
a stationary speaker. Using evolved navigation controllers, the mobile robot moved to the 
speaker and circled around it. The results from this experiment demonstrate that our 
evolved controllers are capable of transference to real physical vehicles. 
We developed a series of robustness tests for evolved navigation controllers for UAV 
controllers developed in simulation. Before testing evolved controllers on a real UAV, we 
needed some assurance that the off-design performance of these controllers would be 
sufficient to accomplish the desired task and that controllers would be able to avoid 
behaviors that could potentially damage the aircraft. Also, since the controllers were 
evolved using multi-objective optimization, we needed to select a single best controller. 
When evolving controllers for systems where tests may be dangerous to the vehicle, 
robustness tests might be useful in selecting a controller and seeing how well it performs. 
The robustness tests described here apply several sources of sensor and state noise. If the 
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expect that transference will be successful. 
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The best evolved controller performed well in all robustness tests, consistently out-
performing a hand-written controller and a proportional-derivative controller. When 
subjected to reasonable noise, this controller continued to perform well, even when many 
other controllers began to fail. Despite out-performing the hand-designed controllers and 
the other evolved controllers, our best controller has limits. When the AoA sensor was very 
inaccurate or the wind speed was high, this controller did not perform very well. 
We have described the systematic development of a UAV navigation controller. We 
designed fitness functions and evolved controllers with multi-objective GP, using 
incremental evolution to increase the number of good controllers. To evaluate the ability of 
evolved controllers to control real vehicles, we transferred evolved UAV navigation 
controllers to a wheeled mobile robot. Finally, we used a series of robustness tests to screen 
the controllers and to select the single best controller. Based on this research, we feel 
confident that GP can evolve autonomous navigation controllers to effectively and safely 
control real UAVs in real flight environments. 
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Application of Artificial Evolution to Obstacle 
Detection and Mobile Robot Control 

Olivier Pauplin and Arnaud de La Fortelle 
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France 

1. Introduction 
The Fly Algorithm is an evolutionary algorithm used for stereoscopic reconstruction. In the 
classical approach, a pair of stereo images is processed in order to extract 3-D information 
and to infer a representation of the scene. Conversely, the Fly Algorithm builds potential 3-
D models of the scene and tests their consistency with the two stereo images. This chapter 
will present some recent improvements of the algorithm, and its concrete application to 
obstacle detection and avoidance in mobile robotics. 
Section 2 presents the notion of individual approach in evolutionary algorithms and the 
principle of the Fly Algorithm. New genetic operators are introduced. Several internal 
parameters can drastically change the algorithm behaviour: this issue is the topic of 
section 3, where a Pareto multi-objective optimisation leads to the obtention of an efficient 
set of parameters. 
Section 4 describes a real time application to automatic driving on an electrical vehicle of the 
IMARA Team (INRIA). We focus on stop/go control and on direction control in order to 
avoid obstacles in front of the vehicle. The methods used are explained and results are 
shown. 
Finally, section 5 concludes the chapter and gives some ideas of future work to further 
improve the algorithm. 

2. The Fly Algorithm 
2.1 Presentation 
Evolutionary algorithms (Holland, 1975; Goldberg, 1989; Rechenberg, 1994), inspired by the 
evolution of species by natural selection, reproduction and mutation, are now common and 
widely used optimisation methods. The usual goal of these optimisation methods is to 
search the extremum of a function – called fitness function, or objective function – that is to 
say the best individual of the population after a certain number of iterations. The so called 
individual approach (or Parisian approach) (Collet et al., 1999) considers the solution to a 
problem to be given not only by the best individual, but by the whole population, or a 
significant part of the population. That is made possible by an appropriate formulation of 
the problem, splitting the representation of the object to be optimised into smaller primitives 
evolved separetly. 
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The Fly Algorithm (Louchet, 2000; Boumaza & Louchet, 2003; Pauplin et al., 2005) is an 
evolutionary algorithm based on the individual approach, and used in the domain of 
computer vision (Jähne, 1999). The aim of the algorithm is to drive the population of 
individuals, defined as 3-D points (the “flies”) in front of a pair of cameras, into suitable 
areas of the search space, corresponding to the surfaces of objects present in the scene. The 
search space where the flies evolve is the intersection of the two cameras’ field of view, as 
shown on figure 1. 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Example of device using the Fly Algorithm (top view) 

The population of flies is initialised at random in the search space, and then evolves 
following the steps of an evolutionary algorithm. 

2.2 Evaluation 
The fitness function used to evaluate a fly compares its projections on the left and right 
images given by the cameras. If the fly is on an object’s surface, the projections will have 
similar neighbourhoods on both images and hence this fly will be attributed a high fitness. 
The mathematical expression of the fitness function is: 
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where: 
• (xL , yL) and (xR , yR) are the coordinates of the projections of the current individual in 

left and right images 
• L(xL+i , yL+j) is the grey value at the left image at pixel (xL+i , yL+j), similarly with R for 

the right image 
• N is a neighbourhood around the projection of each fly, introduced to obtain a more 

discriminating comparison of the flies 
• )( LMx∇  and )( RMx∇  are absolute values of the horizontal component of Sobel 

gradient on ML and MR, which are the projections of the fly in left and right images. 
That is intended to penalise flies which project onto uniform regions, i.e. less significant 
flies. 

More details about the fitness function used can be found in (Pauplin et al., 2005; Pauplin, 
2007). 
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2.3 Sharing and selection 
If nothing is done to prevent it, flies tend to gather around a unique point of the search 
space. Such a population does not give a 3-D description of the scene. In order to force flies 
to explore the whole search space, a sharing (Boumaza, 2001) reduces the fitness of flies 
packed together. 
The sharing is applied to the projections of the flies in the left image. A grid divides the left 
image into squares (figure 2), and the new fitness is given by: 

 
sharingsharing CnflyFflyF ×−= )()(  (2) 

where n is the number of flies projecting into the same square as the considered fly, and 
Csharing (sharing coefficient) is a coefficient whose value can be tuned experimentally. A high 
sharing coefficient prevents areas in the search space to be unexplored, but also results in a 
lower average fitness. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. The grid used to apply the sharing. Flies appear as red dots 

The selection is based on the values of Fsharing. The population is ranked according to Fsharing 
and the best half is kept and forms the population of parents (S/2 individuals, S being the 
size of the population). S/2 children must be created. 

2.4 Genetic operators 
The population of offspring is created by applying one of five genetic operators S/2 times – 
each operator creates one child at a time. For each child, which genetic operator will be used 
is determined according to probabilities (pi , i = 1 … 5) assigned to each operator. 
The five genetic operators are described hereafter. 
• Initialisation or “immigration”. An individual is created at random. That ensures a 

constant exploration of the search space. 
• Mutation. A new individual is created by adding random perturbations to a parent’s 

coordinates. The random perturbations belong to the interval [-im , im]. 
• Rank-scaled mutation. An individual is picked at random among the parents. The 

interval of mutation is modified as follows, in function of the rank r of the parent: 
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The mutation operator is then applied with im’ instead of im. That multiplies by two the 
interval of mutation for the parent with the lowest fitness, and divides it by two for the 
best parent. It can be indeed interesting to create new individuals close to the better 
parents. Conversely, a parent with a low rank is probably not on an object’s surface, 
and it is probably not efficient to create an individual in this area. 

• Elitist mutation. Two new individuals are created by mutation. Only the best of the two 
children is kept. Unlike the usual mutation, this elitist mutation is not a simple 
exploration of the search space but effectively tends to increase the average fitness of 
the population. However, it requires to evaluate two individuals, which may be a 
drawback for a real-time application. 

• Crossover. The crossover can be useful to detect flat surfaces or oblong objects. Three 
individuals are picked at random in the best half of the parents, and the two closest of 
these three individuals are combined to produce one child. That aims to rarefy 
crossovers between far away parents, which are probably not on the same object, or 
between parents which are not on an object at all. The child is obtained as a classical 
linear combination of the coordinates of the two parents: 
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where λ is a random number belonging to [-0.1 , 1.1]. This interval is a bit larger than 
usual [0 , 1] weighting so as to avoid contraction: the potential underlying object can be 
larger than the segment linking the two parents. 

3. Parameters adjustment 
As in most evolutionary algorithms, the convergence and robustness of the algorithm 
depend on numerous internal parameters. Inappropriate values of parameters may for 
instance lead to a very slow convergence or to a premature convergence to a local optimum. 
In this section we will try to find a set of parameters allowing the fastest and most efficient 
convergence of the algorithm, in order to enable its use in real time obstacle detection and 
robot control. 
The Fly Algorithm pursues two antagonist objectives: 
• to increase the average fitness of the population 
• to exlore the whole search space. 
Genetic operators tend to realise the first objective, whereas the sharing tends to realise the 
second one. However, the number of parameters makes it uncertain, if not impossible, to 
tune the parameters manually. A solution consists in batch-testing a great amount of sets of 
parameters and evaluating the results according to given objectives. 

3.1 Objectives and parameters 
The two objectives above-mentioned can be computed as follows. 
• Average fitness of the best third of the population. 
• Diversity of the population: we chose to measure the diversity using a grid similar to 

(but not identical to) the one used in the sharing, on the left image (cf. figure 2). The 
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number of horizontal divisions of the diversity grid has been set to 30, which enables an 
accuracy high enough for our applications (the view angle of our cameras is 42.5 
degrees, hence the average angle corresponding to one division of the grid is 1.4 
degrees). The diversity can be estimated as: 
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where: 
• P is the population 
• Nfsquare is the number of flies in the considered square 
• Nsquares is the total number of squares 
• Nfaverage = S / Nsquares , S being the population size. 

We chose eight parameters: 
● Sharing coefficient Csharing, varying in [0 , 0.65] 
● Number of horizontal divisions of the sharing grid, varying in [5 , 75] 
● Interval of mutation, varying in [0 , 2] (metres) 
● Probabilities of the five genetic operators, pi , i = 1 … 5, varying in [0 , 1] with Σpi = 1. 

3.2 Pareto front 
Generally, the optima of the different objectives are not reached for the same set of 
parameters. The aim of Pareto’s method is to display a collection of optimal compromises 
between the objectives. These optimal solutions form the Pareto front. 
In the case of a maximisation problem with l objectives, an individual X* belongs to the 
Pareto front if there is no other solution X which verifies the condition: 

 ],1[ lk ∈∀ ,   *)()( XfXf kk >  (6) 

In other words, no other solution is better than X* for all the objectives. 

3.3 Procedure and results 
200000 sets of parameters have been picked at random. The algorithm runs 0.25 seconds for 
one set of parameters, and then computes the two objectives corresponding to the final 
population; that is repeated nine times, so that the algorithm runs ten times for each set of 
parameters. The average of the ten values of fitness and diversity obtained gives the values 
of the two objectives for that set of parameters. 
It is important to run the algorithm for a given duration, not a given number of iterations, as 
the length of iterations depends on the parameters. The size of the population is fixed to a 
standard value: S = 3000. 
The results appear on figure 3: the performances of the 200000 sets of parameters are 
represented in the space of objectives. The Pareto front (green) is made of 237 sets of 
parameters, which are the best compromises found for these two objectives. 
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where λ is a random number belonging to [-0.1 , 1.1]. This interval is a bit larger than 
usual [0 , 1] weighting so as to avoid contraction: the potential underlying object can be 
larger than the segment linking the two parents. 
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depend on numerous internal parameters. Inappropriate values of parameters may for 
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convergence of the algorithm, in order to enable its use in real time obstacle detection and 
robot control. 
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Genetic operators tend to realise the first objective, whereas the sharing tends to realise the 
second one. However, the number of parameters makes it uncertain, if not impossible, to 
tune the parameters manually. A solution consists in batch-testing a great amount of sets of 
parameters and evaluating the results according to given objectives. 
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The two objectives above-mentioned can be computed as follows. 
• Average fitness of the best third of the population. 
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number of horizontal divisions of the diversity grid has been set to 30, which enables an 
accuracy high enough for our applications (the view angle of our cameras is 42.5 
degrees, hence the average angle corresponding to one division of the grid is 1.4 
degrees). The diversity can be estimated as: 
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In other words, no other solution is better than X* for all the objectives. 

3.3 Procedure and results 
200000 sets of parameters have been picked at random. The algorithm runs 0.25 seconds for 
one set of parameters, and then computes the two objectives corresponding to the final 
population; that is repeated nine times, so that the algorithm runs ten times for each set of 
parameters. The average of the ten values of fitness and diversity obtained gives the values 
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standard value: S = 3000. 
The results appear on figure 3: the performances of the 200000 sets of parameters are 
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parameters, which are the best compromises found for these two objectives. 
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Average fitness of the best third of the population 

Figure 3. 200000 sets of parameters in the space of objectives. 237 sets of parameters form the 
Pareto front 

It is difficult to justify the choice of one set of parameters belonging to the Pareto front 
instead of another. In the context of obstacle detection and automatic driving, diversity is 
mainly a way not to miss a new object entering the search space. Moreover, the density of 
flies must be significantly different in the areas where an object is present and in the empty 
areas. Hence, after several tests, it appeared that sets of parameters located on the “high 
fitness” side of the Pareto front were far better adapted to our applications than sets of 
parameters on the “high diversity” side of the Pareto front. We have finally chosen the 
compromise presented in table 1, which is located on the Pareto front with an average 
fitness around 5. 
These parameters have proved experimentally to be much more efficient than other 
parameters manually tuned. They have been used to realise the experiments presented in 
section 4. 

 

Sharing coefficient: 0.15 

Number of horizontal divisions of the sharing grid: 30 

Interval of mutation: 0.35 m 

Probabilities to apply genetic operators:  

 Initialisation 0.15 

 Crossover 0.27 

 Elitist mutation 0.23 

 Mutation 0.15 

 Rank-scaled mutation 0.2 

Table 1. Chosen set of parameters 
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4. Application to mobile robotics 
4.1 Material 
The IMARA team (INRIA, France) owns electrical vehicles – CyCabs – which can be driven 
manually or automatically. A pair of cameras has been installed in front of a CyCab and 
connected to an embedded PC on which runs the Fly Algorithm. That PC is connected to 
CyCab controlers and can send them speed or direction instructions. 
The two cameras provide rectified stereo images so that the three axes of each camera are 
parallel two by two, and their optical centers belong to the same horizontal axis (x). As a 
result, the computation time to calculate the projections of flies in left and right images is 
minimal. 
The computer used is a standard PC under Windows XP, 2 GHz, 1 GB RAM. 
 

 
Figure 4. The CyCab 

4.2 Collision avoidance 
The aim is to deliver a stop order when an obstacle appears close enough in the field of 
vision, in order to avoid frontal collision. The general idea is to see each fly as the source of a 
“warning value”, higher when: 
•  the fly is in front of the vehicle (|x| small) 
•  the fly is near the vehicle (z small) 
•  the fly has a high fitness value. 
The average of the warning values of the best part of the population gives a global 
indication of the probability that an obstacle is in front of the vehicle and that a collision 
could happen. A threshold can be experimentally determined, beyond which a stop signal 
has to be sent. 
The function used to assign a warning value to each fly is made of three factors 
corresponding to the three conditions above: 

 γFzxwflyw space ×= ),()(  (7) 
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where x, z and F are the coordinates and the fitness value of the fly. 
wspace(x,z) gives the weight of the fly in the global warning value according to its position in 
the 3-D space. It does not have to depend on y as the search space has been vertically limited 
between the ground and the height of the CyCab. The parameter β  allows to set the 
distance (on z) at which an object is considered as a potential risk (figure 5). 
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Figure 5. Influence of the parameter β  (left: β  = 1, right: β  = 2) 

Given the relatively small speed of a CyCab, around 2 m/s, we wish to distinguish between 
obstacles closer than z = 5 m (for x = 0) and those beyond z = 5 m. That is achieved when the 
value of β  is such that the function 
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has a slope which is maximal (in absolute value) when z = 5 m. The maximal slope in 
absolute value of 

0)( =xspace zw  is in z = z0 given by 
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For our application, z0 = 5 m so we can take β  ≈ 1.58. 
Another parameter  from equation 7 is γ , the exponent of the fitness value. A small value 
for γ  would favour flies with a small fitness, which are not very reliable. On the other hand, 
a high value for γ  would favour better flies but could make the global warning value 
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depend on a few individuals with a high fitness, which would considerably increase the 
noise of the warning, as a small variation in a fitness value would result in a large variation 
in the warning value. 

 

 
No obstacle Pedestrian at 6 m Pedestrian at 4 m 

Figure 6. Scenes used to determine γ  

The value of γ  has been determined experimentally, considering the ratio between the 
average warning value when an obstacle is at 4 m and the average warning value when an 
obstacle is at 6 m, on the one hand, and the ratio between these values when an obstacle is at 
4 m and when no immediate obstacle is present. Figure 7 and 8 show these ratios in function 
of γ . The scenes used for the experiment are shown on figure 6. 
The curves on figure 7 and 8 have a different aspect, because when a pedestrian is present at 
4 or 6 m the flies gather on him (with high fitness values), whereas when no obstacle is 
present the flies have a roughly uniform density in the space (with very low fitness values). 
It is then possible that, when γ  = 0, the average value of wspace(x,z) in the population is 
higher in the case of an empty scene than when an obstacle is present at 6 m. That shows 
that figure 7 is not enough to determine γ . 
The value of γ  is a compromise fulfilling the following conditions: 
• The average warning value of a scene showing no obstacle must be lower than the one 

of a scene showing an obstacle at 6 m. 
• The average warning value of a scene showing an obstacle at 6 m must be lower than 

the one of a scene showing an obstacle at 4 m. 
• The warning values obtained on the scenes of figure 6 must be significantly different, in 

particular the “min” value on figure 7 should not be too close to 1. 
According to figure 7 and figure 8, γ  can be chosen between 1 and 2. That has been 
confirmed experimentally on the CyCab. We also checked that the value γ  = 4 makes the 
CyCab stop inopportunely. 
Results of individual warning values are shown on figure 9. Figure 10 shows the evolution 
of the global warning value when the CyCab moves towards a pedestrian; during the first 
12.3 seconds, no obstacle is detected (the pedestrian is too far), and the global warning value 
is close to 0. The decision to stop the CyCab is given by a comparison of the global warning 
value with a threshold, for example 0.4 or 0.5. 
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depend on a few individuals with a high fitness, which would considerably increase the 
noise of the warning, as a small variation in a fitness value would result in a large variation 
in the warning value. 
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Figure 7. Average warning value obtained with an obstacle at 4 m divided by the average 
warning value obtained with an obstacle at 6 m 

 

 

 

 

 
 

Figure 8. Average warning value obtained with an obstacle at 4 m divided by the average 
warning value obtained without any obstacle 
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Figure 9. Warning values in different situations. Left column: flies are represented as dots. 
Right column: flies appear as spots as dark as their warning value is high 
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Figure 10. Evolution of the global warning value when the CyCab moves towards a 
pedestrian 

4.3 Direction control 
In some cases, objects are present in the scene but there is no immediate risk of collision. We 
can consider modifying the trajectory of the robot so that it will move forward staying as far 
as possible of the objects. The CyCab being a non holonom robot, it can not change its 
orientation without moving forward (or backward). The first signal to be sent to the CyCab 
controlers, after processing the actual population of flies, is the stop/go signal based on the 
global warning value (cf. previous section). If that signal is a “go”, a direction control is 
computed and sent to the wheels’ controlers. 
The method we use is based on the warning values. The projection on the horizontal plan of 
the search space is divided into Nsectors sectors centered on the intersection of the two 
cameras’ field of view, as described by figure 11. 
 
 
 
 
 
 
 
 
 
 
 
Figure 11. Example of division of the space in five sectors (Nsectors = 5) 

The average warning value is computed for each sector, which gives a measure of the 
obstruction in each corresponding direction. Those values are compared to a threshold, and 
those under the threshold are considered equal to zero. This threshold, relatively low, is 
necessary for the case where no obstacle would be present. The number Nsectors is a 
compromise: too small a number of sectors makes the representation of the obstruction 
imprecise, and too high a number makes it less reliable (the number of flies in each sector 
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must be high enough to give a reliable information). We have obtained good experimental 
results with five or seven sectors. It is appropriate to take an odd number of sectors, so it is 
possible to go straight ahead. 
Let φ be the angle of the direction where to go, φ = 0 corresponding to the “straight” 
direction, as shown on figure 11. We tested two strategies. 
• Strategy 1: the CyCab goes in the direction corresponding to the sector with the smallest 

warning value. If several sectors have a warning value equal to zero (which happens 
frequently due to the threshold), the direction chosen among these sectors is the closest 
to φ = 0. 

• Strategy 2: the CyCab goes in the direction “opposed” (see below) to the sector 
corresponding to the highest warning value. If the warning values of each sector are 
null, the CyCab goes straight. If the highest warning value is in the direction φ = 0, the 
CyCab goes on the very left or the very right depending on the warning values in these 
directions. 
Let Φ be the direction of the highest warning value. The opposed direction is defined 
by: 
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α  being the horizontal view angle. For instance, on figure 11, the direction opposed to 
“+2” is the direction “-1”, the direction opposed to “+1” is the direction “-2” (and vice 
versa). 

Both strategies have been tested on a CyCab. The strategy 2 has proved more satisfying. The 
strategy 1 gets easily trapped, specially if Nsectors is high (7 or more). For example, if the 
highest warning value is in direction “+1”, the CyCab will go straight until it is stopped by 
the anti-collision signal. The strategy 2 is more active (the CyCab goes straight only if no 
obstacle is detected), which results in a greater efficiency for obstacle avoidance. 
Three steps of the trajectory of a CyCab controlled by strategy 2 are shown on figure 12. 
• Step (a): a pedestrian is detected on the right. The CyCab starts to turn left. 
• Step (b): the border of the road is now detected on the left. The CyCab starts to turn 

right. 
• Step (c): no more obstacle. The CyCab goes straight. 
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Figure 12. CyCab controlled by strategy 2 
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5. Conclusion 
The Fly Algorithm embedded in a CyCab is able to detect obstacles, and to compute stop/go 
and direction controls accordingly, in real time. That is largely due to the optimisation of the 
efficiency conducted in section 3. It is also due to the fact that we have voluntarily stayed 
close to the natural output of the algorithm – a cloud of 3-D points – and have used it 
directly, without any prior processing. The control strategies tested are very simple and may 
be improved. 
Future work includes speeding up the frame processing using CMOS sensors – which may 
be well adapted to the computation of the fitness of the flies - instead of CCD, and to 
increase the speed using FPGA in the evaluation part of the evolutionary algorithm. 
Concerning the algorithmic part, we could consider adapting dynamically the search space 
according to the application or the conditions (e.g. the speed of the robot). Other ways to 
enhance the algorithm could be to change the set of parameters during the convergence 
period (a bit like Simulated Annealing), and to change the paradigm (at the moment: use a 
lot of very simple features, here 3D-points) and to use more complex features with dynamics 
adapted to the use. This is then closer to swarm work. But it could also offer a better 
interaction with more classical obstacle detection/classification: use the Fly Algorithm to 
detect region of interest within which dedicated algorithm would refine the detection. An 
open problem is then: can we also use this detection to enhance the Fly Algorithm runs? 
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1. Introduction 
The field of evolutionary robotics has drawn much attention over the last decade. Using a 
very general methodology (Evolutionary Computation –EC) and with minimal supervision, 
it is possible to create robotic controllers that cover a vast repertoire of behaviors, either in 
simulation or real environments, for commercial, pure research or even entertainment 
purposes. 
The strong point of evolutionary robotics is that if the fitness criterion is defined properly, it 
is possible to evolve the desired behavior regardless (or at least in a big degree) of other 
parameters such as Genetic algorithms properties (population size, mutation type, selection 
function) or even controller specific properties (in case of neural networks, even the 
architecture can prove irrelevant to the success of the algorithm). 
An important feature is the ability of Evolutionary Algorithms (EAs) to find solution 
simpler than the corresponding hand-made ones. For example, in a garbage collection task, 
Nolfi (1997) discovered that the Genetic Algorithm (GA) evolved the network to use two 
distinct modules for a task that hand-crafted controllers would need to define four. 
This ability however shows also the limitations of EAs to tasks that are simple in concept. If 
the problem requires a set of behaviors to be available and switch between one another, a 
simple GA will not find a successful solution. For this reason, a collection of techniques 
named Incremental Evolution have been developed to create the possibility of evolving 
multiple behaviors in one evolutionary experiment. 
We shall attempt to evolve behaviors on two competing species in predator-prey setup for 
simulated Khepera (K-team, 1995) robots, in an area containing obstacles. The robotic 
controllers will be discrete time recurrent neural networks of fixed architecture and the 
synaptic weights will be subject to evolution. The evolutionary algorithm will be a standard 
GA with real value encoding of the neural synapses and mutation probability of 5% per 
synapse. The experiments will run exclusively on simulation, the Yet Another Khepera 
Simulator (Carlsson & Ziemke, 2001) respectively. The experimental setup, network 
architectures and genetic algorithms will be presented in detail in the following sections. 
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The chapter’s structure is the following: Incremental evolution is defined in section 2 and 
the basic guidelines for successful fitness function definition are enumerated in evolutionary 
and co-evolutionary experiments. In section 3 the problem of hunting (and evading 
predator) in an environment that requires to avoid obstacles as well is presented. This 
problem requires combination of techniques as it requires various behavioral elements. 
Section 4 describes the setup of the experiments, regarding environmental elements, robotic 
sensors and actuators, robotic neural controllers and the genetic algorithm. It is also 
analyzed what challenges poses this environment compared to an empty arena and the 
cases of contradicting readings of the various sensors (the perpetual aliasing (Whitehead & 
Ballard, 1991)  and poverty of stimulus problems). 
Sections 5 and 6 present the results of the various experiments defined in section 4. In 
section 5 the behavioral elements that can be observed by looking at five best individuals are 
described while in section 6 the data taken from fitness (instantaneous and master) 
evaluation are presented in order to validate hypotheses made. 
Section 7 concludes the chapter and future work is proposed in section 8. 

2. Incremental evolution 

The first problem that faces every evolutionary procedure is the so-called bootstrap 
problem: in the first generations of evolution, where best individuals are mainly an outcome 
of random generation, it is quite unlikely that individuals shall evolve to get an adequate 
fitness score that can discriminate them from the rest of the population. 
Incremental evolution can cope with this kind of problems by describing a process of 
gradually (incrementally) hardening the evolutionary problem. This can be achieved with 
various ways 
a) By directly linking the generation number to the fitness function, e.g. add more desired 

tasks to the overall fitness evaluation. 
b) By making the environment harder as generations pass, e.g. add more obstacles in a 

collision free navigation task. 
c) In the commonly used case of evolutionary neural training, train the network for one 

task and then use the final generation of the first pass as the initial generation to train 
the second task. 

Nolfi and Floreano (2000) have stated that while incremental evolution can deal sufficiently 
with the bootstrap problem, it cannot operate in unsupervised mode and violates their 
principal of fitness definition being implicit. As the supervisor must define every step of the 
process, evolution cannot run unsupervised and scale up to better and unexpected 
solutions. 
This argument confines the usability of incremental evolution to small, well-defined tasks. 
While this is a drawback for the theoretical evolutionary robotics, that visualize 
evolutionary runs that can go-on for millions of generations and produce complex supersets 
of behaviors, while being unattended, real robotic problems encourage the incorporation of 
small behavioral modules in larger, man-engineered schemas. These modules can be 
produced using several methods and evolutionary algorithms are as good as any. Togelius 
(2004) invented a method called incremental modular in which he defined modules in 
subsumption architecture (Brooks, 1999). The interconnection between modules was pre-
defined and fitness evaluation proceeded for the whole system, while neural network 
evolved simultaneously. 
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2.1 Guidelines to design successful fitness functions 

Designing the proper fitness function is fundamental for the success of the evolutionary 
procedure. While Genetic Algorithms (GAs) and other evolutionary methodologies work as 
optimization methods for the given fitness function, the definition of the proper function for 
the task at hand requires a lot of work. In previous article (Mermigkis & Petrou, 2006) we 
have investigated how the variation in the fitness function can produce different behaviors 
while the other parameters (network architecture and size , mutation rate, number of 
generations and epochs) remain the same. 
In evolutionary systems, it has been stated that fitness functions should be as simple as 
possible (implicit) and describe the desired behavior rather than details about how to be 
achieved (behavioral). It is also better to calculate the fitness based only on data that the 
agent itself can gather (internal). This allows the evolutionary procedure to continue outside 
the pre-defined environment of the initial experiment and continue the evolution in real 
environments where external measurement isn’t possible. These three qualities have been 
summarized by Nolfi and Floreano (2000) in the conception of fitness space.  

2.2 Incremental evolution and coevolution 
Several research groups have pointed out that evolving two species one against each other is 
a form of incremental evolution which falls into case (b) of the previous paragraph: If the 
competing species is considered part of the environment for the one species, then the 
progress of its fitness is considered hardening of the environment for the opponent and vice 
versa. This could work flawlessly if there hadn’t been the phenomenon of cyclic 
rediscoveries, both reported in evolutionary robotics (Cliff & Miller, 1995a, 1995b, 1995c, 
Floreano and Nolfi, 1997) and evolutionary biology (Dawkins, 1996). Cyclic rediscovery, 
also known as red queen effect, is the tendency of competing species to develop qualities of 
previous generations in later stages, because these qualities can cope better with the 
opponent of the current generation. While several methodologies have been proposed to 
overcome this problem, such as hall of fame tournaments, the problem still exists in 
nowadays implementations. 

3. Hunting in an environment that contains obstacles 
The Predator – prey or hunt situation has been explored by different research groups 
(Mermigkis & Petrou, 2006), (Cliff & Miller, 1995a), (Floreano & Nolfi, 1997), (Buason & 
Ziemke, 2003), (Haynes & Sen, 1996) using different methodologies. However, in most cases 
the environment (or arena) of the experiment has been an empty space confined by walls 
with no obstacle contained within. In previous work  (Mermigkis & Petrou, 2006) we 
explored the possibilities of such an experimental setup and watched the emergence of 
different kinds of behavior (and behavioral elements such as evasion, pursuit, lurking or 
pretence). In this paper we shall try to conduct the hunt experiment in an arena that contains 
square objects (Figure 1) and see how the emerging agents cope with this situation. 
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Figure 1. Arena and initial Positions. As every run consists of 4 epochs, the agents switch 
starting positions. A: Arena without obstacles. B: arena with obstacles 

3.1 Need for simulation 
The experiments concern the co-evolution of two simulated Khepera robotic vehicles. One 
vehicle (predator) evolves trying to catch the opponent (prey) while the prey’s evolutionary 
target is to wander around the arena avoiding collisions with obstacles and the predator. 
YAKS (Yet another Khepera Simulator) (Carlson & Ziemke, 2001) has been adopted to 
simulate the robotic environment. The reason why simulation has been used is time 
restrictions: In the following chapter several experiments are conducted that last for 500 
generations of 100 individuals. This leads to many hours of experiments that have to be 
spent and simulation is the best way to a) parallelize the conduction of experiments by 
spreading to several PCs and b) simulation is in general faster than conducting the 
experiment with real robots. 
On the other hand, various research groups (Carlson & Ziemke, 2001) , (Miglino et al., 1995), 
(Jacobi et al., 1995) have shown that it is possible to evolve behaviors in simulation that can 
easily be transferred to real robots in few more evolutionary runs. 
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Experiments are conducted in the arena depicted in figure 1. Fitness is evaluated in 4 epochs 
of 200 simulated motor cycles. In every epoch the two agents switch starting positions in 
order to eliminate any possible advantage by the starting position. 
The Evolutionary algorithm (EA) adopted is a simple Genetic Algorithm (GA) applied on 
Neural Networks (NN) of fixed architecture. Christensen and Dorigo (2006)  have shown 
that other EAs such as the (μ, λ) Evolutionary Strategy can outperform the Simple GA in 
incremental tasks, however we try to follow the experimental framework of (Mermigkis & 
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Petrou, 2006) in order to be able to make comparisons. In the same spirit, only mutation is 
applied on individuals. 
 

 
Listing 1. Pseudocode of the Genetic Algorithm 

The experiments consist of two populations competing against each other for 500 
generations. Each population consists of 100 individuals. Fitness of population A is 
calculated by competing against the best individual of population B of the previous 
generation or the 10 previous generations. 
The Genetic algorithm followed is shown in Listing 1: First two random populations are 
created and are evaluated one vs. one. From every generation, the 5 best individuals are 
selected and passed to the next generation. The remaining 95 individuals are produced by 
mutated copies of the 5 selected ones (19 copies per elite individual). Real-value 
representation has been chosen since binary encoding constrains synaptic values to 
predefined min and max levels. Mutation is produced by adding to each synaptic value a 
random number from a Gaussian distribution multiplied by 0.05 (the mutation probability). 

Main{ 
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    Sort pop A (fitnes(A[0])=max) 
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mutate(individual){ 
  for(synapse=0;synapse<nrOfSynapses;synapse++){ 
    individual[synapse]+=mutation_probability*gauss_rand() 
  } 
} 
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Figure 1. Arena and initial Positions. As every run consists of 4 epochs, the agents switch 
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4.2 Agent Hardware and Neural Controllers 
The simulated Kheperas originally used the 8 infrared sensors and a rod sensor. The rod 
sensor is a kind of camera of 10 pixel resolution that can locate other agents equipped with 
rods. It is assumed that the rods are high enough so that the rod sensor can detect a robot 
even if there is a wall or other obstacle in the middle. 
In order to strike out accidental contacts between the vehicles we define that contact is made 
if the predator robot touches the prey with the central front part (prey must be in the 4th or 
5th pixel of the predator’s rod sensor). 
The rod sensor however doesn’t return any info about how far the other vehicle is, only the 
relative angle of the two. It is possible that if the two vehicles are in the opposite sides of an 
obstacle, then rod sensor indicates opponent’s presence and infrared sensors indicate 
contact with something. While there have been studies (see (Nolfi & Floreano, 2000) chapter 
5 for a comprehensive review) that show that simple NNs can differentiate between objects 
based only on IR sensory patterns, it is possible that the agent’s controller cannot tell 
whether there has been contact with the opponent vehicle or an obstacle. For this reason we 
have conducted another series of experiments in which we have added light sources on top 
of the simulated vehicles. This way the vehicle can detect the proximity of an opponent by 
using the 8 ambient light sensors. 
Also, since the desired behavior has two distinct elements (collision free movement and 
evasion-pursuit) we have experimented with a simple NN with a hidden layer of 4 recursively 
interconnected neurons and with recurrent connection on the output neurons, and a NN that 
contains a hidden layer of two modules (modular architecture). Each module consists of a 
decision neuron and 4 value neurons recurrently connected to each other. Hidden neuron 
values are propagated to the output neurons only if the decision neuron has a positive 
activation value. Figure 3 shows the architecture of the networks used in this experiment. 
 

 
Figure 2. Predator robot (grey) stumbled into an obstacle considering it to be the prey(black) 

The input layer of both networks contains one bias neuron that has fixed activation of 1.0 
and neurons that map the several sensory inputs scaled so as the minimum value is 0 and 
the maximum 1.0. Hidden layer and output layer neuron activation function is the sigmoid 
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function while the decision neurons use the step function. Hence, the value yj of output 
neuron j at time step t is given by equation (1) 

                  5.0
1

1][][ ][ ⎟
⎠
⎞

⎜
⎝
⎛ −

+
⋅= − tAMj je

tdty   (1) 

          0][,0
0][,1

][
⎩
⎨
⎧

≤
>

=
tA
tA

td
M

M
M    (2) 

        ]1[][][
0 0
∑ ∑

= =

−++=
I

i

K

k
kkjiijjj tywtxwbtA  (3) 

Where dM is the activation value for the decision neuron of module M (if defined), xi the 
value of input i, bj the bias value for neuron j and wij the various weights for forward and 
recurrent connections. 
 

 
Figure 3. Network architectures tested a. Simple recurrent network with hidden layer of 4 
neurons connected to each other. Ambient light input is not present in all experiments b. 
Hidden layer contains two modules with decision neuron. If decision neuron’s activation is 
>0 then the module neuron’s activation is propagated to the output. The output neurons are 
not recurrently connected 
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5. Evaluating co-evolution  
5.1 Qualitative data in co-evolution 
Two elements that are very common in co-evolutionary situation, both in evolutionary 
biology and evolutionary robotics are the arm-races and the cyclic rediscovery of strategies 
(a phenomenon commonly known as the red queen effect). The arm-races mean that as 
generations pass, opposing species constantly alter their strategies in order to beat their 
opponents. Arm-races can be depicted in instantaneous fitness graphs as oscillations which 
happen because a strategy x1 that can beat an opposing strategy y1 cannot beat strategy 
y2>y1. Since evolutionary algorithms slightly change winning strategies, the x2 strategy that 
competes against y2 is more likely to loose. 
Cliff and Miller (1995b) validated this phenomenon in robotic simulation experiments and 
concluded that the instantaneous fitness graphs are not adequate to show the progress of co-
evolving populations. Instead, they proposed the CIAO (Current Individual vs. Ancestral 
Opponents) graphs. A CIAO graph is a grid of pixel where pixel (x,y) contains a color 
representation of the fitness score of species A generation x competing against Species B 
generation y. 
In an ideal arms-race, an individual x2>x1 that can beat an individual y2>y1 should also be 
possible to beat y1 as well, leading to CIAO graphs similar to Figure 4a and 4b. However 
both in nature and robotics this doesn’t happen. It is possible that y2 looses to x1. This means 
that it is likely that y1 will re-appear as y3>y2 in order to compete against x1 that reappears as 
x3. This way y2 will reappear again and the circle continues, leading to the phenomenon of 
cyclic rediscovery of strategies. CIAO graphs that correspond to the emergence of cyclic 
rediscovery have the tartan pattern similar to figure 4c. 
 

 
Figure 4 CIAO graphs patterns a: The idealized form for binary fitness function b: the 
idealized form for proportional fitness function c: the tartan patterns that indicate cyclic 
rediscovery of strategies 

In order to reduce the Red Queen effect’s impact, Nolfi and Floreano (1998) proposed the 
Hall of Fame tournament: Fitness of and individual x of Species A must not only be 
calculated against opponent of just the previous generation but also against more ancestral 
opponents. Ideally, fitness should be calculated against all ancestral opponents, in what 
Floreano and Nolfi call the Master tournament. However, such an evaluation can make the 
evolved task too hard and paralyze the evolutionary process, as no viable solution can be 
found. In the experiments presented here, fitness has been evaluated against previous 
generation best opponent (tournament depth 1) and against the champions of the previous 
10 generations (tournament depth 10). 
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Since CIAO graphs can give only a rough icon of the evolutionary process, Floreano and 
Nolfi have proposed the Master Fitness measurement, which is the average fitness of an 
individual against opponents of all generations. 

5.2 Methodological approaches of the Predator-Prey experiment 
In order to evolve his virtual creatures, Sims (1994) conceptualized the idea of two populations 
competing against each-other. He experimented with various competition combinations (All 
vs. All, All vs. best of previous generation, random selection of opponent from previous 
generation) and concluded that the all vs. best schema could give the best results. Although he 
didn’t analyze the dynamics of the evolutionary process per se, he reported that “interesting 
inconsistencies” could be reported, referring to similar agents evolving again. On the contrary, 
Cliff and Miller (1995a, 1995b, 1995c) studied co-evolution of predator and prey simulated 
robotic agents giving emphasis on game-theoretical and methodological aspects.  
Floreano & Nolfi (1997), Nolfi and Floreano (1998), conducted similar experiments in real 
and simulated Khepera robotic miniatures and shown that the Red Queen Effect can be 
partially anticipated by calculating fitness against more ancestral opponent and not only the 
last one. This methodology provides more stable behaviors. They also experimented with 
arenas containing obstacles and drawn conclusions regarding the emergence of static 
behaviors like obstacle avoidance and how this affects the co-evolutionary process. Floreano 
et al. (2001) have also studied the possibility of neural networks that modify the synapses in 
runtime using Hebb rules, instead of the commonly used gene-coded synapses. They 
concluded that Hebbian modified neurons (or plastic neurons, as they call it) allow the 
predator to include a wider repertoire of behaviors. 
Apart from the coevolutionary methodology (evolving population against the opponents 
best ancestors), the predator prey experiment has been handled using conventional 
evolutionary methodology. The most popular variation is that the predator behavior is 
evolved against prey of standard controller. E.g., Haynes and Sen (1996) used Genetic 
Programming (GP) to evolve a team of predators against a prey that had a hand-coded 
controller. Shultz et al (1996) conducted a variation of this experiment where the predator 
robots (here called the shepherds) tried to lead the prey (here sheep) into a predefined place 
in the arena (the corral). Potter et al. (2001) extended this experiment by adding another 
robotic agent (the fox). This experiment has rich dynamics as there are multiple objectives 
that must be optimize by the evolutionary process. Similar methodology has been used by 
Nietschke (2003) who evolved neural controllers for simulated Khepera vehicles if predator 
groups trying to immobilize a prey agent. The prey agent uses static obstacle avoidance 
controller while the predators could either share the same genotype, or evolve in parallel. 
The paradigm of coevolving populations has been shown (Nolfi & Floreano, 1998) to give better 
solutions than the single evolution of predator behaviors. It also allows for game-theoretical 
assumptions to be made. However, the main disadvantage is the large number of fitness 
evaluations that need to take place using this methodology: Regarding the tournament’s depth, 
the method needs 2xdxG evolutionary runs, where G is the number of Generations and D the 
tournaments depth. Furthermore, if the experiment includes a third robotic species (i.e. the fox) 
or heterogeneous robotic teams, the fitness evaluation becomes too much complicated. 
Other groups have issued the best combination of individuals to test against. Rosin and 
Belew (1996) have proposed the method of Shared Sampling in which not only the best 
individual but also individuals with rare genotypes are preserved in each generation.  
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Stanley and Miikkulainen (2004) and Gomez and Miikkulainen (1997) have conducted co-
evolutionary experiments of Battle for food and Predator-Prey in an arena with obstacles 
respectively.  They have used a methodology that evolves not only the network weights but 
the architecture as well. 

6. Results and Findings 
We have conducted experiments using various agent setups: 
A.  recurrent neural network, 
B. recurrent network with ambient light sensory input, 
C. neural network that contains a hidden layer of two modules (modular architecture) 

with ambient light inputs. 
For the three combinations we have tried the following experimental setups: 
1. Fitness function (FF) of hunt experiment, defined by equations (4), where T is the total 

duration of the experiment and TC the Time-to-Contact. Initial populations are 
randomly generated. 
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2. Prey’s fitness function is a combination of collision-free navigation and evasion, as seen 
in equation (5), where v1,v2 are the motor velocities normalized in [0,1] (0:full backward, 
1:full forward), max(IR) the maximum value of IR sensors and T the total duration of 
the experiment and TC the time until contact (with predator) is made. In simple 
Obstacle avoidance calculations TC=T. Predator’s FF is the same as in equation (4). 
Initial population is randomly generated. 
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Equation (5) describes obstacle avoidance elements that favour forward movement, 
since the element (v1+v2-1) has value of -1 in case of full backward motion (v1=v2=0). 
We tried another variation where the element v1+v2-1 was replaced by its absolute 
value |v1+v2-1| in order to include the possibility of backward motion but didn’t 
observe the emergence of backwards motion (in prey robot). Hence, we didn’t measure 
this case (of favouring backwards motion). 

3. Using equations (4) , but with initial population being the last population of a 
previously run GA aiming to evolve collision free navigation with FF given in equation 
(5). 

6.1 Behavioural elements – strategies and trajectories 
From the methodological point of view, an easy mistake would be to present strategies 
categorized by the various fitness functions or vehicle controller. Since the task at hand and 
the environment is common, the successful solutions will be similar for all cases.  
As can be seen by observing the produced behaviours, the problem to solve for both agents 
is complex and includes several distinct stages. A prey must scan the area avoiding been 
close to predator. The predator’s problem has 2 distinct phases: First the predator must have 
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a strategy to approach the prey and then adapt the relative position to make the “strike”. 
These two elements are not necessarily combined as can be seen in figure 5 where predator 
is near the prey but cannot strike it. 

 
Figure 5 Setup 3A, tournament depth 10, generation 99: Predator approaches prey but fails 
to strike and turns away 

 
Figure 6 Trajectories detected in obstacle free arena a. Prey (black) moves forward in open 
circle b. Prey moves backwards trying to escape a predator, Predator(grey) moves against 
the prey and periodically rotates on spot in order to re-locate the prey robot 

When conducting experiments in an empty arena, it was a common strategy for the prey 
robot to adopt backwards motion. Another dominant strategy was circular motion in wide 
circles in order to locate the opponent, a strategy adopted by both predator and prey. 
Figures 6a and b show trajectories corresponding to the above mentioned strategies. 
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Stanley and Miikkulainen (2004) and Gomez and Miikkulainen (1997) have conducted co-
evolutionary experiments of Battle for food and Predator-Prey in an arena with obstacles 
respectively.  They have used a methodology that evolves not only the network weights but 
the architecture as well. 
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Equation (5) describes obstacle avoidance elements that favour forward movement, 
since the element (v1+v2-1) has value of -1 in case of full backward motion (v1=v2=0). 
We tried another variation where the element v1+v2-1 was replaced by its absolute 
value |v1+v2-1| in order to include the possibility of backward motion but didn’t 
observe the emergence of backwards motion (in prey robot). Hence, we didn’t measure 
this case (of favouring backwards motion). 

3. Using equations (4) , but with initial population being the last population of a 
previously run GA aiming to evolve collision free navigation with FF given in equation 
(5). 

6.1 Behavioural elements – strategies and trajectories 
From the methodological point of view, an easy mistake would be to present strategies 
categorized by the various fitness functions or vehicle controller. Since the task at hand and 
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a strategy to approach the prey and then adapt the relative position to make the “strike”. 
These two elements are not necessarily combined as can be seen in figure 5 where predator 
is near the prey but cannot strike it. 

 
Figure 5 Setup 3A, tournament depth 10, generation 99: Predator approaches prey but fails 
to strike and turns away 

 
Figure 6 Trajectories detected in obstacle free arena a. Prey (black) moves forward in open 
circle b. Prey moves backwards trying to escape a predator, Predator(grey) moves against 
the prey and periodically rotates on spot in order to re-locate the prey robot 

When conducting experiments in an empty arena, it was a common strategy for the prey 
robot to adopt backwards motion. Another dominant strategy was circular motion in wide 
circles in order to locate the opponent, a strategy adopted by both predator and prey. 
Figures 6a and b show trajectories corresponding to the above mentioned strategies. 
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Predator’s strategy also always included the rotate-on-spot tactic where the predator rotated 
until rod-sensor indicated prey in the visual field. 
The obstacles of the arena pose new challenges to the evolutionary procedure. Moving in 
open circles is not a strategy that can consistently be followed as the obstacles will interrupt 
the open circle. 

 
Figure 7. Using obstacles as landmarks: a. Successful approach, b. Unsuccessful guidance 

 
Figure 8. Wall Following approach. When predator is between wall and obstacle, it slides 
colliding with the wall 

Regarding predator strategies, there is another problem: The prey robot is initially outside the 
sensory range of the predator. In fitness definition of experiment cases 1 and 3, where prey isn’t 
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granted fitness for being in motion, prey can achieve fitness simply by staying immobile. And 
since predator’s fitness, in case 1 doesn’t include any navigation elements, it is likely that 
bootstrapping problems will appear as in early generations the fitness of the predator remains 0. 

 
Figure 9. Prey hiding behind the obstacle. When predator tries to approach, stumbles in the 
upper corner of the obstacle 

 
Figure 10. Conventional pursuit – evasion tactics. Contrary to previous examples, predator 
is based more on the rod sensor to locate the prey than to landmarks and ambient light 
readings 

The evolutionary procedure has however found ways not only to produce obstacle avoiding 
strategies but also to use the obstacles in various ways. Figure 7 shows how can obstacles be 
used as landmarks to guide the predator near the prey: As prey wanders in the area 
confined by the two square objects, predator uses obstacles as landmarks to be guided in the 
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prey chamber. Figure 8 shows a variation of this strategy, where predator follows the outer 
wall of the arena to encircle the prey. 
Another interesting strategy that utilizes obstacles is adopted by the prey: When fitness 
doesn’t explicitly prevents contact with an obstacle, it is quite common to see the prey 
vehicle collide in the lower corner of an obstacle and monitor the above free area. In this 
way, the predator robot cannot approach successfully. Figure 9 shows this form of hiding. It 
is also the only tactic that can prove effective against a predator that has developed collision 
free navigation. Another parallax is adopted by the predator that sticks to an obstacle’s 
corner waiting for the prey to pass near by.  Conventional strategies like seeking or pursuit 
are shown in figures 10a and 10b. 

6.2 Poverty of stimulus 
Rod sensor readings are confusing for both agents as they indicate the position of the 
opponent but doesn’t indicate if there are obstacles in the way. It has been mentioned above 
that this can cause agent to consider collision with opponent while they have collided with 
and obstacle. 
Introducing the ambient light readings changes totally the way agents react. In all variations 
with ambient light readings, the agents use the rod sensor less, while depending on arena 
landmarks, internal dynamics and light readings to navigate upon or away the opponent. 
Also, using ambient light allows the predator to have more options in the “strike” phase of 
pursuit. It has been observed in cases where predator contacts the prey back-to-back, that 
using light reading it rotates on spot and strikes the prey. If light sensors are not used, it this 
case the predator navigated away from the prey. 
It has also been observed that the modular neural network architecture evolution produces 
more awkward behaviours for both agents. This is a common problem is evolutionary 
robotics: When a certain architecture can solve a problem, adding more elements in the 
phenotype produces a larger genotype space (Harvey, 1997) that is harder for the 
evolutionary algorithm to optimize. 

6.3 Measuring and evaluating 
Observation of the produced behaviours is the most interesting part of an evolutionary 
experiment and the most revealing concerning the ability to evolve behaviours and solve 
problems with minimal resources (naive neural architectures, poor and noisy sensory inputs 
such as the IR sensory inputs). Yet, there is always need to have qualitative metrics of an 
experiment to be able to monitor the emerging evolutionary dynamics. 
Measuring co-evolutionary experiments is, as mentioned before, more difficult than 
measuring static evolutionary ones. Instantaneous fitness cannot show much about the 
progress of the experiment, as evolving sophisticated behaviours on one species causes 
fitness drop on the other. Master fitness, on the other hand is the common denominator of 
all behaviours, but can be very low (compared to instantaneous fitness levels) when a 
specific strategy that can beat all opponent strategies cannot be found. Figure 11 shows 
instantaneous fitness variation for predator and prey in experimental setup 1 (simple prey 
fitness function form). 
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Figure 11. Instantaneous fitness function variation for predator (left hand) and prey (right 
hand) against number of generations for experiment setup 1 . The top plots are from 
tournament depth 1 experiments and bottom from tournament depth 10. Black: setup A 
(simple NN) Dotted: setup B (simple NN, ambient light input) and grey: setup C (Modular 
architecture, ambient light). All plots are average of 4 experiments with same setup 
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Figure 12. Instantaneous fitness for predator (left part) and prey (right part) in arena with 
obstacles (grey) and arena without obstacles (black) for experimental setup 1A. Upper Part: 
tournament depth 1.  Lower: Tournament depth 10 

Instantaneous fitness shows that the environment is totally favourable for the prey, as best 
individual’s instantaneous fitness seldom is lower that 0.95, especially in tournament 1 
depth. Figure 12 shows the instantaneous fitness variation in experiment 1A in an arena 
with obstacles and another without obstacles. 
While the comparison in figure 12 shows a distinctive advantage for the prey robot, the 
waveforms are similar which seems that the same dynamics that can be monitored in a simple 
predator-prey setup (no obstacles) can be found when obstacle avoidance must also emerge. 
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hand) against number of generations for experiment setup 1 . The top plots are from 
tournament depth 1 experiments and bottom from tournament depth 10. Black: setup A 
(simple NN) Dotted: setup B (simple NN, ambient light input) and grey: setup C (Modular 
architecture, ambient light). All plots are average of 4 experiments with same setup 
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obstacles (grey) and arena without obstacles (black) for experimental setup 1A. Upper Part: 
tournament depth 1.  Lower: Tournament depth 10 

Instantaneous fitness shows that the environment is totally favourable for the prey, as best 
individual’s instantaneous fitness seldom is lower that 0.95, especially in tournament 1 
depth. Figure 12 shows the instantaneous fitness variation in experiment 1A in an arena 
with obstacles and another without obstacles. 
While the comparison in figure 12 shows a distinctive advantage for the prey robot, the 
waveforms are similar which seems that the same dynamics that can be monitored in a simple 
predator-prey setup (no obstacles) can be found when obstacle avoidance must also emerge. 



Frontiers in Evolutionary Robotics 

 

408 

Figure 11 partially proves the poverty of stimulus hypothesis as the predator that used the 
ambient light sensor gathers more fitness. It also seems that the modular architecture didn’t 
cope well with the problem. The reason is that since the gene space is larger, it takes more 
generations and bigger population sizes to cope with the problem at hand. 
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Figure 13. Master fitness comparison for plain fitness function definition using different 
neural setups (experimental setups 1A-1C). Left side: predator – right side prey, upper part : 
tournament Depth 1, lower part : tournament Depth 10. Black: setup A (simple NN) Dotted: 
setup B (simple NN, ambient light input) and grey: setup C (Modular architecture, ambient 
light). All plots are average of 4 experiments with same setup. Values are average of 4 
experimental runs 
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Figure 14. Master fitness comparison for fitness function definition 2. Plot specific details 
same as figure 13. Values are average of 4 experimental runs 

Master fitness function comparison can show whether this is a general case for the co-
evolutionary experiment or simply the co-evolutionary dynamics have changed. Figure 13 
shows the comparison for experimental setup 1 and figure 14 for experimental setup 2. 
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Figures 13 and 14 don’t show a clear supremacy of setup B (plain NN – ambient light sensors) by 
comparing predator’s master fitness in each case. In prey’s master fitness we see that the 
corresponding deterioration is clearer, which means that this particular setup is more favourable 
for the predator agent. Modular architecture seems to have the worst score in both agents.  
Figure 14 shows also that predator’s fitness is higher in general when prey’s fitness incorporates 
the obstacle avoidance element. The explanation for this is a common problem of evolutionary 
robotics: When separate behaviours must evolve in parallel in an agent, evolution can paralyze in 
early generations by lack of useful lifetime experiences. In garbage collecting task Nolfi (1997) 
and Ziemke et al. (1999) faced this problem since in early generations the Khepera agent didn’t 
encounter objects in order to evolve the gripper handling behaviour. The solution to that was to 
program the simulator to put an object in front of the agent in the first generations. 
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Figure 15. Comparison of the predator’s master fitness for the 3 fitness function definitions 
setups left: Plane NN architecture, right : Plain with ambient light. Top : tournament 1 
depth, bottom: tournament 10 depth. Black: fitness definition 1 (plain prey fitness), dashed: 
fitness definition 2, grey: Fitness definition 3 (plain with defined start generation) 

In the previous section we saw that when prey’s fitness doesn’t favour obstacle avoidance and 
navigation in the arena, the favourable strategy for the prey was to stay immobile in the initial 
location or rotate on spot. This way it evaded being detected by predator agent’s rod sensor. 
By forcing the prey to move around, useful rod sensory reading are generated for the predator 
causing master (and instantaneous) fitness to rise. The ascending trend in both predator’s and 
prey’s master fitness can be explained by the emergence of more refined obstacle avoidance. 
Figure 15 seeks to give an answer to the initial question of the experiments presented in this 
chapter, which incremental evolution method is the best for the predator-prey task in the 
arena with obstacles. By comparing the master fitness variation of all setups (excluding the 
modular architecture which was proved inappropriate for the task) it seems that regarding 
predator emerging behaviours, fitness definition 2 gives the best results. 

7. Conclusions 
The possibility to provide an experimental framework for evolutionary biology and 
evolutionary game theory are the main strengths of the coevolutionary methodology. E.g., 
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Figure 11 partially proves the poverty of stimulus hypothesis as the predator that used the 
ambient light sensor gathers more fitness. It also seems that the modular architecture didn’t 
cope well with the problem. The reason is that since the gene space is larger, it takes more 
generations and bigger population sizes to cope with the problem at hand. 
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shows the comparison for experimental setup 1 and figure 14 for experimental setup 2. 
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Cliff and Miller (1995a) rationalized the usability of co-evolutionary experiments with robotic 
agents in order to explain natural phenomena such as the emergence of protean behaviours in 
animals that usually are prey to others. By conducting experiments with simulated robots they 
were able to reproduce the phenomenon as it progresses and proceed with a game-theoretical 
analysis. As can be seen by the large number of corresponding publications in artificial life and 
evolutionary biology, evolutionary robotics greatly interacts with these areas.  
The question whether coevolutionary methodology is capable of providing better robotic 
controllers than conventional evolutionary methods is quite hard to answer. First and 
foremost, the motivation behind coevolutionary experimentation is more to mimic 
biological procedures than produce competitive robotic behaviours. However, even when 
there are no optimistic results, co-evolution has the methodological advantage of being 
open-ended by achieving gradual complexification of the competing agents. 
The experiments presented in this chapter proved that combination of behaviours can be done in 
competitive coevolutionary situations. The results (for the predator agent) were poor, something 
that can be explained by the fact that the two evolving strategies were controversial: One sought 
maximization of IR readings at some point (when contact with prey was made) while the other 
sought minimization of IR readings (collision avoidance). The predator’s fitness has been 
extensively used as it shown variation across generations, something that was not the case for 
prey’s fitness, which was high due to environmental advantage. Adding more sensory input 
improved the performance of the predator and the coevolutionary dynamics in general, while 
the hand made modular architecture proved poorer than the simple recurrent network. 
The architectural evolution of neural controllers is something that must be further 
investigated: the experiments have shown that the architectures shown were under 
qualified to cope with the complexity of the combined tasks. However, in the experiments 
presented here, it was possible to see strategies like hiding or lurking emerge. In such 
strategies, the agent collided with an obstacle and then escaped by changing the direction of 
movement. Similarly, in many cases   it was possible to observe the obstacles being used as 
landmarks to help the predator navigate towards the prey’s initial location. Using 
landmarks, the predator didn’t need to use the rod sensor except for the final phase before 
contacting the prey. This way the rod sensor reading that were confusing (as seen in section 
4.2) when the prey was behind an obstacle were negated. 

8. Future Work 
This line of experiments has left open the point of what could be an optimal network 
architecture for problems of increasing complexity. Several researchers have conducted 
experiments in which the neural architecture was subject to change, either in genotypic 
(variable length GAs) (Harvey, 2001), (Husbands et al., 1998), or phenotypic (by using some 
developmental process during lifetime) level (Michel, 1997).  Also, the ability to train the 
neural network during lifetime use delta or Hebb rule must be investigated. 
Apart from the robotic controller internals, it is of great interest to study co-evolutionary 
experiments that include more that two species of species teams, clonal or aclonal. 
Experiments in these areas have shown the emergence of communication with or without 
dedicated channels (Quinn, 2001) or stigmergic collaboration (Caamano et al., 2007). By 
combining this feature with the multi-objective nature of multi-team situations, many 
interesting features can be studied, especially in the behavioural level. 
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1. Introduction 
This chapter describes a finite-state automata approach to Evolutionary Robotics (ER) 
(Petrovic, 2007). Most of the efforts in the field of ER, see (Nolfi and Floreano, 2000) for very 
representative examples concentrate around controllers with various neural architectures, 
mainly due to their high plasticity and adaptability. Despite these obvious advantages, the 
resulting controllers usually have monolithic form with information represented 
numerically across the whole networks, where it is difficult to understand and explain why 
particular actions are taken in particular situations, enumerate the possible types of 
behaviors the controllers may produce, and achieve modularity required in more complex 
tasks. These features may be needed when the field reaches the level of real-world 
applications, for example to automatically verify the safety. In addition, many robotics 
researchers have demonstrated and reasoned that modular controller architectures with 
simultaneously executing behavioral modules – often called Behavior-Based (BB) 
architectures, are favorable as compared to centralized and top-down architectures. In our 
quarter of the ER community, the ultimate goal of the efforts is to find useful methods for 
automatic programming of mobile robots performing non-trivial tasks. By non-trivial, we 
mean tasks for which manual controller design by an engineer is difficult, or applications 
where the engineer is not available at the time of controller design or adaptation. Modular 
neural networks are an interesting field of interest, however, the research results did not 
satisfy us in their ability to compensate for their shortcomings. We suggest to use a BB 
architecture and apply Evolutionary Computation (EC) to learn/design the coordination 
mechanism of the behaviors. Although it would be possible to use EC to evolve both the 
behaviors and the coordination, evolving simple behaviors have been addressed by many 
previous works, and thus this time, we concentrate at the coordination mechanisms of a set 
of pre-programmed (pre-evolved) behaviors. When searching for a suitable formalism for 
representing the coordination mechanisms, we found that the robot behavior can be 
veritably modeled by finite-state automata (FSA). We also found that EC have been 
previously successfully applied to automatic programming of state automata, a detailed 
overview is in the section 3. As explained in section 4, we have designed a set of 
experiments, which indicate that for tasks that share properties with BB coordination 
mechanisms, the finite state representations outperform more conventional GP-tree 
representations. With this background, we have performed experiments with evolving 
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behavior coordination based on FSA for less trivial tasks for mobile robots and we have 
shown feasibility of this approach as described in detail in section 5. 

 
Figure 1. FSA representation. Transition conditions correspond to GP-tree non-terminals, 
however each transition also has an associated terminal. The state transitions can point to 
the originating state, and multiple transitions between the same two nodes, or with the same 
transition conditions are allowed (only one is executed when transition occurs) 

2. Background and Motivation 
There have been only few attempts to generate coordination mechanisms automatically 
based on the required task or robot purpose. For example, (Koza, 1992) evolves a robot 
controller based on Subsumption Architecture (SA) for wall-following task. He writes: “The 
fact that it is possible to evolve a SA to solve a particular problem suggests that this approach to 
decomposing problems may be useful in building up solutions to difficult problems by aggregating 
task achieving behaviors until the problem is solved.” Evolution of SA has been recently 
addressed by a thesis of (Togelius, 2003). The usefulness of these approaches can be 
supported by the following reasons: 
• They are innovating: Automatic method might explore unforeseen solutions that would 
otherwise be omitted by standard engineering approaches used in manual or semi-
automatic design performed by a human. 
• They can provide robot controllers with higher flexibility: Mobile robots can be built for 
general purpose, and the coordination mechanism for different achievable tasks might have 
to be different, either for reasons of critical limits on their efficiency, the bounds on the 
controller capacity, or conflicting roles in different tasks. In such a case, generating the 
coordination mechanism based on task description might be required. Having the option of 
automatic coordination generation might save extensive amounts of work needed to hand-
craft each coordination mechanism. 
• They can cope with complexity: Manual coordination design might suffer from the lack of 
understanding of the real detailed interactions of the robot with its environment. These 
interactions might be difficult to describe analytically due to their complexity. Automatic 
coordination design might capture the undergoing characteristics of the robot interactions 
more reliably, efficiently and precisely. 
A valuable inspiration for our work stems from the work of (Lee et al., 1998), where the 
more complex, high-level task is decomposed hierarchically and manually into several low-
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level simple tasks, which can further be decomposed to lower-level tasks. The reactive 
controller consists of primitive behaviors at lowest level and behavior coordination at higher 
levels, both with the same architecture of interconnected logic-gate circuit networks. The 
evolution proceeds from the lowest level tasks up the hierarchy to the target complex task. 
The work has been continued on by the master thesis (Ostergaard, 2000), where a football 
player has been evolved with the use of co-evolution. The qualitative change is in the ability 
to work with internal state (as contrasted to purely-reactive controllers), and more complex 
architecture allowing two types of coordination: 1) a sequence of several states, and 2) 
selecting the module with the highest activation value; where the activation value is 
exponentially decreasing over time, and reset to maximum on request of the module. 

3. FSA as Representation for Evolutionary Algorithms  
FSA or FSM (we use these terms interchangeably) have been used as genotype 
representation in various works, although this representation lies on the outskirts of the 
evolutionary algorithms research and applications. Let us review the approaches first.  
Evolutionary Programming, (Fogel, 1962, 1993) is a distinguished evolutionary approach 
that originally used FSA as the genotype representation. EP does not utilize recombination 
operators, and relies on mutations. The original EP works addressed the tasks of prediction, 
identification and control. 
(Chellapilla and Czarnecki, 1999) introduce modular FSM subclass with restricted topology 
– in particular, the FSM are partitioned into several encapsulated sub-parts (sub-FSM), 
which can be entered exclusively through their starting states. The authors use modular 
FSM to evolve controllers for the artificial ant problem that was previously successfully 
solved by evolving binary-string encoded FSA in (Jefferson et al., 1992). They provide 
evidence that modular FSM perform better on this task than non-modular FSM, and they 
also provide evidence that direct encoding with structural mutations of non-modular FSM 
perform better than binary-string encoding used in (Jefferson et al., 1992). This idea of 
modular FSM has been adopted also by (Acras and Vergilio, 2004), who develop a universal 
framework for modular EP experiments and demonstrate its use on two examples. 
(Angeline and Pollack, 1993) are experimenting with automatic modular emergence of FSA. 
They suggest to freeze and release parts of the FSA so that the frozen (or “compressed”) 
parts cannot be affected by the evolutionary operators. The compression occurs randomly 
and due to the natural selection process, it is expected that those individuals where the 
compression occurs for the correctly evolved sub-modules will perform better and thus 
compression process interacts with the evolutionary process in mutually beneficial manner. 
Indeed, the authors document on the artificial ant problem that the runs with compression 
performed better than equivalent runs without compression. They reason: "An explanation 
for these results is that the freezing process identifies and protects components that are important to 
the viability of the offspring. Subsequent mutations are forced to alter only less crucial components in 
the representation.” (Lucas, 2003) is evolving finite-state transducers (FST), which are FSA 
that generate outputs, in particular, map strings in the input domain to strings in the output 
domain. FST for transforming 4-chain to 8-chain image chain codes were evolved in this 
work, while three different fitness measures for comparing generated strings were used: 
strict equality, hamming distance and edit distance.  
An interesting piece of work by (Frey and Leugering, 2001) considers FSM as controllers for 
several 2D benchmark functions and the artificial ant problem. In their representation, the 
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behavior coordination based on FSA for less trivial tasks for mobile robots and we have 
shown feasibility of this approach as described in detail in section 5. 

 
Figure 1. FSA representation. Transition conditions correspond to GP-tree non-terminals, 
however each transition also has an associated terminal. The state transitions can point to 
the originating state, and multiple transitions between the same two nodes, or with the same 
transition conditions are allowed (only one is executed when transition occurs) 
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whole transition function is represented as a single strongly typed GP-tree – i.e. a branching 
expression with conditions in the nodes that direct execution either to the left or to the right 
sub-tree, and finally arriving to a set of leaves that list the legal transition pairs (old state, 
new state). 
In his PhD thesis, (Hsiao, 1997) is using evolved FSA to generate input sequences for digital 
circuits with the purpose of their verification, and fault detection. The author achieves best 
fault detection rate on various circuits (as compared to other approaches), except of those 
that require specific and often long sequences for fault activation. 
(Horihan and Lu, 2004) are evolving FSM to accept words generated by a regular grammar. 
They use an incremental approach, where they first evolve FSM for simpler grammars, and 
gradually progress to more complex grammars. They use the term genetic inference to refer 
to their approach of generating such solution.  
(Clelland and Newlands, 1994) are using EP with probabilistic FSA (PFSA) in order to 
identify regularities in the input data. The PFSA is a FSA, where the transitions are 
associated with probabilities as measured on input sequences. The EP is responsible for 
generating the topology of the FSA – number of states and how they are interconnected, and 
the transitions in PFSA are labeled according to their “fire rate”. This combination can be 
applied for rapid understanding of an internal structure of sequences. 
(Ashlock et al., 2002) are evolving FSM to classify DNA primers as good and bad in 
simulated DNA amplification process. They evolve machines with 64 states in 600 
generations. They used the weighted count of correct/incorrect classifications as their fitness 
function. However, they sum the classifications made in each state of FSM throughout its 
whole run. They argue that if only the classifications made in the final state were taken into 
account, the performance was poor. In addition, this allows the machine to produce 
weighted classification – how good/bad the classified primer is. The best of 100 resulting 
FSM had success rate of classification of about 70%. Hybridization, i.e. seeding 1/6th of a 
population of an extra evolutionary run with the best individuals from 100 previous 
evolutionary runs improved the result to about 77%. This work was continued in (Ashlock 
et al., 2004), where the FSM approach was compared to more conventional Interpolated 
Markov Models (IMMs), which outperformed FSM significantly.  
In an inspiring study from AI Center of the Naval Research Laboratory, (Spears and 
Gordon, 2000) analyze evolution of navigational strategies for the game of competition for 
resources. The strategies are represented as FSM. Agent moves on a 2D grid while capturing 
the free cells. Another agent with a fixed, but stochastic strategy is capturing cells at the 
same time, and the game is over when there are no more cells to capture. Agents cannot 
leave their own territory. Authors find that the task is vulnerable to cyclic behavior that is 
ubiquitous in FSM, and therefore implement particular run-time checking to detect and 
avoid cycles. They experiment with the possibility to disable and again re-enable states (as 
contrasted to permanent and complete state deletion). They also compare evolution of 
machines with fixed number of states and evolution of machines, where the number of 
states changes throughout the evolutionary run. They discover that in the case of varying 
number, the machines utilize the lately-added states to lesser extent, as well as that deleting 
states is too dramatic for performance, and thus suggest merging or splitting states instead 
of deleting and creating states. Due to the stochastic algorithm of the opponent agent in the 
game of competition for resources, the fitness function must evaluate each individual in 
many different games (G). Authors disagree with others who claim that keeping G low can 
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be well compensated by higher number of generations and conclude that it results in 
unacceptable sampling error. The authors therefore evaluate all the individuals on fewer 
games (500), and if the individual should outperform the previous best individual, they re-
evaluate it on many more (10000) games. Some further FSM-relevant references can be 
found for example in the EP sections in the GECCO and CEC conferences. 

4. Analysis of FSA vs. GP-tree Representations 
Each robot performing some activity is always in some state while it reactively responds 
with immediate actions or it proceeds to other states also as a response to environmental 
percepts – thus the activity of a robotic agent can be modeled by a state diagram accurately. 
We believe that state-diagram formalisms can in fact steer controllers themselves and be the 
back-bone of their internal architecture. Secondly, we believe that the state automata are 
easier to understand, analyze, and verify than other representations, for example neural 
networks. Thirdly, we believe that state automata are more amenable to incremental 
construction of the controller, because adding new functionality involves adding new states 
and transitions, and making relatively small changes to the previous states and transitions. 

 
Figure 2. The best trajectories from all generations of one evolutionary run, two starting 
locations. GP-tree on the left, FSA on the right. The topology of the trajectories follows the 
topology of the representation: FSA are better at encoding loops and strategies, GP-trees are 
better at searching and extending the trajectories similar to the iterative deepening 
algorithm 

In order to better understand the character of the FSA representation, we have devised a 
series of tasks and compared the performance of GP with program-tree representation 
against FSA representation, see Figure 1. In our implementation of GP-tree representation, 
the evolved programs are binary trees, with terminals (actions) in the leaves and non-
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In order to better understand the character of the FSA representation, we have devised a 
series of tasks and compared the performance of GP with program-tree representation 
against FSA representation, see Figure 1. In our implementation of GP-tree representation, 
the evolved programs are binary trees, with terminals (actions) in the leaves and non-
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terminals (control structures if, while, repeat, seq) that utilize binary relations in the nodes. 
Both terminals and non-terminals can require arguments, which come in form of registers 
that can be mapped to sensor inputs or internal state variables. In our implementation of the 
FSA representation, the automaton consists of N states, which are connected by ordered set 
of state-transitions associated both with a transition condition and an action. The first 
transition with a satisfying condition is performed and an associated action is executed. For 
details of the formalisms and experiments, please refer to (Petrovic, 2007). In this section, we 
review the most interesting points. 

 
Figure 3. Trajectories for the evolved individuals in selected runs for both representations. 
The four starting locations are marked by a small cross in a circle and the final positions are 
marked by a small cross. Individuals in both representations utilize the light sensor, 
however, the FSA solution is cleaner – moving straight in the middle between the two 
horizontal lines, turning right and finding the target square. The GP-tree representation is 
approaching the target in a stair-like movement and faces difficulties to align with the target 
location correctly when the sensory experiences in the final segments of the trajectories vary. 
(The robot was moved to the bottom right just to disclose the trajectories.)  

We have experimented with two simple 2D robot navigation tasks and several symbolic 
sequence tasks as follows: In the first task, robot was to navigate as close as possible to a 
specific target location (the distance determined the fitness of the solution), while avoiding 
collisions with obstacles (collisions subtracted from the fitness), see Figure 2. A binary 
sensor indicated whether the robot is heading roughly in the direction of the target. Even 
though there was only slight difference in the performance of both representations, 
inspecting the actual strategies reveals that GP program trees are better at incrementally 
extending the trajectories segment by segment in an iterative search process, while the FSA 
solutions are effective at encoding strategies. For instance, the solutions evolved in earlier 
generations shown at bottom right of Figure 2 avoid the obstacles always from the left-hand 
side. That brings the robot quite far from the target, but still closer than the starting location, 
however, it is a strategy that can be further modified to a correct solution. FSA are better at 
encoding loops, because the state transitions allow easy creation of arbitrary loop structures, 
while the sequential depth-first execution of the program trees is very prohibitive. The 
topology of the trajectories evolved in the consecutive generations reflects the topology of 
the representation itself: notice the tree structure of the trajectories of the GP program trees 
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and the loop structures of the FSA. Similar effects were found in results from a docking task, 
where a robot was placed in a bottom-left quadrant of a 2D environment and was required 
to park into a square. While the GP program trees achieved slightly higher target accuracy 
on average, the best evolved FSA solutions have a cleaner strategy, see Figure 3, and Figure 
4 right.  

 
Figure 4. On the left: The best evolved FSA in the switch task with three symbols. On the 
right: FSA that evolved in the docking task. The robot first moves forward in the loop of 
states 5-7-8 until it arrives to line, then it moves forward three times (states 2-11-10), turns 
right, and proceeds again until it stops at line (the left line of the target square). Next, it 
moves into the square (states 2-11-10 again), turns right facing now down, and finally the 
FSA terminates when the robot attempts to move back in the state 6 when it encounters a 
line (top line of the target square as the robot is facing down) 

In the symbolic task (abcd)n, a tape machine was expected to replace a specified part of the 
input/output tape with repeating pattern of symbols abcd. We were surprised to find that 
GP program trees evolved solutions much faster, see figure 5. The following objective 
function was used: 

nstarts

Σ() fitness = 1 – s· qs –
i = 1

(ei / ( li· nstarts ) –  ri· qr) (1)

Where ei is the number of incorrect symbols in the output word (including extra placed or 
missing symbols) in the ith input word, li is the number of symbols in the input word, nstarts is 
the number of random input words presented to the program, ri is the number of execution 
steps, s is the size of the genotype, qs and qr are weight constants. Within 2000 generations, 
74% of FSA runs evolved a correct solution, while 92% of GP-tree runs succeeded. The 
remaining 8% of GP-tree runs placed only 2 symbols incorrectly, while the incorrect FSA 
erred on 7-14 symbols. We found that GP performed so well due to its strong while non-
terminal and the fixed structure of the loop required. 
In the second symbolic task (labeled switch), the performance of FSA appeared to clearly 
outperform the GP program trees. In this task, the tape machine is to replace zeros in the 
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input string with a closest non-zero symbol found on the tape in the direction to the left. For 
example, the sequence 

100040300002000130040000000003000020 

should be transformed into: 

111144333332222133344444444443333322 

with the same objective function as in the previous task. In this case, the evolution of GP 
program trees was much slower than FSA, see Figure 6.  

 
Figure 5. Performance of the FSA and GP-tree representations on the task (abcd)n. Average 
of 25 (GP-tree) and 23 (FSA) runs. The programs were presented with input word 
containing 32 ones, and had 150 execution steps for writing the output word. Population 
size 300, prob. crossover 0.6, prob. mutation 0.7, brooding crossover (number of non-strict 
broods 3, 30% training samples used for brooding), combining crossover (GP-trees): 0.25, 15 
strict-elite individuals, tournament selection (size 4, probability 0.8), max. GP-tree depth: 12, 
max. number of FSA states/transitions per state: 22/10, FSA shuffle mutation: 0.4 

The task was a difficult one, and only 3 out of 10 FSA runs found a solution, therefore we 
ran experiments with a simpler version of the same task containing only three types of non-
zero symbols. Within 2000 generations, all runs with the FSA representation evolved a 
correct solution, while no runs with the GP-tree representation found a correct solution, see 
Figure 7 and Figure 4 left for the smallest evolved FSA after pruning redundant transitions 
and state. The task can be interpreted from the robotic point of view as follows: the robot is 
always in one of the four (or three) states – it performs an activity of writing a specific 
symbol and navigating right on the tape. When a specific event in the environment occurs, it 
switches to a different state, performing a different activity (writing a different symbol). 
Whatever the current activity, it is capable to switch to any other possible state in a reactive 
manner to provide a required response. This is exactly the kind of interaction that is typical 
for robotic tasks, and behavior coordination, where the states of the behavioral modules 
switch according to the task and environmental context. 
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Figure 6. Average of the best fitness from 14 (GP) or 10 (FSA) runs of the switch task with 
four symbols. Population size 300, probability of crossover 0.5, crossover brooding of size 3, 
with 30% test  cases used to evaluate brooding individuals, probability of mutation 0.9, 15 
elites, each individual evaluated on 10 random strings, uniformly random input word 
length 10-60, maximum 10 continuous 0-symbols, maximum number of GP-tree or FSA 
execution steps 300, FSA: pshuffle=0.4, number of states 1-15, number of transitions 1-15, 
pcross_combine=0.25, maximum tree depth=15, The number of evaluations is proportional 
to the generation number. The error bars show the range of fitness progress in all runs. 
Tournament selection (FSA), fitness-proportionate selection (GP-trees) 

 
Figure 7. Average of the best fitness from 15 (GP) or 34 (FSA) runs of the switch task with 
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input string with a closest non-zero symbol found on the tape in the direction to the left. For 
example, the sequence 
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should be transformed into: 

111144333332222133344444444443333322 

with the same objective function as in the previous task. In this case, the evolution of GP 
program trees was much slower than FSA, see Figure 6.  

 
Figure 5. Performance of the FSA and GP-tree representations on the task (abcd)n. Average 
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switch according to the task and environmental context. 
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Figure 8. Average of the best fitness from 11 (incremental) and 10 (non-incremental) runs of 
a 4-symbol switch task, FSA representation and tournament selection, parameters as in 
Figure 7. 

  
Figure 9. Average of the best fitness from 10 runs of the four-symbol switch task with FSA 
representation and tournament selection. Individuals were frozen at the end of each step. 
Other parameters remained the same 

In further experiments with the switch task and FSA representation, we were interested to 
learn whether the evolution can find the solution faster, if supported by an incremental 
framework. When searching for a solution to the four-symbol task, we have first required the 
evolutionary algorithm to find a solution to the three-symbol version task and then introduced 
the input words containing the fourth symbol. A new action allowing to write symbol 4 was 
also added in the second incremental step. As shown at Figure 8, the performance of the 
evolutionary algorithm deteriorated in the case of the extra incremental step. Why is it that the 
incremental evolution failed in this case? At the first glance, the simplified three-symbol 
version of the task when preceding the fourth-symbol task should have made it easier to solve 
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the task, because it prevented the fourth symbol from appearing and thus did not require the 
state machine to react correctly to all the transitions from the states when writing the fourth 
symbol while evolving the other states. Finding a correct sub-solution to a three-symbol task 
should have been much faster, and that solution could have been easily extended to the four-
symbol task as it is a subset. However, requiring the evolution of four-symbol solution to pass 
through a correct and complete three-symbol solution is a big burden! There are many 
possible paths from a random solution to a complete four-symbol solution, which do not pass 
through complete three-symbol solution. Requiring the evolution to pass through a particular 
point in the search space is a strong bias, which we call incremental bias. In cases when the 
advantages of the incremental setup outweigh the disadvantage of the incremental bias, the 
incremental evolution improves evolvability and convergence rate. Its application must be 
judged with respect to this general tradeoff principle. 
We have attempted to construct a different scenario, which would be beneficial. Dividing 
the task to four steps with 1, 2, 3, and 4 symbols consecutively would have the same 
outcome as described above. However, freezing the best evolved automaton at the end of 
each incremental step, and letting the evolution in the further steps only to add new states 
and transitions simplifies the task greatly thus reaching the correct solution using the 
incremental scenario much faster as shown at Figure 9. Even higher speed-up was achieved 
when the terminal set in the later incremental steps was restricted, see (Petrovic, 2007). 
The preliminary study covered in this section suggests that: 
1. FSA share the structure with robotic tasks. They may be suitable for their modeling and 

implementation, especially when used to automatically program behavior coordination 
in BB controllers. 

2. FSA and GP program-trees are two different representations, which both outperform 
each other on different tasks and are complementary in their features. 

3. The incremental evolution can be beneficial for the performance of evolutionary 
algorithm only if its advantages outweigh the disadvantages resulting from the 
incremental bias of the evolutionary search. 

5. Evolving Behavior Coordination 

 
Figure 10. On the left: Single behavior module with its coordinating post-office finite-state 
automaton. On the right: bottom view of the robot. The upper light-sensor is installed on top 
side of the robot, and the lifting fork is operated by an extra motor and covered with rubber 
bands to increase friction 
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The goal of this work is to design controllers for mobile robots automatically by means of 
artificial evolution. We take the assumption that the hardware details of sensors and 
actuators are quite specific and the low level interactions of the controller with the robot 
hardware can be implemented efficiently and without much effort manually, before the 
target task is known: the behavior modules can be written in any available language or 
formalism manually. However, they can even be evolved automatically, if suitable. The part 
of the controller that we aim to design automatically here is the behavior coordination 
mechanism, in particular, a set of finite-state automata (FSA). 

5.1 Controller Architecture and Evolutionary Algorithm 
Let us explain the controller architecture on a simplified artificial example of a mouse robot 
acquiring a piece of cheese from a room and bringing it back to its mouse hole. The 
controller is shown at Figure 11. The mouse explores the room in random movements, and 
whenever it smells or sees the cheese, it moves in the direction of the smell, grasps the food, 
and drags it back to its home. 
The core of the controller is formed by several modules, which are implementations of 
simple competencies (grayed boxes). These competences alone do not give the robot any 
purpose or any intelligent behavior yet. While performing their specific activity, they simply 
react to a predefined message interface and produce status messages whenever their actions 
or the incoming message of interest produce or indicate a significant outcome. For example, 
the “locating cheese” competence receives inputs from the vision and smelling sensor and 
produces a desired direction of movement, if the cheese is detected. Whenever the cheese is 
detected, it reports the event by an outgoing message. The competencies might be provided 
by the robot builders, or programmed in any programming language. Alternately, they can 
be hand-designed or evolved finite-state automata, GP program trees, or neural networks. 
The architecture does not limit their internal architecture. Most of the competencies have 
their own thread of execution. The competencies might be understood as an “operating 
system” of the robot that provides higher-level interface for controlling the low-level robot 
hardware. The intelligence and a particular purpose of the controller are encoded in a set of 
post-office modules, at most one post-office for each competence (post-offices are encircled 
by dashed boundaries at Figure 11). The post-office modules (Figure 10 left), are the 
communication interfaces of competences with their peers and the remaining parts of the 
controller: sensors, and actuators. All messages received and sent by a particular 
competence module pass through its post-office module. The post-office modules in our 
architecture are finite-state machines, but other languages or formalisms could be used in 
place, as long as it is capable of filtering/transforming the incoming and outgoing messages 
of the module as needed for the specific robot task. Transitions can optionally result in 
generating new messages. In this way, the functionality of the competence module is turned 
on, or off, or regulated in a more advanced way, depending on the current state of the task, 
environment, and the robot performance represented by the state of the post-office FSA. The 
post-office simply filters or modifies the messages so that the competence module takes 
actions that are suitable in a particular situation. For example, the random turning 
competence will be activated only while the robot is exploring the room and searching for 
the cheese, or when it accidentally dropped and lost the cheese on its way back. The 
associated post-office module follows with the events performed by other modules that are 
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relevant, and adjusts its state to represent the current situation. Please refer to the section 5.3 
below for another specific example. 
We use the standard Genetic Algorithm (implemented using the GALib from MIT), with our 
specific initialization, crossover, and mutation operators. In the first stage, the designer 
prepares individual modules. For each module, he or she specifies the module message 
interface: the messages the module accepts and the messages it generates. In the second 
stage, the designer selects the modules for the controller and specifies lists of messages that 
can trigger incoming and outgoing transitions of the FSA associated with each module. The 
remaining work is performed by the evolutionary algorithm. 
The genotype representation consists of blueprints of FSA for the set of modules for which 
the FSA are to be designed automatically (some modules might work without post-offices, 
other might use manually-designed post-offices, or some are held fixed because they are 
already evolved). An example of a genotype is in Figure 12. The number of states and the 
number of transitions in each state vary (within specified boundaries). Transitions are 
triggered by messages (incoming or outgoing) and have the following format: 

(msg type, new state,msg to send out, [msg arguments], msg to send in, [msg arguments]) 

The GA-initialization operator generates random FSA that comply with the supplied 
specification. The crossover operator works on a single randomly selected FSA. It randomly 
divides states of the FSA from both parents into two pairs of subsets, and creates two new 
FSA by gluing the alternative parts together. It is designed so as to preserve as much 
information from both parents as possible, i.e. preserving and redirecting the state 
transitions consistently. For details, please refer to (Petrovic, 2007). 
The mutation operator works upon a single FSA. One of these operations is performed 
(probabilities of mutations are parameters of the algorithm): 1) a random transition is 
created, 2) random transition is deleted, 3) a new state is created (with minimum 
incoming and outgoing random transitions); in addition, one new transition leading to 
this state from another state is randomly generated, 4) a random state is deleted as well as 
all its incident transitions, a random transition is modified: (one of its parts new state, msg 
type, msg to send out, msg to send in is replaced by an allowed random value), 5) a 
completely random individual is produced (this operator changes all FSA), 6) a random 
transaction is split in two and new state is created in the middle, 7) the initial state 
number is changed. 
In our experiments, we use the roulette wheel and the tournament selection schemes 
combined with steady-state or standard GA with elitism. Other parameters of the algorithm 
include (with these default values): pcrossover (0.3), pmutation (0.7), probabilities of mutations: 
pnew_random transition (0.25), pdelete_random_transition (0.1), pnew_state (0.2), prandom_state_deleted (0.05), 
prandom_transition_mutated (0.25), pnew_random_individual (0.05), psplit_transition (0.05), pchange_starting_state (0.05); 
population_size (100), gen number (60), ppopulation replace (0.2), number of modules in the controller 
(10), specification of the message interfaces and trigger messages for all modules, initial and 
boundary values for number of states and transitions, number of starting locations for the robot 
for each evaluation, timeout for the robot evaluation run, specification of the fitness function 
parameters, input, output, and log file locations, please find more details in (Petrovic, 2007). 
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Figure 11. Example controller architecture for the task of a mouse acquiring cheese 

5.2 Incrementality 
Researchers observed in the past (Harvey, 1995) that evolving robot behavior is a hard 
challenge for any EA. The fitness landscape tends to be rough, and evaluation of each 
individual typically takes a long time. Trying to evolve more complex behaviors is often too 
difficult. Some groups, such as (Harvey, 1995, Lee et al., 1998) advocated the use of 
incremental evolution, where the complexity of the target task is decreased by decomposing 
it to several simpler tasks, which are easy enough to solve by an evolutionary algorithm. We 
have identified five different ways, in which an evolutionary robotic algorithm can be 
incremental: 
Environment (where is the robot performing?): the earlier incremental steps can be run in a 
simplified environment, where the frequency and characteristics of percepts of all kinds can 
be adjusted to make it easier for the robot to perform the task. For instance, the number of 
obstacles or distance to the target can be reduced, the environment can be made more 
deterministic, the noise can be suppressed, landmarks can be made more visible, etc. An 
example of this type of incrementality is (Lund and Miglino, 1998), where box-shaped 
obstacles were replaced by more difficult U-shaped obstacles after the avoidance behavior 
for the former was evolved.  
Task (what is the robot doing?): the earlier incremental steps can require only part of the 
target task to be completed, or the robot might be trained to perform an independent simple 
task, where it learns skills that will be needed to successfully perform in the following tasks. 
An example of this type of incrementality is (Harvey, 1995), where the gantry robot evolved 
forward movement first, followed by stages that required movement towards a large target, 
movement towards a small target, and distinguishing a triangle from square. For another 
example, we might first require a football playing robot to approach the ball, later we could 
require also to approach it from the right direction. 
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Controller (how is the robot doing it?): the architecture of the controller changes. For 
example, the final controller might contain many interacting modules, but the individual 
interactions can be evolved in independent steps, where only the relevant modules are 
enabled. In the later steps, the behavior might be further tuned to integrate with other 
modules of the controller. This type of evolutionary incrementality occurs seldom in the 
literature, but an example could be a finite-state machine-controlled robot negotiating a 
maze. The controller can be extended with a mapping module that is able to learn the maze 
topology, however, the output of the module has to be properly integrated with the output 
of the FSA. Non-evolutionary controller incrementality can certainly be seen in the 
Subsumption architecture and its flavors (Maes, 1990), and many later BB approaches. The 
task for the robot might require a complex controller, for example one with an internal state. 
Evolution can start with a simple controller that is sufficient for initial task and the 
controller can be extended later during the evolution. The change can be either quantitative, 
i.e. incrementing the number of nodes in a neural network, or qualitative, i.e. introducing a 
new set of primitives for a GP-evolved program.  

 
Figure 12. Controller architecture and genotype representation: left oval shows actual 
numeric genotype representation (it is a vector of numbers containing the number of states 
in FSA, number of incoming and outgoing transitions in each state, and detailed transition 
specifications), bottom oval shows a symbolic representation as viewed by a viewer utility 
(used to analyze the evolved post-offices), right oval shows the genotype structure for both 
incoming and outgoing messages for better explanation 

Robot sensors/actuators (with what. . . ?) the dimensionality of the search space might be 
reduced by disabling some of the robot sensors and actuators before they are needed for the 
task evolved in each particular step. An example of this can be seen in Incremental Robot 
Shaping of (Urzelai et al., 1998), where the Khepera robot had first evolved the abilities of 
navigation, obstacle avoidance, and battery recharge, before a gripper was attached to it and 
the robot had to evolve an additional behavior of collecting objects and releasing them 
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new set of primitives for a GP-evolved program.  

 
Figure 12. Controller architecture and genotype representation: left oval shows actual 
numeric genotype representation (it is a vector of numbers containing the number of states 
in FSA, number of incoming and outgoing transitions in each state, and detailed transition 
specifications), bottom oval shows a symbolic representation as viewed by a viewer utility 
(used to analyze the evolved post-offices), right oval shows the genotype structure for both 
incoming and outgoing messages for better explanation 

Robot sensors/actuators (with what. . . ?) the dimensionality of the search space might be 
reduced by disabling some of the robot sensors and actuators before they are needed for the 
task evolved in each particular step. An example of this can be seen in Incremental Robot 
Shaping of (Urzelai et al., 1998), where the Khepera robot had first evolved the abilities of 
navigation, obstacle avoidance, and battery recharge, before a gripper was attached to it and 
the robot had to evolve an additional behavior of collecting objects and releasing them 
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outside of the arena. A subset of robot’s equipment can be used in the early steps and more 
specific sensors and actuators added later. 
Robot morphology (what form does the robot have?): the shape and size of the robot can be 
adjusted to make its performance better and reshaped according to final design in the later 
incremental steps. This kind of incrementality is also seldom seen in the literature. On the 
other hand, there are examples where the robot morphology itself is evolved (Lund, 2001).  
An example of morphological incrementality would be a vacuum-cleaning robot with the 
shape of an elliptical cylinder that needs to turn in proper direction to pass through narrow 
passages. It could be simplified to a circular cylinder to evolve basic navigation strategies 
and later updated to its final shape to achieve the proper target behavior. Another example 
is evolving the particular target shape layer by layer, if the physics allow. 
From the implementation point of view, incrementality can be achieved by modifying the 
simulated environment, the objective function, the genotype representation and the 
corresponding controller implementation, and the configuration of the simulated robot. 
When evolving the target task in multiple steps, we do not necessarily require that the steps 
form a linear sequence. The behavior can be partitioned into simpler behaviors in various 
way, and the evolution progress will follow an incremental evolution scenario graph. 
Another important issue is how to transfer a population from the end of one incremental 
step to another step. When entering a new step, already learned parts of the genotype can 
either remain frozen or continue to evolve. Sub-parts of the problem can be either 
independent, for example individual modules that can be tested separately, or depend to 
some extent on other parts — thus creating a dependence hierarchy (i.e. arranged in a tree, 
or in a graph as explained above). In case of dependencies, one can incrementally evolve the 
behaviors from the bottom of the hierarchy, adding upper layers and parallelize the 
algorithm later. This is a general framework. In order to find plausible solutions, EAs 
require that the initial population randomly samples the search space. However, the 
population at the end of one step is typically converged to a very narrow area, and thus it 
cannot be used directly as an initial population in the next step. We therefore propose to 
generate a new initial population from several ingredients: 
• some portion of the original population containing the best individuals is copied, 
• another part is filled with copied individuals that are mutated several times, and 
• the remaining individuals are randomly generated. 
However, it is also possible to blend the populations of two or more previous incremental 
steps. In principle, we propose that the evolutionary incremental algorithm will take for 
each incremental step a full specification of blending, copying, and mutation ratios for all 
genome sub-parts (such as finite-state automata) and all preceding incremental steps, see 
(Petrovic, 2007) for formal specification of the process. 
For example, let us examine an incremental scenario with six incremental steps. The target 
genome in the last incremental step consists of three finite-state automata each 
corresponding to one of the behavioral modules that are subject to evolution, see Figure 13. 
In addition, there may be other modules in the controller, which are already designed and 
which are not evolved in the particular step – these are shown filled at the figure. In our 
example, the second incremental step continues to evolve the automaton corresponding to 
the first module, and begins with evolving the automaton corresponding to module II. The 
third and fifth steps are completely independent, and evolve the automata for module III, 
and for modules I and III, respectively. The fourth and the sixth steps merge populations 
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from multiple steps. Whereas the fourth step simply combines the automata for the module 
III coming from step 3, and automata for the modules I and II from the second step into 
common controller, the sixth step blends the populations from the fourth and fifth steps for 
both modules I and III, and further evolves the automata for the module II from the fourth 
step. 

 
Figure 13. Population mixing in an incremental scenario 

 
Figure 14. Simulated robot topology and features 

5.3 Experiment 
Our experiment has the goal to evaluate the controller architecture and the incremental 
evolution method proposed in the previous chapters and compare them to a manual design 
of the coordination mechanism in the controller. The RCX hardware platform offers high 
flexibility and a multitude of possible configurations for laboratory robotics experiments. 
We tested the implementation of our controller architecture on a high lifting fork robot built 
around a single RCX (Figure 10 right, Figure 14). The task for the robot is to locate a loading 
station, where the cargo has to be loaded, and then locate an unloading station to unload the 
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cargo, and repeat this sequence until the program is turned off. The robot exists in a closed 
rectangular arena with obstacles to be avoided. Both loading and unloading stations lie at 
the end of a line drawn on the floor. The start of the correct line to be followed at each 
moment is illuminated from above by light (an adjustable office lamp), Figure 15F. The light 
source located over a segment of the line leading to the loading station is automatically 
turned off when the robot loads the cargo, and it is turned on when the robot unloads the 
cargo at the correct location. The reverse is true for the light located over the line leading to 
the unloading station. Other lines might exist in the environment as well. We chose this task 
for four reasons: 1) compared to other evolutionary robotics experiments, it is a difficult 
task; 2) it is modular, in terms of the same behavior (finding and following line) being 
repeated two times, but with a different ending (either loading or unloading cargo), and 
therefore has a potential for reuse of the same code or parts of the controller; 3) it can be 
implemented both in real hardware and in our simulator (for the implementation of the 
switching lights, we used two standard office electric bulb lamps controlled by two X10 
lamp modules and one X10 PC interface connected to a serial port of a computer that 
received an IR message from RCX brick when the robot loaded the cargo, which was in turn 
detected by an infrared emitter/detector from HiTechnic); 4) the task consists of multiple 
interactions, and behaviors, and thus is suitable for incremental evolution.  
Our robot comes with a set of preprogrammed behavioral modules. We have coded them 
directly in the language C: 
Sensors — translates the numeric sensory readings into events, such as robot passed over or 
left a line, entered or left an illuminated area, received an IR message from a cargo station, 
bounced into or avoided an obstacle. 
Motor driver — accepts commands to power or idle the motors. The messages come 
asynchronously from various modules and with various priorities. The purpose of this 
module is to maintain the output according to the currently highest priority request, and fall 
back to lower priorities as needed. All motor control commands in this controller are by 
convention going through the motor driver. 
Navigate — is a service module, which provides higher-level navigational commands — 
such as move forward, backward, turn left, as contrasted with low-level motor signals that 
adjust wheel velocities. 
Avoidance — monitors the obstacle events, and avoids the obstacles when encountered.  
Line-follower — follows the line, or stops following it when requested. 
Explorer — navigates the robot to randomly explore the environment. It turns towards 
illuminated locations with higher probability. 
Cargo-loader — executes a procedure of loading and unloading cargo on demand: when the 
robot arrives to the cargo loading station, it has to turn 180º, since the lifting fork is on the 
other side than the bumpers, then it moves the fork down, approaches the cargo, lifts it up, 
and leaves the station; at the unloading station, the robot turns, approaches the target cargo 
location, moves the fork down, backs up, and lifts the fork up again. 
Console and Beep — are debugging purpose modules, which display a message on the LCD, 
and play sounds. 
The coordination mechanism, which is our focus, consists of FSA post offices attached to 
individual modules. Figure 17 shows the hand-made FSA for the line-follower module. 
Other modules that use FSA are cargo-loader, avoidance, and explore. Figure 15 shows the 
six incremental steps and their respective environments for our main incremental scenario 
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(we refer to it as creative). Throughout the whole experiment, the robot morphology and the 
set of sensors and actuators remained unchanged. In the first three incremental steps, the 
task, the environment, and the controller were simplified. In the fourth and the fifth 
incremental steps, the task and the environment were simplified, but the controller already 
contained all its functionality. Evolution progressed to the next incremental step when an 
individual with a satisfactory fitness was found and the improvement ratio fell below a 
certain value, i.e. the evolution stopped generating better fit individuals. The improvement 
ratio mn in generation n was computed using the following formula: 

 
Figure 15. Experimental environments for 6 incremental evolutionary steps of creative 
incremental scenario, from left A – C, and D – F in the first and the second rows. A: avoidance 
— the robot is penalized for time it spends along the wall; B: line following — the robot is 
rewarded for the time it successfully follows the line; it must have contact with the line and 
should be moving forward; C: cargo-loading — robot is rewarded for loading and unloading 
cargo in an open area without lines or obstacles; D: cargo-loading after line following — follow-
up of B and C, the robot is rewarded for loading and unloading cargo, but it has to 
successfully follow line to get to the open loading/unloading area; E: starting line-following 
under light — robot learns to start following the line that is under the light (it is started from 
different locations in order to make sure it is sensitive to light and not, for instance, to 
number of lines it needs to cross); F: final task — robot is rewarded for successfully loading 
and delivering the cargo, it uses the avoidance learned in A and behavior E 
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Figure 16. Best fitness for all incremental steps (averaged 10 runs), creative incremental 
scenario. In the incremental step 5 (geom), the assigned fitness is geometric mean of fitness 
achieved from the three different starting locations. This step was followed by 5 (worst), 
where the assigned fitness is the worst fitness achieved in the three starting locations 
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Figure17. Example of a manually designed FSA coordination for the line-follower module 

 mn = φ· mn−1 + (best fitnessn − best fitnessn−1) (2) 

where best fitnessi is the fitness of the best individual in population i, φ is a constant (we used 
φ= 0.2), and m0 is initialized to 0.9 · best fitness0. 

5.4 Simulation 
Simulations in ER are more complex than usual, because we simulate the behavior of a robot 
in its environment as contrasted to a simulation of some process that is an integral part of 
the simulated environment. The behavior of robot depends not only on the physical 
processes in the environment, but also on its own actions generated by its program – i.e. 
there are two simultaneous systems to be simulated. The simulation of the robot controller 
can be performed through direct emulation of the robot hardware/OS on the simulating 
hardware and OS. None of the existing simulators satisfied our needs, we chose to 
implement our own directly in language C, to be compatible with the compiling 
environment of the HW platform. 
Our lazy simulation approach (inspired by lazy evaluation in functional programming 
languages) updates the state of the simulated system only when the robot controller 
interacts with the robot hardware. At that time instant, we suspend the emulated program, 
compute the current exact state of the simulated system (environment and robot) by 
mathematical formulas, and determine the outcome of the interaction that triggered the 
update. The temporal granularity is thus limited only by the CPU or bus frequency of the 
simulating machine. The emulated program is not interpreted by the simulator. It runs 
almost independently within the operating system of the simulating computer. Instead of 
accessing the robot hardware, it accesses the simulator that is waiting in the background. 
For example, the robot controller program might be computing without interacting with the 
robot hardware for some time, during which the robot crosses several lines on the floor, 
triggers switching of the light by entering an active area, passes below a light, and bounces 
to a wall, where it remains blocked for a while. At that point in time, the robot controller 
wants to read a value of its light sensor, for instance, and only at that point in time the 
simulator becomes active and computes the whole sequence of the previous events that 
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occurred, and the current location and situation of the robot and the environment. Finally, 
the required value of the sensor reading is determined and returned to the program, which 
resumes its execution. To achieve better performance, the simulator pre-computes expected 
events before resuming the simulated program. The pre-computed information helps to test 
quickly whether the state of the robot or environment has changed since the last “interrupt”, 
without processing all the data structures of the simulator. We call this approach lazy 
simulation because it uses maximum possible abstraction from the environment and 
performs simulation computation only when very necessary. 

5.5 Results 
To verify the controller architecture and task suitability, we have first designed the post-
office coordination manually. This controller performed well and resulted in reliable cargo 
delivery behavior. We have also tested the controller on the real robot. The transition to the 
real-world settings was straightforward, except of the calibration of the sensors and timing 
of motoric actions. Still, in this experiment, the exact quantitative dimensions and distances 
played minor role, for the performance of the controller (except, perhaps, for the line-
follower module), and therefore the distances and timings in the realistic actions did not 
need to correspond to the simulated one with 100% accuracy, and actual tuning of the 
timing could be performed separately for the simulated and realistic runs. 
In the evolutionary experiments, we have tried to see if the evolutionary algorithm 
described above could evolve the target task by automatically designing all four FSA 
modules in a single evolutionary run. We ran the program for 20 times with a population of 
200 individuals and 200 generations, and with a fitness function rewarding line-following, 
cargo-loading and unloading, distance traveling, and penalizing obstacles. However, none 
of the runs evolved the target behavior. To save computational effort, we have stored all 
previously evaluated genotypes with their fitness to the database. The objective function 
first checks if the genotype has already been evaluated and starts the simulator only in case 
of a new genotype. Furthermore, during the simulated run, we measure the fitness obtained 
by the best (or average of several best) individuals, and later, we automatically stop all 
individuals that achieved less than q% of the best measured fitness (q = 5%) in one of the 
periodically occurring checkpoints, if this was feasible. All evaluated FSA and the 
trajectories of best-fitness improving runs were saved to files and extensive logs were 
produced for further analysis. 
Later experiments followed the creative scenario with 6 incremental steps shown at Figure  
15. The general fitness function used in this task had a form  

f = α + wobstacle time · tobstacle + wbelow light time · tbelow light+ wfollowing line time · tfollowing line +  
        + wfollowing below light time · tfollow below light + wtotal distance · dtotal +  
        + wrobot moving changed · nmoving changed + wnum states · nstates + wnum_trans · ntrans + 

(3)

 

num scripts num_active_areas

Σ Σ+
i = 1 

wscript_count(i)· nscript_started(i)  + 
i = 1 

wactive_area_count(i)· narea_started(i) 

Where α is an offset value, watribute are weight constants of specific self-explanatory attributes. 
In addition, if wsupress_score_before_load is set to 1, no scores are accumulated before cargo is first 
time loaded successfully. Typical values of the weight constants were established 
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empirically (Petrovic, 2007). In various steps, many of the constants were 0, i.e. the actual 
fitness function was much simpler. Figure 16 plots the best fitness average from 10 different 
runs. Each evaluation took into account the worst fitness for the three different starting 
locations and robot orientations, except of step 5, where we had to use the geometric mean 
of fitness from all three runs. This ensured that the behavior evolved in step 4 was not lost 
as the successful individuals from step 4 at least performed well when started close to the 
line that was leading to the loading station. Using the worst fitness resulted in loosing the 
behavior learned in step 4 before the sensitivity to light was evolved. On the other hand, this 
step was repeated with the same settings, except for the use of worst fitness instead of 
geometric mean, before proceeding to step 6, in order to eliminate the cheating individuals 
from the population. In order to obtain a better evaluation of our approach, we compared 
the runs against an alternative scenario (which we in fact designed first, and we refer to it as 
sequential) of incremental steps: The robot is rewarded in different incremental steps for: 
1) avoiding obstacles, 2) following a line, 3) following a line under light (while being 
penalized for following line outside light), 4) loading cargo, 5) loading cargo, and for 
following a line under light after it has loaded cargo, 6) loading and unloading cargo (one 
time unloading is sufficient), 7) for loading and unloading cargo (multiple deliveries are 
required). This sequential scenario corresponds to the sequence of skills as the robot needs 
them when completing the target task, being thus a kind of straight-forward sequential 
decomposition. Contrary to the creative scenario, here the input material in each step 
consists only of the individuals from the final population of the directly preceding step.  

 
Figure19. Examples of evolved misbehaviors demonstrating richness of controllers with FSA 
modules evolved for a set of predefined competence modules. In A and B, the robot is 
trained to follow the line. In A, when the line is encountered, it starts chaotic cyclic 
movements around the line, sometimes crossing a larger distance in a straight movement. In 
B, the robot starts following the line after it meets it for the second time, but instead of 
smooth following, it follows by the line by systematic looping – although actually achieving 
the desired behavior at certain quality level. In C and D, the robot needs to follow the line 
and then periodically transport cargo between the loading and unloading locations placed 
opposite to one another. In C, the robot loads the cargo once, but fails to stop following the 
line. In D, the robot fails to follow the correct (third from the bottom) line, which starts 
under top-mounted light (not shown in this version of viewer) 

Another important difference is that the environments in all steps of sequential scenario 
were the same as in the final task, with the exception of the third incremental step, where 
the line originally leading to the loading station was changed to a loop, being illuminated by 
light along full its length; for this purpose we also removed one of the obstacles and 
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occurred, and the current location and situation of the robot and the environment. Finally, 
the required value of the sensor reading is determined and returned to the program, which 
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office coordination manually. This controller performed well and resulted in reliable cargo 
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first checks if the genotype has already been evaluated and starts the simulator only in case 
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individuals that achieved less than q% of the best measured fitness (q = 5%) in one of the 
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Later experiments followed the creative scenario with 6 incremental steps shown at Figure  
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f = α + wobstacle time · tobstacle + wbelow light time · tbelow light+ wfollowing line time · tfollowing line +  
        + wfollowing below light time · tfollow below light + wtotal distance · dtotal +  
        + wrobot moving changed · nmoving changed + wnum states · nstates + wnum_trans · ntrans + 

(3)

 

num scripts num_active_areas

Σ Σ+
i = 1 

wscript_count(i)· nscript_started(i)  + 
i = 1 

wactive_area_count(i)· narea_started(i) 

Where α is an offset value, watribute are weight constants of specific self-explanatory attributes. 
In addition, if wsupress_score_before_load is set to 1, no scores are accumulated before cargo is first 
time loaded successfully. Typical values of the weight constants were established 
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empirically (Petrovic, 2007). In various steps, many of the constants were 0, i.e. the actual 
fitness function was much simpler. Figure 16 plots the best fitness average from 10 different 
runs. Each evaluation took into account the worst fitness for the three different starting 
locations and robot orientations, except of step 5, where we had to use the geometric mean 
of fitness from all three runs. This ensured that the behavior evolved in step 4 was not lost 
as the successful individuals from step 4 at least performed well when started close to the 
line that was leading to the loading station. Using the worst fitness resulted in loosing the 
behavior learned in step 4 before the sensitivity to light was evolved. On the other hand, this 
step was repeated with the same settings, except for the use of worst fitness instead of 
geometric mean, before proceeding to step 6, in order to eliminate the cheating individuals 
from the population. In order to obtain a better evaluation of our approach, we compared 
the runs against an alternative scenario (which we in fact designed first, and we refer to it as 
sequential) of incremental steps: The robot is rewarded in different incremental steps for: 
1) avoiding obstacles, 2) following a line, 3) following a line under light (while being 
penalized for following line outside light), 4) loading cargo, 5) loading cargo, and for 
following a line under light after it has loaded cargo, 6) loading and unloading cargo (one 
time unloading is sufficient), 7) for loading and unloading cargo (multiple deliveries are 
required). This sequential scenario corresponds to the sequence of skills as the robot needs 
them when completing the target task, being thus a kind of straight-forward sequential 
decomposition. Contrary to the creative scenario, here the input material in each step 
consists only of the individuals from the final population of the directly preceding step.  

 
Figure19. Examples of evolved misbehaviors demonstrating richness of controllers with FSA 
modules evolved for a set of predefined competence modules. In A and B, the robot is 
trained to follow the line. In A, when the line is encountered, it starts chaotic cyclic 
movements around the line, sometimes crossing a larger distance in a straight movement. In 
B, the robot starts following the line after it meets it for the second time, but instead of 
smooth following, it follows by the line by systematic looping – although actually achieving 
the desired behavior at certain quality level. In C and D, the robot needs to follow the line 
and then periodically transport cargo between the loading and unloading locations placed 
opposite to one another. In C, the robot loads the cargo once, but fails to stop following the 
line. In D, the robot fails to follow the correct (third from the bottom) line, which starts 
under top-mounted light (not shown in this version of viewer) 

Another important difference is that the environments in all steps of sequential scenario 
were the same as in the final task, with the exception of the third incremental step, where 
the line originally leading to the loading station was changed to a loop, being illuminated by 
light along full its length; for this purpose we also removed one of the obstacles and 
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introduced an additional light source. We tried to evolve the target behavior with sequential 
incremental scenario without this simplification of the environment, however, even after 
spending several weeks of efforts and years of computational time, and exhausting the 
parametric space of the configuration options, and various fitness functions, the correct 
controller functionality was never produced. In particular, it appears to be too difficult to 
evolve sensitivity to light, while not loosing the proper line-following behavior, if the line 
leaves the light and follows to the loading station, where it is non-trivial to turn and return 
back under the light to gain fitness. If the robots were rewarded for spending time under the 
light, they evolved all the possible tricks of pretending the line-following behavior, while 
moving in various loops, but forgetting the proper line-following behavior at the same time. 
Once the line-following behavior has been lost, it was very difficult for the evolution to 
reclaim it later again in the successor incremental steps, which required it. Modifying the 
environment in the third incremental step was sufficient, and the target behavior evolved in 
11 of 15 runs, each run taking about 12 hours on a pool of 60 computational nodes (2 GHz 
PCs). Fitness plots and tables are in (Petrovic, 2007). 

6. Future Work and Conclusions 
We study the problem of automatic design of behavior coordination mechanism for 
behavior-based controllers of mobile robots by the means of evolutionary algorithms. While 
other researchers often investigate controller architectures inspired by neural networks, we 
focus on distributed coordination mechanisms based on finite-state automata. Plain 
evolutionary algorithms are not capable of overcoming the complexity of this design 
problem and therefore must be supported by additional framework. We use the method of 
incremental evolution, i.e. partitioning of the evolutionary task into a structure of simplified 
tasks of gradually increasing complexity from various viewpoints.  
• We experimentally confirm that incremental evolution is a possible way of overcoming 

the complexity of evolutionary task in the field of Evolutionary Robotics, describe and 
experiment with various flavors of incrementality.  

• We design and implement a new universal distributed coordination mechanism and 
controller architecture consisting of behavioral modules, message passing, and 
coordination modules associated with the behavior modules. 

• We show how our coordination mechanism can be automatically designed using 
evolutionary algorithm with the help of incremental evolution on a non-trivial mobile 
robot task evolved in simulation and verified on a real robot. That means, we confirm 
that the behavior coordination mechanism in a behavior-based controller for a mobile 
robot can be automatically designed using evolutionary computation. 

• In the creative scenario, various skills are learned independently in modified 
environments and merged together in later steps. 

• In the sequential scenario, the same target environment is used, and the behavior is 
built in a sequential manner – from shorter sequences of actions to more complex 
sequences. 

• The sequential scenario fails to evolve the target behavior due to a high complexity, but 
succeeds if the environment is modified in one of the steps. 

• The creative scenario succeeds to evolve the target behavior in significantly shorter time      
( t-test: 2.5786). 

Evolving Behavior Coordination for Mobile Robots using Distributed Finite-State Automata 

 

437 

• We show that finite-state automata, the genotype representation used in our 
coordination architecture, outperforms GP-tree programs on tasks with structural 
similarity to behavior coordination problem. 

• We show that incremental evolution can both improve and decrease the evolvability; 
the overall effect of its use can be both positive and negative and thus the use of 
incremental evolution requires understanding and preliminary analysis of the problem-
specific search space. 

One of the important strengths of the incremental approach to evolution of controllers stems 
from the incremental property of the behavior-based approach to building controllers. 
When a functional controller is extended with a new functionality, this is typically done by 
adding one or more behavior modules. The coordination of the original controller needs to 
be adjusted to the new task, while preserving the original functionality. 
In case of distributed coordination system, this practically means modifying the previous 
coordination to fit the new situation, and designing the new coordination for the new 
module(s). It is important to realize that this is the same kind of design step as was repeated 
several times while designing the original controller that is being extended. Thus, our 
methodology for design is open-ended: the controller is never fixed-finished, rather allows 
for future modifications that have same characteristics, issues, and progress as the original 
design process. 
In the future work, we would like to relax the discreetness of the state automata by 
combining them with probabilistic approaches, as well as to compare the approach to other 
methods of automatic design of BB coordination. 
Simulations of mobile robotic experiments certainly form a class of hard simulation 
problems. The number of interactions of the simulated system (a robot) with its 
environment is typically extremely high, since a mobile robot must continuously scan its 
environment using most of its sensors. Each such sensing is a separate event, and the 
density of the sensor events is typically bounded only by the speed of the robot hardware — 
sensors and CPU. In a multithreaded system, where multiple behaviors compete for the 
robot CPU resources, the simulation of the robotic system becomes challenging, in the sense 
that even very slight differences in timing might lead to quite different robot behavior and 
performance. Building accurate simulating environment on a different platform is difficult 
and unlikely. Therefore, the controllers designed in the simulation need to be robust enough 
in order to cope with the transition to real robots. Extra adjustment efforts might be needed 
during the transition process. 

6. References 
Acras, R.; Vergilio, S. (2004). Splinter: A Generic Framework for Evolving Modular Finite 

State Machines, Proceedings of SBIA 2004, pp. 356-365, Springer-Verlag 
Angeline, P.; Pollack, J. (1993). Evolutionary Module Acquisition, Proceedings of the Second 

Annual Conference on Evolutionary Programming, pp. 154-163 
Ashlock, D.; Wittrock, A.; Wen, T. (2002). Training Finite State Machines to Improve PCR 

Primer Design, Proceedings of the CEC'02, pp.13-18 
Ashlock, D.; Emrich, S.; Bryden, K.; Corns, S.; Wen, T.; Schnable P. (2004). A Comparison of 

Evolved Finite State Classifiers and Interpolated Markov Models for Improving 
PCR Primer Design, Proceedings of the 2004 IEEE Symposium on CIBCB, pp. 190-197 



Frontiers in Evolutionary Robotics 

 

436 

introduced an additional light source. We tried to evolve the target behavior with sequential 
incremental scenario without this simplification of the environment, however, even after 
spending several weeks of efforts and years of computational time, and exhausting the 
parametric space of the configuration options, and various fitness functions, the correct 
controller functionality was never produced. In particular, it appears to be too difficult to 
evolve sensitivity to light, while not loosing the proper line-following behavior, if the line 
leaves the light and follows to the loading station, where it is non-trivial to turn and return 
back under the light to gain fitness. If the robots were rewarded for spending time under the 
light, they evolved all the possible tricks of pretending the line-following behavior, while 
moving in various loops, but forgetting the proper line-following behavior at the same time. 
Once the line-following behavior has been lost, it was very difficult for the evolution to 
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problem and therefore must be supported by additional framework. We use the method of 
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tasks of gradually increasing complexity from various viewpoints.  
• We experimentally confirm that incremental evolution is a possible way of overcoming 

the complexity of evolutionary task in the field of Evolutionary Robotics, describe and 
experiment with various flavors of incrementality.  

• We design and implement a new universal distributed coordination mechanism and 
controller architecture consisting of behavioral modules, message passing, and 
coordination modules associated with the behavior modules. 

• We show how our coordination mechanism can be automatically designed using 
evolutionary algorithm with the help of incremental evolution on a non-trivial mobile 
robot task evolved in simulation and verified on a real robot. That means, we confirm 
that the behavior coordination mechanism in a behavior-based controller for a mobile 
robot can be automatically designed using evolutionary computation. 

• In the creative scenario, various skills are learned independently in modified 
environments and merged together in later steps. 
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robot CPU resources, the simulation of the robotic system becomes challenging, in the sense 
that even very slight differences in timing might lead to quite different robot behavior and 
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1. Introduction 
This chapter studies evolutionary computation applied to the development of embedded 
controllers to navigate a team of six mobile robots. It describes a genetic system where the 
population exists in a real environment, where they exchange genetic material and 
reconfigure themselves as new individuals to form the next generations, providing the 
means of running genetic evolutions in a real physical platform. The chapter presents the 
techniques that could be adapted from the literature as well as the novel techniques 
developed to allow the design of the hardware and software necessary to embedding the 
distributed evolutionary system. It also describes the environment where the experiments 
are carried out in real time. These experiments test the influence of different parameters, 
such as different partner selection and reproduction strategies. This chapter proposes and 
implements a fully embedded distributed evolutionary system that is able to achieve 
collision free-navigation in a few hundreds of trials. Evolution can manipulate some 
morphology aspects of the robot: the configuration of the sensors and the motor speed 
levels. It also proposes some new strategies that can improve the performance of 
evolutionary systems in general.  
Ever more frequently, multi-robot systems have been shown in literature as a more efficient 
approach to industrial applications in relation to single robot solutions. They are usually 
more flexible, robust and fault-tolerant solutions (Baldassarre et al., 2003). Nevertheless, 
they still present state-of-the-art challenges to designers that have difficulties to understand 
the complexity of robot-to-robot interaction and task sharing in such parallel systems 
(Barker & Tyrrell, 2005). Often, designers are not able to predict all the situations that the 
robots are going to face and the resulting solutions are not able to adapt to variations in the 
working environment. Therefore, new techniques for the automated synthesis of robotic 
embedded controllers that are able to deal with bottom-up design strategies are being 
investigated. In this context bioinspired strategies such as Evolutionary Computation are 
becoming attractive alternatives to traditional design, since it can naturally deal with 
decentralized distributed solutions, and are more robust to noise and the uncertainty of real 
world applications (Thakoor et al., 2004).  
Evolutionary robotics is a promising methodology to automatically design robot control 
circuits (Nelson et al., 2004a). It is been applied to the design of single robot navigation 
circuits with some success, where it is able to achieve efficient solutions for simple tasks, 
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1. Introduction 
This chapter studies evolutionary computation applied to the development of embedded 
controllers to navigate a team of six mobile robots. It describes a genetic system where the 
population exists in a real environment, where they exchange genetic material and 
reconfigure themselves as new individuals to form the next generations, providing the 
means of running genetic evolutions in a real physical platform. The chapter presents the 
techniques that could be adapted from the literature as well as the novel techniques 
developed to allow the design of the hardware and software necessary to embedding the 
distributed evolutionary system. It also describes the environment where the experiments 
are carried out in real time. These experiments test the influence of different parameters, 
such as different partner selection and reproduction strategies. This chapter proposes and 
implements a fully embedded distributed evolutionary system that is able to achieve 
collision free-navigation in a few hundreds of trials. Evolution can manipulate some 
morphology aspects of the robot: the configuration of the sensors and the motor speed 
levels. It also proposes some new strategies that can improve the performance of 
evolutionary systems in general.  
Ever more frequently, multi-robot systems have been shown in literature as a more efficient 
approach to industrial applications in relation to single robot solutions. They are usually 
more flexible, robust and fault-tolerant solutions (Baldassarre et al., 2003). Nevertheless, 
they still present state-of-the-art challenges to designers that have difficulties to understand 
the complexity of robot-to-robot interaction and task sharing in such parallel systems 
(Barker & Tyrrell, 2005). Often, designers are not able to predict all the situations that the 
robots are going to face and the resulting solutions are not able to adapt to variations in the 
working environment. Therefore, new techniques for the automated synthesis of robotic 
embedded controllers that are able to deal with bottom-up design strategies are being 
investigated. In this context bioinspired strategies such as Evolutionary Computation are 
becoming attractive alternatives to traditional design, since it can naturally deal with 
decentralized distributed solutions, and are more robust to noise and the uncertainty of real 
world applications (Thakoor et al., 2004).  
Evolutionary robotics is a promising methodology to automatically design robot control 
circuits (Nelson et al., 2004a). It is been applied to the design of single robot navigation 
circuits with some success, where it is able to achieve efficient solutions for simple tasks, 
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such as collision avoidance or foraging. Recently, evolutionary computation has being 
employed to look for solutions in multi-robot systems. In such systems, every robot can be 
treated as an individual that competes with the others to become the best solution to a given 
task (Liu et al., 2004). In doing so, the robot will have more chances to be selected to 
combine its parameters to produce new solutions that inherit its characteristics (i.e., 
spreading its genes and producing offspring, in biological terms). 
Multi-robot evolutionary systems present many new challenges to robot designers, but have 
the advantage of a great degree of parallelism (Parker & Touzet, 2000). Therefore, the 
produced solutions that have to be tested one by one in a single robot system can be 
evaluated in parallel by every individual of the multi-robot system (Nelson et al., 2004b). In 
doing so, the addition of new robots to the system usually results in an increase in the 
performance of the evolutionary strategy, for more possibilities in the search space can be 
tested in parallel (Bekey, 2005). 
Even though multi-robot evolutionary systems can test more solutions in the same time, the 
overall performance does not necessarily improve (Baldassarre et al., 2003). This is due to 
new factors intrinsic to multi-robot systems, such as robot-to-robot interaction. This may 
produce so much stochastic noise from the interactions of real physical systems that it may 
be impossible to the evolutionary strategy to distinguish among good solutions, which is the 
best one. In that context, the best solutions can suffer from the interaction with poorly 
trained individuals and receive lower scores, diminishing their chances to be selected to 
mate and spread good genes (Terrile  et al., 2005).  
When evolutionary systems are built in simulation, it is normally possible to exhaustively 
test most of the possible situations that the environment can present to an individual 
solution, resulting in a fitness score that better represents “how good a solution is” (Michel, 
2004). With a real environment, it is very time consuming to evaluate a robot, which has to 
move around and react to different environment configurations. Usually, the faster the 
generation time, the poorest the evaluation will be. And for longer generations in the real 
world, the overall delay of the experiment will become prohibitive.  
Additionally, the implementation of a fully embedded distributed evolutionary system 
often means that evolution is forced to deal with small robot populations, due to the high 
cost of robotic platforms (Parker, 2003). In that case, evolutionary algorithms that where 
designed to work in simulation with hundreds of individuals will eventually have to be 
redesigned to cope with these new challenges. Therefore evolutionary functions like 
crossover, mutation and selection will also have to be reconsidered. In such context, this 
work intends to present a series of experiments that investigates the effects of evolving small 
real robot populations, proposing novel evolutionary strategies that are able to work in such 
noisy environments. 

2. The Implemented Evolutionary System 
This session presents the strategies chosen to implement the individual controller of each 
robot and the evolutionary system that controls the robot team. It also shows an overview of 
the complete system and an introduction to the robot architecture. Although the strategies 
described can be applied, in theory, to control any number of robots, in this work the global 
idea was adapted to control a group of six robots. Even though the suggested system was 
proven to work with such a small population, a larger population of robots would give 
greater diversity to evolution, improving the performance of the system (Ficici. & Pollack, 
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2000). Thus, more individuals provide more genetic combinations and increase the chances 
of finding a good solution to the problem. 
The goal of the implemented evolutionary system is to automatically train a team of six 
autonomous mobile robots to interact with an unforeseen environment in real time. The 
system is also able to continuously refine the generated solution during the whole working 
life of the robots, coping with modifications of the environment or in the robots (Burke et al., 
2004). Although implemented into a specific group of 2-wheel differential-drive robots for a 
specific task, the evolutionary system can be adapted to control other kinds of robots 
performing different tasks. Therefore, this section is intended to be general enough to be 
used as guidelines to help the conversion of the system to other mobile or static platforms. 
To test whether randomly initialised robots could really be trained by evolution to do 
something practical, a very simple task was chosen: exploration with obstacle avoidance. 
Such a simple task, that is also known as collision-free navigation, facilitates the 
implementation of the system and allows its development in relatively low-cost robots. 
Therefore, more robots could be built and evolution can benefit from more diversity in the 
population. The main issue considering functional specification in an evolutionary system is 
to tell evolution what the robots have to do, without telling it how they are going to achieve 
that (Mondada & Nolfi, 2001). In our case, the robots are encouraged to explore the 
environment, going as fast as possible without colliding into the obstacles or each other. 
Because the workspace contains various robots, the environment also includes some robot-
to-robot interference (Seth, 1997) (e.g., collisions between robots and reflection of the 
infrared signals by approaching robots). The experiments will show how, based on a 
reward-punishment scheme, evolution can find unique, unexpected solutions for that 
problem. 

2.1 The Embedded Evolutionary Controller 
The robot architecture can conceptually be seen as a central control module interfacing all 
other functional modules, which either supply or demand data required for autonomous 
processing (see Figure 1). The modules were implemented using a combination of dedicated 
hardware and software executed by the robot microprocessor. The robot architecture is 
configured by a set of parameters, a certain number of bits stored in RAM memory. In 
evolutionary terms, this set of parameters is called the robot chromosome (Baldassarre et al., 
2003). The Sensor Module is configured by a subset of the chromosome that indicates the 
number of sensors used and their position in the robot periphery. The motor drive module 
is configured by another subset of the chromosome that configures the speed levels of the 
robot.  
The Motor Drive module receives and translates commands from the central control module 
and controls the direction of travel and speed of the two robot motors. The proximity of 
obstacles is obtained by the sensor module that decides which proximity sensors are 
connected to the central control module according to the parameters stored in the robot 
chromosome. 
The Central Control Module (see Figure 1(b)) is divided into three others: the Evolutionary 
Control; the Supervisor Algorithm; and the Navigation Control. Connected together via the 
communication module, the Evolutionary Control circuits of all robots control the complete 
evolutionary process. They process the data stored in the chromosome and send the 
configuration parameters to the Navigation Control and the other modules. The 
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such as collision avoidance or foraging. Recently, evolutionary computation has being 
employed to look for solutions in multi-robot systems. In such systems, every robot can be 
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the advantage of a great degree of parallelism (Parker & Touzet, 2000). Therefore, the 
produced solutions that have to be tested one by one in a single robot system can be 
evaluated in parallel by every individual of the multi-robot system (Nelson et al., 2004b). In 
doing so, the addition of new robots to the system usually results in an increase in the 
performance of the evolutionary strategy, for more possibilities in the search space can be 
tested in parallel (Bekey, 2005). 
Even though multi-robot evolutionary systems can test more solutions in the same time, the 
overall performance does not necessarily improve (Baldassarre et al., 2003). This is due to 
new factors intrinsic to multi-robot systems, such as robot-to-robot interaction. This may 
produce so much stochastic noise from the interactions of real physical systems that it may 
be impossible to the evolutionary strategy to distinguish among good solutions, which is the 
best one. In that context, the best solutions can suffer from the interaction with poorly 
trained individuals and receive lower scores, diminishing their chances to be selected to 
mate and spread good genes (Terrile  et al., 2005).  
When evolutionary systems are built in simulation, it is normally possible to exhaustively 
test most of the possible situations that the environment can present to an individual 
solution, resulting in a fitness score that better represents “how good a solution is” (Michel, 
2004). With a real environment, it is very time consuming to evaluate a robot, which has to 
move around and react to different environment configurations. Usually, the faster the 
generation time, the poorest the evaluation will be. And for longer generations in the real 
world, the overall delay of the experiment will become prohibitive.  
Additionally, the implementation of a fully embedded distributed evolutionary system 
often means that evolution is forced to deal with small robot populations, due to the high 
cost of robotic platforms (Parker, 2003). In that case, evolutionary algorithms that where 
designed to work in simulation with hundreds of individuals will eventually have to be 
redesigned to cope with these new challenges. Therefore evolutionary functions like 
crossover, mutation and selection will also have to be reconsidered. In such context, this 
work intends to present a series of experiments that investigates the effects of evolving small 
real robot populations, proposing novel evolutionary strategies that are able to work in such 
noisy environments. 

2. The Implemented Evolutionary System 
This session presents the strategies chosen to implement the individual controller of each 
robot and the evolutionary system that controls the robot team. It also shows an overview of 
the complete system and an introduction to the robot architecture. Although the strategies 
described can be applied, in theory, to control any number of robots, in this work the global 
idea was adapted to control a group of six robots. Even though the suggested system was 
proven to work with such a small population, a larger population of robots would give 
greater diversity to evolution, improving the performance of the system (Ficici. & Pollack, 
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2000). Thus, more individuals provide more genetic combinations and increase the chances 
of finding a good solution to the problem. 
The goal of the implemented evolutionary system is to automatically train a team of six 
autonomous mobile robots to interact with an unforeseen environment in real time. The 
system is also able to continuously refine the generated solution during the whole working 
life of the robots, coping with modifications of the environment or in the robots (Burke et al., 
2004). Although implemented into a specific group of 2-wheel differential-drive robots for a 
specific task, the evolutionary system can be adapted to control other kinds of robots 
performing different tasks. Therefore, this section is intended to be general enough to be 
used as guidelines to help the conversion of the system to other mobile or static platforms. 
To test whether randomly initialised robots could really be trained by evolution to do 
something practical, a very simple task was chosen: exploration with obstacle avoidance. 
Such a simple task, that is also known as collision-free navigation, facilitates the 
implementation of the system and allows its development in relatively low-cost robots. 
Therefore, more robots could be built and evolution can benefit from more diversity in the 
population. The main issue considering functional specification in an evolutionary system is 
to tell evolution what the robots have to do, without telling it how they are going to achieve 
that (Mondada & Nolfi, 2001). In our case, the robots are encouraged to explore the 
environment, going as fast as possible without colliding into the obstacles or each other. 
Because the workspace contains various robots, the environment also includes some robot-
to-robot interference (Seth, 1997) (e.g., collisions between robots and reflection of the 
infrared signals by approaching robots). The experiments will show how, based on a 
reward-punishment scheme, evolution can find unique, unexpected solutions for that 
problem. 

2.1 The Embedded Evolutionary Controller 
The robot architecture can conceptually be seen as a central control module interfacing all 
other functional modules, which either supply or demand data required for autonomous 
processing (see Figure 1). The modules were implemented using a combination of dedicated 
hardware and software executed by the robot microprocessor. The robot architecture is 
configured by a set of parameters, a certain number of bits stored in RAM memory. In 
evolutionary terms, this set of parameters is called the robot chromosome (Baldassarre et al., 
2003). The Sensor Module is configured by a subset of the chromosome that indicates the 
number of sensors used and their position in the robot periphery. The motor drive module 
is configured by another subset of the chromosome that configures the speed levels of the 
robot.  
The Motor Drive module receives and translates commands from the central control module 
and controls the direction of travel and speed of the two robot motors. The proximity of 
obstacles is obtained by the sensor module that decides which proximity sensors are 
connected to the central control module according to the parameters stored in the robot 
chromosome. 
The Central Control Module (see Figure 1(b)) is divided into three others: the Evolutionary 
Control; the Supervisor Algorithm; and the Navigation Control. Connected together via the 
communication module, the Evolutionary Control circuits of all robots control the complete 
evolutionary process. They process the data stored in the chromosome and send the 
configuration parameters to the Navigation Control and the other modules. The 
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evolutionary control systems of all robots use communication to combine and form a global 
decentralised evolutionary system (Liu et al., 2004). This global system controls the 
evolution of the robot population from generation to generation. It is responsible for 
selecting the fittest robots (the best-adapted to interact with the environment), mating them 
with the others by exchanging and crossing over their chromosomes, and finally 
reconfiguring the robots with the resultant data (the offspring)  (Tomassini, 1995). 
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Figure 1. Architecture of the robot control system (a): the Sensor Module and Motor Drive 
Module are configured by the Central Control Module (b), which processes data from the 
sensors and commands the motor drive module in how to drive the robot 

The robot performance is monitored by the Supervisor Algorithm, which informs the 
evolutionary control how well-adapted it is to the environment. According to events and 
tasks performed by the robot, perceived internally by special sensors, a score or fitness value 
is calculated and used by the global evolutionary system to select the best-adapted 
individuals to breed. The supervisor algorithm is responsible for activating a rescue routine, 
a built-in behaviour that is able to manoeuvre automatically the robot away from a 
dangerous situation once it is detected by the sensors. Contact sensors in the bumpers 
determine the occurrence and position of a collision. When activated, the rescue routine will 
take control of the robot until it is safely recovered. It can communicate directly to the motor 
drive module, by-passing the navigation control. When the rescue manoeuvre is completed, 
the supervisor algorithm allows the motor drive module to accept once more the commands 
of the navigation control circuit and the robot resumes on its way. 
It is the Navigation Control, configured by the evolutionary control, that commands the 
motor drive module according to the information provided by the sensor module. It 
processes the information of the sensors and decides what the robot has to do. Then, it sends 
a command to the motor drive module, which will control the speed of the motors to make 
the robot manoeuvre accordingly. The navigation control is the centre of the autonomous 
navigation of the robot. Configured by the parameters stored in the chromosome, it drives 
the robot independently. Evolution is responsible for adjusting these parameters so that the 
robot performs well in the environment. 
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2.2 The Navigation Control Circuit 
A RAM neural network (Ludermir et al., 1999) was chosen to implement the navigation 
control circuit basically because they have unique features that facilitate their evolution by 
the system, simplify the implementation in the robot hardware, and allow small 
modifications to be carried out with minimum effort. They provide a robust architecture, 
with good stability to mutation and crossover. Most neural networks, like the chosen one, 
present redundancy between the genotype and the phenotype (Shipman et al., 2000). In 
other words, a small change in the bits of the chromosome (the genotype) will not produce a 
radical change in the behaviour of the network (the phenotype). Therefore, the selected 
neural network is stable enough to allow evolution to gradually refine the configuration 
parameters of the navigation control circuit, seeking a better performance. Its good 
neutrality makes it suited to be evolved by the system since a small mutation on a fit 
individual should, on the average, produce an individual of approximately the same fitness.  
The RAM model does not have weighted connections between neuron nodes, and works 
with binary inputs and outputs. The neuron functions are stored in look-up tables that can 
be implemented in software or using Random Access Memories (RAMs). The learning phase 
consists of directly changing the neuron contents in the look-up tables, instead of adjusting 
the weights between nodes.  
In relation to robot implementations, the RAM model, or RAM node is very attractive, since 
it provides great flexibility, modularity, parallel implementation, and high speed of 
learning, what leads to less complex architectures that can easily be implemented with 
simple commercial circuits. The RAM node is a random access memory addressed by its 
inputs. The connectivity of the neuron (N), or the number of inputs, defines the size of the 
memory: 2N. The inputs are binary signals that compose the N-bit vector of the address that 
can access only one of the memory contents. 
The RAM neural network simplicity and its implementation as elementary logic functions 
are responsible for its fast performance. The mapping of the RAM neural network into 
simple ALU logic functions and their direct execution in the microprocessor ALU can 
reduce even more the total memory required by the control algorithm. The faster speed 
provided by these simple implementations allows a faster controller, which can improve the 
decision rate in low-cost microprocessors. 
Figure 2 shows the sensor module processing the information of the sensors and feeding the 
neural network inside the navigation control circuit. The output of the neural network is a 
command that tells the motor drive module how to control the motors. The evolutionary 
control reads the information contained in the chromosome and sends the parameters to 
configure the sensor and motor drive modules. It also reads the contents of the neurons 
from the chromosome and transfers them to the neural network in the navigation control 
circuit (Korenek & Sekanina, 2005). The motor drive module intercepts the command and 
activates the corresponding routine that generates the signals for the motors. 
Figure 3 shows more details on how the navigation control circuit interfaces the sensor and 
motor drive modules. The neurons are connected in groups (discriminators) that correspond 
to one of the possible classes of commands (C1, C2, … Cn) the neural network can choose. 
The groups are connected to an Output Adder (O1, O2, … On) that counts the number of 
active neurons in the group. The Winner-takes-all block receives these counting from the 
output adders, chooses the group with more active neurons, and sends the corresponding 
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evolutionary control systems of all robots use communication to combine and form a global 
decentralised evolutionary system (Liu et al., 2004). This global system controls the 
evolution of the robot population from generation to generation. It is responsible for 
selecting the fittest robots (the best-adapted to interact with the environment), mating them 
with the others by exchanging and crossing over their chromosomes, and finally 
reconfiguring the robots with the resultant data (the offspring)  (Tomassini, 1995). 
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Figure 1. Architecture of the robot control system (a): the Sensor Module and Motor Drive 
Module are configured by the Central Control Module (b), which processes data from the 
sensors and commands the motor drive module in how to drive the robot 

The robot performance is monitored by the Supervisor Algorithm, which informs the 
evolutionary control how well-adapted it is to the environment. According to events and 
tasks performed by the robot, perceived internally by special sensors, a score or fitness value 
is calculated and used by the global evolutionary system to select the best-adapted 
individuals to breed. The supervisor algorithm is responsible for activating a rescue routine, 
a built-in behaviour that is able to manoeuvre automatically the robot away from a 
dangerous situation once it is detected by the sensors. Contact sensors in the bumpers 
determine the occurrence and position of a collision. When activated, the rescue routine will 
take control of the robot until it is safely recovered. It can communicate directly to the motor 
drive module, by-passing the navigation control. When the rescue manoeuvre is completed, 
the supervisor algorithm allows the motor drive module to accept once more the commands 
of the navigation control circuit and the robot resumes on its way. 
It is the Navigation Control, configured by the evolutionary control, that commands the 
motor drive module according to the information provided by the sensor module. It 
processes the information of the sensors and decides what the robot has to do. Then, it sends 
a command to the motor drive module, which will control the speed of the motors to make 
the robot manoeuvre accordingly. The navigation control is the centre of the autonomous 
navigation of the robot. Configured by the parameters stored in the chromosome, it drives 
the robot independently. Evolution is responsible for adjusting these parameters so that the 
robot performs well in the environment. 
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2.2 The Navigation Control Circuit 
A RAM neural network (Ludermir et al., 1999) was chosen to implement the navigation 
control circuit basically because they have unique features that facilitate their evolution by 
the system, simplify the implementation in the robot hardware, and allow small 
modifications to be carried out with minimum effort. They provide a robust architecture, 
with good stability to mutation and crossover. Most neural networks, like the chosen one, 
present redundancy between the genotype and the phenotype (Shipman et al., 2000). In 
other words, a small change in the bits of the chromosome (the genotype) will not produce a 
radical change in the behaviour of the network (the phenotype). Therefore, the selected 
neural network is stable enough to allow evolution to gradually refine the configuration 
parameters of the navigation control circuit, seeking a better performance. Its good 
neutrality makes it suited to be evolved by the system since a small mutation on a fit 
individual should, on the average, produce an individual of approximately the same fitness.  
The RAM model does not have weighted connections between neuron nodes, and works 
with binary inputs and outputs. The neuron functions are stored in look-up tables that can 
be implemented in software or using Random Access Memories (RAMs). The learning phase 
consists of directly changing the neuron contents in the look-up tables, instead of adjusting 
the weights between nodes.  
In relation to robot implementations, the RAM model, or RAM node is very attractive, since 
it provides great flexibility, modularity, parallel implementation, and high speed of 
learning, what leads to less complex architectures that can easily be implemented with 
simple commercial circuits. The RAM node is a random access memory addressed by its 
inputs. The connectivity of the neuron (N), or the number of inputs, defines the size of the 
memory: 2N. The inputs are binary signals that compose the N-bit vector of the address that 
can access only one of the memory contents. 
The RAM neural network simplicity and its implementation as elementary logic functions 
are responsible for its fast performance. The mapping of the RAM neural network into 
simple ALU logic functions and their direct execution in the microprocessor ALU can 
reduce even more the total memory required by the control algorithm. The faster speed 
provided by these simple implementations allows a faster controller, which can improve the 
decision rate in low-cost microprocessors. 
Figure 2 shows the sensor module processing the information of the sensors and feeding the 
neural network inside the navigation control circuit. The output of the neural network is a 
command that tells the motor drive module how to control the motors. The evolutionary 
control reads the information contained in the chromosome and sends the parameters to 
configure the sensor and motor drive modules. It also reads the contents of the neurons 
from the chromosome and transfers them to the neural network in the navigation control 
circuit (Korenek & Sekanina, 2005). The motor drive module intercepts the command and 
activates the corresponding routine that generates the signals for the motors. 
Figure 3 shows more details on how the navigation control circuit interfaces the sensor and 
motor drive modules. The neurons are connected in groups (discriminators) that correspond 
to one of the possible classes of commands (C1, C2, … Cn) the neural network can choose. 
The groups are connected to an Output Adder (O1, O2, … On) that counts the number of 
active neurons in the group. The Winner-takes-all block receives these counting from the 
output adders, chooses the group with more active neurons, and sends the corresponding 
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Command to the motor drive module. The sensor module converts the analogue readings of 
the infrared proximity sensors into 2-bit signals that can be connected to the neuron inputs. 
In the selected approach, the inputs of the RAM neurons are connected to the sensor outputs 
provided by the sensor module. All neurons of the network have the same number of 
inputs, although that number may vary according to the application (Ludermir et al., 1999). 
In the implemented network, all neurons in the same position in the groups are connected to 
the same inputs (i.e., the first neuron of the first group will have the same inputs as the first 
neuron of the second group and so on…).  
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Figure 2. The navigation control circuit interfacing the sensor and motor drive modules, and 
the evolutionary control 

The connectivity between the input lines and the sensor outputs is controlled by a 
Connectivity Matrix that defines which sensor outputs are connected to Li, Lj, and Lk. The 
connectivity matrix is randomly initialised at the beginning of a new evolutionary 
experiment. One other advantage of RAM neural networks is their modularity. This 
characteristic simplifies the modification of the architecture. The number of neuron inputs 
can be modified by rearranging the connectivity to the sensors alone. Sensors can also be 
added or removed in this way. New commands are easily included by inserting more 
neuron groups.  
The RAM neural network can be evolved by simply storing sequentially the neuron contents 
into the robot chromosome and allowing the evolutionary algorithm to manipulate these 
bits. Basically, the neural network must have enough inputs to cover all the sensors, 
although some of the sensors may be connected to more than one input line. To avoid 
saturation, enough neurons must be placed in the groups so that the network can learn all 
the different input configurations that correspond to the correct output commands. If the 
network is having difficulty learning a different situation, more neurons should be added. 
Different architectures were implemented and simulated in software until the developed 
solution was obtained. Figure 4 shows an example of neural network that works  with four 
commands to control the motor drive module: Front Fast (FF); Turn Left Short1 (TLS1); Turn 
Right Short1 (TRS1); and Turn Right Short2 (TRS2).  
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Figure 3. The neural network in the navigation control circuit. S1 to Sn are the binary sensor 
readings. The Output Adders (O1 to On) count the number of active neurons in the group. 
C1 to Cn are the classes of commands to the motor drive module 

2.3 The Evolutionary Control System 
It is the evolutionary control system, located inside the central control module of the robots 
(see Figure 1), that performs the evolutionary processes of evaluation, selection, and 
reproduction (Tomassini, 1995). All robots are linked by radio, forming a decentralised 
evolutionary system. The evolutionary algorithm is distributed among and embedded 
within the robot population. Figure 5 exemplifies a cyclic evolutionary process where the 
individuals are evaluated according to their capacity to perform the tasks in the 
environment. If they perform well, it can be said that they are well-adapted to the 
environment. The robots are assigned a score, or fitness value, that tells how fit they are. 
When the evaluation period is over, the individuals select a partner to mate with according 
to their fitness value. The best individuals have more chance of being selected to breed. 
Next, they exchange their chromosomes, crossing over their genes to form the new 
combinations. The resultant chromosomes are then used to reconfigure the old individuals, 
originating new ones, or the offspring. Then, a new evaluation phase starts again. Assuming 
that new robots cannot really be created spontaneously, the offspring must be implemented 
by reconfiguring selected old individuals. 
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Command to the motor drive module. The sensor module converts the analogue readings of 
the infrared proximity sensors into 2-bit signals that can be connected to the neuron inputs. 
In the selected approach, the inputs of the RAM neurons are connected to the sensor outputs 
provided by the sensor module. All neurons of the network have the same number of 
inputs, although that number may vary according to the application (Ludermir et al., 1999). 
In the implemented network, all neurons in the same position in the groups are connected to 
the same inputs (i.e., the first neuron of the first group will have the same inputs as the first 
neuron of the second group and so on…).  
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The connectivity between the input lines and the sensor outputs is controlled by a 
Connectivity Matrix that defines which sensor outputs are connected to Li, Lj, and Lk. The 
connectivity matrix is randomly initialised at the beginning of a new evolutionary 
experiment. One other advantage of RAM neural networks is their modularity. This 
characteristic simplifies the modification of the architecture. The number of neuron inputs 
can be modified by rearranging the connectivity to the sensors alone. Sensors can also be 
added or removed in this way. New commands are easily included by inserting more 
neuron groups.  
The RAM neural network can be evolved by simply storing sequentially the neuron contents 
into the robot chromosome and allowing the evolutionary algorithm to manipulate these 
bits. Basically, the neural network must have enough inputs to cover all the sensors, 
although some of the sensors may be connected to more than one input line. To avoid 
saturation, enough neurons must be placed in the groups so that the network can learn all 
the different input configurations that correspond to the correct output commands. If the 
network is having difficulty learning a different situation, more neurons should be added. 
Different architectures were implemented and simulated in software until the developed 
solution was obtained. Figure 4 shows an example of neural network that works  with four 
commands to control the motor drive module: Front Fast (FF); Turn Left Short1 (TLS1); Turn 
Right Short1 (TRS1); and Turn Right Short2 (TRS2).  
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Figure 3. The neural network in the navigation control circuit. S1 to Sn are the binary sensor 
readings. The Output Adders (O1 to On) count the number of active neurons in the group. 
C1 to Cn are the classes of commands to the motor drive module 

2.3 The Evolutionary Control System 
It is the evolutionary control system, located inside the central control module of the robots 
(see Figure 1), that performs the evolutionary processes of evaluation, selection, and 
reproduction (Tomassini, 1995). All robots are linked by radio, forming a decentralised 
evolutionary system. The evolutionary algorithm is distributed among and embedded 
within the robot population. Figure 5 exemplifies a cyclic evolutionary process where the 
individuals are evaluated according to their capacity to perform the tasks in the 
environment. If they perform well, it can be said that they are well-adapted to the 
environment. The robots are assigned a score, or fitness value, that tells how fit they are. 
When the evaluation period is over, the individuals select a partner to mate with according 
to their fitness value. The best individuals have more chance of being selected to breed. 
Next, they exchange their chromosomes, crossing over their genes to form the new 
combinations. The resultant chromosomes are then used to reconfigure the old individuals, 
originating new ones, or the offspring. Then, a new evaluation phase starts again. Assuming 
that new robots cannot really be created spontaneously, the offspring must be implemented 
by reconfiguring selected old individuals. 
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Figure 5. An evolutionary process of evaluation, selection, and reproduction (or crossover) 

An evolutionary process, in the context of this work, is the procedure necessary for the 
development of suitable controllers for the population of robots. The process can stop when 
the average fitness value of the population reaches a specified threshold or continue 
indefinitely while the robots execute a certain task. In the developed evolutionary system, 
the robots work in a cyclic procedure, differently from a traditional design technique, where 
the controller is designed or trained at first and then transferred to the robot that is put to 
work. This cyclic procedure is inspired by the natural world where animals, like some birds 
for example, have a working or foraging season and a mating season, where they 
concentrate their attention in finding a mate and reproducing (Tomassini, 1995). 
The cyclic procedure of the robots, a generation in evolutionary computation terms, is 
exemplified in Figure 5. The robots do not pursue reproductive activities concurrently with 
their task behaviour. Instead, they perform a working season, where they execute the 
selected task in the environment (or working domain) and are evaluated according to their 
performance. The internal timer of Robot 1 indicates the beginning of the mating season. It is 
important to observe that the evolutionary scheme is decentralised and distributed amongst 
all six robots. Robot 1 is by no means dominant in this process. The internal timer of Robot 1 
is just used to signal the others, indicating the beginning of the mating season. It was 
necessary to avoid synchronisation problems, since it was impossible to guarantee that all 
robots would begin the mating season at the same time. In the mating season, the robots 
communicate to let the others know their fitness value. They start emitting a “mating call”, 
where they “shout” their identification, their fitness values, and chromosomes. The best 
robots survive to the next generation, breeding to become the “parents” of the new 
individuals. The less well-adapted robots recombine their chromosomes with the better-
adapted ones, reconfiguring their parameters as a new robot before starting a new 
generation. 
The robot recurring procedure for one generation, shown in Figure 5, works according to 
the following algorithm: 
Working Season: 
1. Avoid obstacles; 
2. Count collisions; 
3. Internal timer of Robot 1 indicates the beginning of the mating season; 
Mating Season: 
1. Robot 1 orders all robots to stop; 
2. Robot 1 sends a mating call via the radio (containing its identification, fitness value, and 

chromosome); 
3. Robot 2 then sends its mating call and so do all other robots, one after the other, until 

the last one; 
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work. This cyclic procedure is inspired by the natural world where animals, like some birds 
for example, have a working or foraging season and a mating season, where they 
concentrate their attention in finding a mate and reproducing (Tomassini, 1995). 
The cyclic procedure of the robots, a generation in evolutionary computation terms, is 
exemplified in Figure 5. The robots do not pursue reproductive activities concurrently with 
their task behaviour. Instead, they perform a working season, where they execute the 
selected task in the environment (or working domain) and are evaluated according to their 
performance. The internal timer of Robot 1 indicates the beginning of the mating season. It is 
important to observe that the evolutionary scheme is decentralised and distributed amongst 
all six robots. Robot 1 is by no means dominant in this process. The internal timer of Robot 1 
is just used to signal the others, indicating the beginning of the mating season. It was 
necessary to avoid synchronisation problems, since it was impossible to guarantee that all 
robots would begin the mating season at the same time. In the mating season, the robots 
communicate to let the others know their fitness value. They start emitting a “mating call”, 
where they “shout” their identification, their fitness values, and chromosomes. The best 
robots survive to the next generation, breeding to become the “parents” of the new 
individuals. The less well-adapted robots recombine their chromosomes with the better-
adapted ones, reconfiguring their parameters as a new robot before starting a new 
generation. 
The robot recurring procedure for one generation, shown in Figure 5, works according to 
the following algorithm: 
Working Season: 
1. Avoid obstacles; 
2. Count collisions; 
3. Internal timer of Robot 1 indicates the beginning of the mating season; 
Mating Season: 
1. Robot 1 orders all robots to stop; 
2. Robot 1 sends a mating call via the radio (containing its identification, fitness value, and 

chromosome); 
3. Robot 2 then sends its mating call and so do all other robots, one after the other, until 

the last one; 
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4. All robots listen for mating calls, receiving every fitness value, comparing with the 
others, and then selecting the partner to mate with (if own fitness is the highest, the 
robot does not breed); 

5. When all genes are received and partners chosen, start Crossover; 
6.  Begin reconfiguration with the resultant chromosome and wait until… 

7. Robot 1 announces the end of the mating season and orders all robots to start another 
cycle. 

The process begins with the random initialisation of the robot chromosomes. Then, the first 
generation starts with all robots performing their tasks in a working season. For the case of 
obstacle avoidance, they will navigate and have their fitness value calculated according to a 
function similar to the one presented in Figure 6. Robot 1 has control over the duration of 
the working season and uses the radio to stop the other robots when its internal timer 
reaches the end of the working season or the “lifetime” of the robots. That is important to 
synchronise the cycle and make sure that all robots will stop working at the same time. 
Starting with Robot 1, each robot transmits, one by one, a mating call via the radio, 
containing its identification, fitness value, and chromosome. When they are not 
transmitting, the robots listen for other mating calls, receiving the fitness value from the call, 
comparing it with the others, and then selecting the optimal partner with which to mate. If 
own fitness is the highest, the robot does not breed and “survives” to the next generation. 
The cycle will be completed when all robots find a partner to mate with and combine their 
genes in the crossover phase. The mating season lasts until all the six robots signal Robot 1 
that they have found a partner, have mated, and have reconfigured themselves with the 
resultant chromosome. Robot 1 then orders them to restart another cycle (once more Robot 1 
is used only to synchronise the next phase). In other words, the best-adapted robots 
“survive” to the next generation, while the others “die” after mating, to lend their bodies to 
their offspring. 

2.4 Fitness Evaluation 
A simple obstacle avoidance task was chosen. The limited complexity of this task allows a 
good evaluation of the fitness in a short period. A complex task requires more time so that 
the robots can be subjected to more challenges in order to show that they can perform well 
in more than specific situations. A smaller generation time means a faster evolution, because 
more combinations of solutions will be tried  (Pollack et al., 2000). 
A reward-punishment scheme is applied during the fitness evaluation process, executed by 
the supervisor algorithm. Each robot is evaluated during the “working season”, where its 
fitness function is calculated by penalising collisions and lack of movement (reducing the 
fitness value), encouraging the exploration of the environment (rewarding by increasing the 
fitness value for every second of movement). A major issue that must be addressed is how 
to detect a good (fit) robot. This question may be highly complex in nature, but in the 
context of evolutionary systems, it can be simply defined by the programmer, in accordance 
with the particular problem at hand. Furthermore, writing a fitness function depends on the 
targeted behaviour and the characteristics of the robot, and the necessary insights are gained 
through incremental augmentation over many trials in the environment. 
For the obstacle-avoidance problem, a simple rule can be applied: a robot will increase its 
fitness each time it comes across an obstacle and successfully avoids it. Each time it collides, 
the fitness will be decreased. Figure 6 shows an example of a fitness function where the 
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robot fitness is increased by one for every second the robot is in movement, encouraging 
exploration. It is punished by decreasing its fitness by ten when it collides. The fitness is also 
decreased by 100 to punish the robot for turning for more than five seconds. Therefore, this 
sub-function prevents a particular efficient solution that kept the robot spinning in a small 
circle within an obstacle-free area. 

Fitness Function

More Sub-functions... More Conditions...

Fitness = Fitness + 1 For every second the robot is moving;

Fitness = Fitness - 10 If a collision is detected;

Fitness = Fitness - 100 If robot is turning for more than 5 seconds;

 
Figure 6. An example of how a fitness function can be constructed 

In a situation where an obstacle is close to the robot, but the proximity sensor readings are 
not interpreted correctly by the navigation control or are not enabled by the sensor module, 
a collision may occur and the fitness variable will be decreased. The bumper sensors will 
then be analysed by the supervisor algorithm to calculate where the collision took place in a 
total of 12 sectors with 30 degrees each. Once the place of collision is detected, a rescue 
routine will drive the robot away from the obstacle, returning the navigation control to the 
neural network. When the robot is moving forward without colliding with obstacles, its 
fitness will be increased every second. 

2.5 Partner Selection 
The procedure for partner selection is based on the robot fitness value or score. They can be 
very simple, like choosing the best robot to mate with all other ones, or more complex, such 
as the roulette-wheel technique (Tomassini, 1995). In this work, the simple approaches are 
preferred because of the restrictions of an embedded controller (i.e., low processor speed 
and small memory size). As the population is very small, a simple technique can deal with 
the robot selection without problems. Therefore, some simple, but efficient selection 
techniques were developed. These techniques are:  
1. Select the robot with the highest fitness value in the generation to breed with all other 

robots and survive to the next generation. This tries to make sure that in the next 
generation the best fitness will be at least similar to the present one. 

2. An “Inheritance” scheme was developed: the score used to select the robot is the average 
of the robot fitness in the last five generations (i.e., inheriting the scores of its previous 
generations). The robot with the best average survives, but only breeds with the robots 
with the fitness in the present generation lower than its own fitness. This approach 
protects new robots that are actually better than the one with the highest average, but 
need more generations to be selected by their average. 
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4. All robots listen for mating calls, receiving every fitness value, comparing with the 
others, and then selecting the partner to mate with (if own fitness is the highest, the 
robot does not breed); 

5. When all genes are received and partners chosen, start Crossover; 
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is used only to synchronise the next phase). In other words, the best-adapted robots 
“survive” to the next generation, while the others “die” after mating, to lend their bodies to 
their offspring. 

2.4 Fitness Evaluation 
A simple obstacle avoidance task was chosen. The limited complexity of this task allows a 
good evaluation of the fitness in a short period. A complex task requires more time so that 
the robots can be subjected to more challenges in order to show that they can perform well 
in more than specific situations. A smaller generation time means a faster evolution, because 
more combinations of solutions will be tried  (Pollack et al., 2000). 
A reward-punishment scheme is applied during the fitness evaluation process, executed by 
the supervisor algorithm. Each robot is evaluated during the “working season”, where its 
fitness function is calculated by penalising collisions and lack of movement (reducing the 
fitness value), encouraging the exploration of the environment (rewarding by increasing the 
fitness value for every second of movement). A major issue that must be addressed is how 
to detect a good (fit) robot. This question may be highly complex in nature, but in the 
context of evolutionary systems, it can be simply defined by the programmer, in accordance 
with the particular problem at hand. Furthermore, writing a fitness function depends on the 
targeted behaviour and the characteristics of the robot, and the necessary insights are gained 
through incremental augmentation over many trials in the environment. 
For the obstacle-avoidance problem, a simple rule can be applied: a robot will increase its 
fitness each time it comes across an obstacle and successfully avoids it. Each time it collides, 
the fitness will be decreased. Figure 6 shows an example of a fitness function where the 
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robot fitness is increased by one for every second the robot is in movement, encouraging 
exploration. It is punished by decreasing its fitness by ten when it collides. The fitness is also 
decreased by 100 to punish the robot for turning for more than five seconds. Therefore, this 
sub-function prevents a particular efficient solution that kept the robot spinning in a small 
circle within an obstacle-free area. 

Fitness Function

More Sub-functions... More Conditions...

Fitness = Fitness + 1 For every second the robot is moving;

Fitness = Fitness - 10 If a collision is detected;

Fitness = Fitness - 100 If robot is turning for more than 5 seconds;

 
Figure 6. An example of how a fitness function can be constructed 

In a situation where an obstacle is close to the robot, but the proximity sensor readings are 
not interpreted correctly by the navigation control or are not enabled by the sensor module, 
a collision may occur and the fitness variable will be decreased. The bumper sensors will 
then be analysed by the supervisor algorithm to calculate where the collision took place in a 
total of 12 sectors with 30 degrees each. Once the place of collision is detected, a rescue 
routine will drive the robot away from the obstacle, returning the navigation control to the 
neural network. When the robot is moving forward without colliding with obstacles, its 
fitness will be increased every second. 

2.5 Partner Selection 
The procedure for partner selection is based on the robot fitness value or score. They can be 
very simple, like choosing the best robot to mate with all other ones, or more complex, such 
as the roulette-wheel technique (Tomassini, 1995). In this work, the simple approaches are 
preferred because of the restrictions of an embedded controller (i.e., low processor speed 
and small memory size). As the population is very small, a simple technique can deal with 
the robot selection without problems. Therefore, some simple, but efficient selection 
techniques were developed. These techniques are:  
1. Select the robot with the highest fitness value in the generation to breed with all other 

robots and survive to the next generation. This tries to make sure that in the next 
generation the best fitness will be at least similar to the present one. 

2. An “Inheritance” scheme was developed: the score used to select the robot is the average 
of the robot fitness in the last five generations (i.e., inheriting the scores of its previous 
generations). The robot with the best average survives, but only breeds with the robots 
with the fitness in the present generation lower than its own fitness. This approach 
protects new robots that are actually better than the one with the highest average, but 
need more generations to be selected by their average. 
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3. Another very simple strategy that was effective in the experiments is to select the fittest 
robot, allow it to survive, and reconfigure all the others with a small variation 
(mutation) of its chromosome. This is a form of “asexual reproduction”, where the 
robots do not cross over their chromosomes. All robots in the next generation will be a 
copy of the best one, but will suffer random changes (mutation) in a few genes.  

All techniques suggested above are elitist. Elitism requires that the current fittest member (or 
members) of the population is never deleted and survives to the next generation (Tomassini, 
1995). The developed inheritance scheme prevents a robot from being deleted even if it is 
not the fittest, but has the biggest accumulated average fitness value. It is the only selection 
technique where the fittest member of the population does not have the same number of 
offspring (or the same probability to have offspring) whether it is far better than the rest, or 
only slightly better. In the other ones, it will always have the same probability to have 
offspring; and in most of them, will breed with all other robots. This approach is often too 
severe in restricting exploration by the less fit robots. 
A common problem with these techniques is the possible appearance of a super fit 
individual that can get many copies and rapidly come to dominate the population, causing 
premature convergence to a local optima (Mondada & Nolfi, 2001). This can be avoided by 
suitably scaling the evaluation function, or by choosing a selection method that does not 
allocate trials proportionally to fitness, such as tournament selection. This work, however, 
does not experiment with these methods. 

2.6 Reproduction Strategy 
The crossover is the phase in the evolutionary algorithm where the chromosomes of both 
parents are combined to produce the offspring (Tomassini, 1995). Many techniques are 
proposed in the literature to implement the crossover phase. Nevertheless, this work uses a 
very simple strategy, because of the restricted resources of the embedded controller. 
In the developed evolutionary system, both morphological features and the controller circuit 
are evolved to respond to changes in the environment. The robots constantly adapt to 
changes in the surroundings by modifying their features and the contents of the RAM 
neural controller. The term “morphology” is defined as the physical, embodied 
characteristics of the robot, such as its mechanics and sensor organisation. In the performed 
experiments, the morphological features modified by evolution are the number and position 
of sensors, as well as the speed levels of the drive motors. Therefore, the genetic material 
specifies the configuration of the robot control device and morphological features. Eight 
pairs of genes in the chromosome (B1, B2 to B15, B16) are used to configure the sensor 
module; ten genes (B17 to B26) configure the motor drive module; and the remaining genes 
(B27 to Bn) configure the navigation control module (neuron size × number of neurons for a 
RAM neural network). The control device is implemented within the robot microprocessor 
(a neural network for navigation control) and two programmable modules control the robot 
features, which are the sensor module and the motor drive module (refer to Figure 1). 
For the selection of the robot features controlled by the sensor module, a more complex 
“dominance approach” was implemented to combine the eight pair of genes. Each sensor in 
the sensor module is configured by two genes in the chromosome: i) two genes will 
determine the presence of a feature (“enable the sensor”); ii) one gene comes from each 
parent; and iii) all features are recessive. The two genes are coded using bits in such a way 
that the combinations “1,1”, “0,1”, and “1,0” disable the sensor, and “0,0” enables it. 
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The motor drive module has ten bits associated with it in the chromosome. The features 
selected by the module are the three different speed levels for the motors. Figure 7  shows 
that the three speed levels, Fast, Medium, and Slow are controlled by these ten bits. The 
contents of these ten bits (B17, B18, B19, B20, B21, B22, B23, B24, B25, and B26) are added together to 
form a decimal number that indicates the speed level Fast. The result is a number between 
zero and ten that indicates the level of the Fast speed. The contents of the first six bits (B17, 
B18, B19, B20, B21, and B22) are added together to form a decimal number that indicates the 
speed level Medium. The result is a number between zero and six. In the same way, the 
contents of the first three bits (B17, B18, and B19) are added together to form the decimal 
number that indicates the speed level Slow. The result is a number between zero and three. 
Therefore, as they use the same bits, this guarantees that the level Fast is always greater than 
or equal to Medium, which is always greater than or equal to Slow.  
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Figure 7. The motor drive module. The speed levels Fast, Medium, and Slow are specified by 
the chromosome. The command interpretation block has a set of predefined routines to 
drive both motors. The microprocessor implements most of this module, including the 
pulse-width modulation signals that control the motors 

The resultant speed for the three levels is converted by the motor drive module to a value 
(an internal parameter) between 1 and 32, because the robot motor can have 32 speed levels. 
This conversion is not linear, because of the way the motors are controlled by pulse 
modulation, and the corresponding values are shown in Table 1. This approach permits co-
adaptation where the chromosome integrates specifications for both controller and 
morphological features. Evolution can select not only the number of sensors to use, but, if 
the number of sensors is fixed, it can select which ones to pick (i.e., the sensor position on 
the robot).  
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are evolved to respond to changes in the environment. The robots constantly adapt to 
changes in the surroundings by modifying their features and the contents of the RAM 
neural controller. The term “morphology” is defined as the physical, embodied 
characteristics of the robot, such as its mechanics and sensor organisation. In the performed 
experiments, the morphological features modified by evolution are the number and position 
of sensors, as well as the speed levels of the drive motors. Therefore, the genetic material 
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module; ten genes (B17 to B26) configure the motor drive module; and the remaining genes 
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(a neural network for navigation control) and two programmable modules control the robot 
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“dominance approach” was implemented to combine the eight pair of genes. Each sensor in 
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The motor drive module has ten bits associated with it in the chromosome. The features 
selected by the module are the three different speed levels for the motors. Figure 7  shows 
that the three speed levels, Fast, Medium, and Slow are controlled by these ten bits. The 
contents of these ten bits (B17, B18, B19, B20, B21, B22, B23, B24, B25, and B26) are added together to 
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Figure 7. The motor drive module. The speed levels Fast, Medium, and Slow are specified by 
the chromosome. The command interpretation block has a set of predefined routines to 
drive both motors. The microprocessor implements most of this module, including the 
pulse-width modulation signals that control the motors 

The resultant speed for the three levels is converted by the motor drive module to a value 
(an internal parameter) between 1 and 32, because the robot motor can have 32 speed levels. 
This conversion is not linear, because of the way the motors are controlled by pulse 
modulation, and the corresponding values are shown in Table 1. This approach permits co-
adaptation where the chromosome integrates specifications for both controller and 
morphological features. Evolution can select not only the number of sensors to use, but, if 
the number of sensors is fixed, it can select which ones to pick (i.e., the sensor position on 
the robot).  
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  Speed Level: 0 1 2 3 4 5 6 7 8 9 10 
  Internal parameter: 1 7 9 11 14 17 20 23 26 29 32 
  Velocity (m/s): 0 0.02 0.05 0.08 0.1 0.13 0.15 0.17 0.2 0.23 0.26 

Table 1. Conversion of the speed levels of the robot 

For the genes that control the neural network and the motor drive module, a random 
exchange of the genes from the parents is used to form the resultant chromosome. This 
strategy is called uniform crossover (Tomassini, 1995), although here only one offspring is 
produced. Therefore, a gene is selected from the father or the mother to occupy the 
corresponding position in the offspring chromosome. Thus, a random exchange of genes 
from both parents occurs after a dominance selection of the 16 bits that enable the sensors. 
After the crossover is completed, a mutation phase starts. Applying mutation to a 
chromosome means that a small number of copying errors may occur when copying the 
genes from the parent chromosomes to the offspring. In this work, a mutation rate of M% 
means that each gene in the chromosome has a probability of M% of being selected and 
binary inverted (e.g., new gene = NOT(gene)). Small mutation rates, usually between 1 and 
3%, are the ones that produced the best results in the experiments. Higher mutation is only 
useful in the beginning of the evolutionary experiment. A high mutation rate does not help 
to evolve faster, and did not prove to be a good strategy.  

3. System Overview 
The mobile autonomous robots form a decentralised embedded evolutionary system where 
no host computer is required. Nevertheless, an IBM PC is used to monitor all data 
exchanged via the radio link, producing a complete record of the chromosomes, parameters, 
and variables for every generation. The robots can communicate with each other and the 
monitor computer via an asynchronous serial data link using their communication module. 
The computer monitors the robot internal variables without interfering in the system, but 
has the capacity to start or stop an evolutionary experiment. 

 
Figure 8. The monitor computer connected to the radio 

A radio board is connected to the monitor computer, which logs data on the evolutionary 
experiment. It is a multi-channel driver/receiver interfacing the IBM PC via its serial port. A 
software interface permits the downloading of software, data, and commands between the 
robots and the computer. Programming and low-level debugging are provided by the 
computer. When programming or debugging, bi-directional data between the robot 
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processor and the computer can operate either via a wired link or via radio. Figure 8 shows 
the monitor computer connected to the radio board that is used to communicate with the 
robots and monitor the evolutionary experiment. 
The experiments were performed within a 2.50m × 2.50m working domain, containing walls 
and obstacles of varied sizes, where the robots can explore the environment, avoiding 
collisions. Many movable obstacles and internal walls of different sizes are available to 
change the scope of the workspace where the robots navigate. The workspace can be 
modified into different configurations by rearranging the obstacles and walls. This flexibility 
is necessary to allow different degrees of complexity of the environment during the 
experiments. Figure 9 shows different configurations of the workspace, representing a 
simple (a) and a complex (b) environment. 

  
(a) (b) 

Figure 9. An example on how simple (a) and complex (b) environments can be produced by 
rearranging the obstacles and walls 

 
(a) (b) 

Figure 10. A view of the robot team (a) and top-view of Robot 2 (b), showing the position of 
the infrared sensors and bumpers 

The robot architecture consists of a two-wheel differential-drive platform (20cm diameter), 
containing a Motorola 68HC11 - 2MHz, 64Kb of RAM, bumpers with eight collision sensors, 
and eight peripheral active infrared proximity sensors. It exchanges information with the 
other robots at 1.2Kbps by a 418MHz AM radio. Both robots and workspace were specially 
built for the experiments. All eight proximity sensors are connected to the sensor module, 
which is configured by the chromosome. The module can individually enable or disable the 
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sensors, changing the number of active sensors and, consequently, their position in each 
generation. Therefore, the physical, embodied characteristics of the robot can be modified. 
The wheels are placed in the middle of the robot, allowing it to turn around its central axis. 
The robot has four round bumpers on its front, back, left, and right, which are attached to 
the base by eight contact sensors that permit the supervisor algorithm to pinpoint the 
location of a collision.  
Figure 10 (a) shows the team of robots parading in their workspace. Figure 10 (b) shows a 
top-view of Robot 2, displaying its infrared proximity sensors and round bumpers. The 
three green keys on the right form a small keyboard used to enter commands to the robots 
manually. 

4. The Experiments 
4.1 Experiment 1: Evolving with a Simple Fitness Function 
In this experiment, the embedded evolutionary system attempts to evolve the control 
circuits of the group of six robots. The eight sensors were permanently enabled and the 
speed of the motors was fixed at maximum speed. Therefore, the navigation control circuit 
was the only one under evolutionary control. All sensors were set to operate at medium 
range, detecting obstacles closer than 15cm. The sensor positions around the robot are 
presented in Figure 11. 
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Figure 11. Position of the sensors on the robot and their angle in relation to the central line of 
the robot 

The neural network can take seven commands to control the motor drive module: Front Fast 
(FF); Turn Left Short1 (TLS1); Turn Right Short1 (TRS1); Turn Right Short2 (TRS2); Turn Left 
Short2 (TLS2); Turns Right Long (TRL); and Turn Left Long (TLL). Front Fast means “move 
forward with maximum speed”. To turn left/right short, the robot moves with reverse 
direction in one of its motors (with both motors at maximum speed), causing a spin around 
its own axis. The difference between TRS1 and TRS2 is that in the later, the robot keeps 
turning for 200ms, while the duration of the other three commands is just one iteration 
(10ms more or less). In TRL and TLL, the robot turns right/left by breaking one wheel and 
turning around it with the other one in maximum speed in a wide arch of one wheel span of 
diameter. The speed of both motors was fixed at the maximum setting, enabling the robots 
the move at 0.26m/s. As the selection of the sensors and the speed levels were fixed, the 
only feature that varied was the controller configuration. 
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Using only seven output commands means that the neural network needs only three bits to 
encode them and seven classes of discriminators to work. The neural network architecture 
shown in Figure 4 is preserved and three new groups of seven neurons where added too 
represent the new commands. Therefore, the architecture has now seven groups of 7 
neurons (m=7 and n=7) with two inputs each (the neuron size is four bits). The 
interconnections between sensors and neurons are randomly chosen. Each neuron has four 
bits of memory to store its contents. The neural network has 49 neurons with a total memory 
size of 196 bits. This would also be the size of the corresponding bit string in the 
chromosome, if the neural network was to be evolved. The winner-takes-all block chooses 
the command that has more active neurons and encodes it with three bits, before sending it 
to the motor drive module. Therefore, if the size of the genotype of the robots is 196 bits, 
then the current search space is considerably large: 2196 = 1.004×1059. 
Aim of the Experiment: 
This experiment aimed to test if the embedded evolutionary controller was able to evolve 
the navigation control circuit until the collision-free navigation behaviour emerges, while 
having the robot morphology (the sensor configuration and motor speeds) fixed. To achieve 
this, the sensor configuration was fixed with all sensors enabled and the velocity of both 
motors was fixed at maximum speed. The navigation control circuit is configured by only 
196 bytes in the robot RAM memory and evolution is allowed to manipulate any bit of these 
bytes. The robots were allowed to reproduce and suffer mutation, but only with the bits in 
the chromosome that correspond to the navigation control circuit.  
Experimental Setting: 
The population of robots with different configurations was evaluated in 60-second 
generations. The robots were allowed to reproduce and mutate with mutation rate equal to 
3%. The chosen selection strategy for this evolutionary experiment was:  

 Select the robot with the highest fitness value in the generation to breed with all other 
robots and survive to the next generation. 

This strategy means that the robot with the highest fitness is selected, and will send its 
chromosome to the other five robots. Each one of the remaining five robots then combines 
its own chromosome with the one received from the best robot to produce a resultant 
chromosome. Then, the remaining five robots reconfigure themselves with the mutated 
chromosomes and the robots continue in the next generation. 
In the crossover phase, where the two chromosomes are combined to form a resultant 
offspring, each bit is randomly chosen from the corresponding location in the chromosome 
of the parents. Then, in the mutation phase, a random number r is generated between zero 
and 100 for each bit in the chromosome, and the bit will be flipped each time r is smaller 
than the mutation rate. 
This experiment used a very simple fitness function in an attempt to prevent biasing 
evolution to any preconceived idea of an ideal controller. The selected fitness function for 
this test was:  
1- Start with 4096 points; 
2- Reward: increase fitness by 10 points every 1 second without collision; 
3- Punishment: decrease fitness by 30 points for every time command is not FF for more than 15 
seconds; 
4- Punishment: decrease fitness by 10 points for every collision if command = FF, TLL, or TRL. 
Rule 2 constantly rewards the robot with five points for every second it is moving without 
colliding. Rule 3 was introduced to prevent evolution from producing a solution that keeps 
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sensors, changing the number of active sensors and, consequently, their position in each 
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Figure 11. Position of the sensors on the robot and their angle in relation to the central line of 
the robot 
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turning for 200ms, while the duration of the other three commands is just one iteration 
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the move at 0.26m/s. As the selection of the sensors and the speed levels were fixed, the 
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turning around itself and never collided. This rule punishes the robots that keep turning for 
more than 15 seconds, encouraging them to move forward. Rule 4 only punishes the robots 
that are not turning around themselves, since a collision in that case can only mean that they 
are being crashed by another robot. If a robot is executing any command but FF, TLL, or TRL 
its centre is not moving, so the collision cannot be its fault. 

 
Figure 12. Evolution of the neural network controller using mutation rate of 3%, and 
generation time of 60s. The population was randomly initialised. Robotn is the fitness of 
Robot n and PopAv is the average fitness of all robots in the generation 

The experiment in Figure 13 was performed to investigate if the robot population, once 
initialised with a well-trained controller, could hold this configuration or would degenerate. 
The robots were initialised with a previously trained neural network, which was hand-
designed to avoid obstacles in every situation the robots can face. The population was then 
allowed to mate and mutate with the same parameters of the previous evolutionary 
experiment to determine if it would ever get to such a good solution if the experiment was 
allowed to continue for more generations. The results presented in this figure can be compared 
to the ones obtained from the evolution of a randomly initialised population in Figure 12. 
Discussion: 
Figure 12 showed that the evolutionary system succeeded in evolving the population 
towards the expected behaviour, producing solutions that practically did not collide after 35 
generations. It was observed in this experiment that one could not rely only on the fitness of 
a robot to know how well-adapted it is. A simple solution can be lucky enough to start its 
lifetime in a safe part of the environment, away from obstacles and other robots, which 
would produce a very high performance. This was observed in some robots during the 
evolutionary experiment (e.g., Robot 2 that scored 4644 in generation 10, or Robot 1 that 
scored 4621 in generation 8). Therefore, human judgement was the best way to evaluate the 
abilities of the robots and the performance of the evolutionary system. 
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In the experiment shown in Figure 12, all sensors were enabled from the beginning of the 
evolutionary experiment. The controller had information from all the sensors and needed to 
learn what to do with it. Based on observation, some robots learned how to use the frontal 
sensor, S1, which gave them an advantage early on in the process. This was the case for Robot 
2 that could avoid obstacles detected by S1 from generation 8. Robot 2 quickly became the best 
robot and throughout the crossover operation transferred to Robot 5 the ability of using S1. 
Robots 2 and 5 dominated the population until generation 23, where they were overtaken by 
Robot 3 and Robot 4. Robot 3 learned how to use S1, S4, and S7 from generation 29, and was 
able to avoid most of the obstacles very well thereafter. From generation 47 on, all robots 
acquired the necessary skills to employ at least three sensors and the average performance was 
much better. From generation 50, Robot 2 was well-adapted to the environment, and could use 
S1, S2, S4, S6, and S7 to avoid collisions with most of the obstacles and other robots. 
The major observed problem was the instability of the system, where there was no 
guarantee that a good solution, such as Robot 2 in generation 50, would be selected as the 
best robot until it is outperformed by better robots. The population performance dropped 
when a robot with a poorly-adapted controller (Robot 1) was lucky enough to be selected as 
the best robot and spread its bad genes through the population. Robot 1 had a poorly-
adapted controller that made it move forward each time S6 detected an obstacle, 
independently of having something in its way. The average performance dropped, but after 
a few generations, the fitness of the population recovered.  

 
Figure 13. Evolution of the neural network controller using mutation rate of 3%, and 
generation time of 60s. The population was initialised as a hand-designed controller. Robotn 
is the fitness of Robot n and PopAv is the average fitness of all robots in the generation 

The average of the population fitness is a good parameter to determine if the system is 
converging to the desired behaviour. The population performance oscillated, but kept 
improving through the evolutionary experiment. With such a large search space 
(1.004×1059), a perfect robot that can deal with all sensors should take a very long time to 
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turning around itself and never collided. This rule punishes the robots that keep turning for 
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that are not turning around themselves, since a collision in that case can only mean that they 
are being crashed by another robot. If a robot is executing any command but FF, TLL, or TRL 
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obtain with this evolutionary approach. Nevertheless, the system succeeded in producing an 
even population of robots that can successfully avoid the obstacles in some of the situations 
faced and produce a fitness near to the maximum performance (4696). 
Figure 13 shows how the system behaves after the population has been initialised with a 
hand-designed controller. The aim of this test was to show that if such a good solution 
happen to be produced by evolution, it would be preserved in the process. If the 
evolutionary experiment cannot keep such a solution, it is unlikely that it will ever be 
produced by evolution under these circumstances. Unfortunately, the figure showed that 
the evolutionary system, as set in this experiment, could not keep a good solution for more 
than ten generations and the performance of the system degenerated. Although it was 
possible to recover and continue to improve performance after the loss of the hand-designed 
controller genes, this test indicated that it is unlikely that such a good solution will be 
produced by the process as it was configured for this experiment. Maybe a more biasing 
fitness function can produce a better result. 

4.2 Experiment 2: Evolving with Inheritance 
This experiment developed a different selection strategy for evolutionary systems that was 
defined as Inheritance Strategy. From now on, the robots will be selected to breed based on 
not only their performance in the current generation, but also on their fitness in the previous 
generations. Therefore, the robots inherit part of the points scored by their predecessors. By 
considering the average fitness scored by the robot in the previous generations, this strategy 
attempts to reduce the effect of chance, which can produce bad performances if the robot is 
“unlucky”. This experiment tested this new approach, and evaluated if it could solve the 
instability problem pointed out by Experiment 1.  
Aim of the Experiment: 
The aim of this experiment is to develop and test a novel selection strategy involving 
inherited scores. It evaluated whether this new strategy could solve the problems with 
instability presented by the previous selection strategy, where a lucky unfit robot can be 
selected as the best robot instead of better ones that by chance started in a more crowded 
area of the environment.  
Experimental Setting: 
Apart from a different selection strategy, this experiment was set exactly as Experiment 1. 
The chosen selection strategy for this evolutionary experiment was:  
• The score used to select the robot is the average of the robot fitness in the last three generations 

(i.e., inheriting the scores of its previous two generations). The robot with the best average 
survives, but only breeds with the robots with the fitness in the present generation lower than its 
own fitness.  

This approach favours the robots with the highest average, which are the ones that have 
performed well for the last three generations. If in the current generation one lucky unfit 
robot happens to achieve the highest score, it is still unlikely that it will have the best 
average score and will not be selected to mate. This was an attempt to improve the stability 
of the system and reduce the effect of noise and interactions among robots and obstacles.  
The charts display the fitness of the six robots in the current generation as well as the 
average fitness value (AvRn) scored by each robot in the current and the previous two 
generations. For each robot: 

AvRn = (FitnessRnG0 + FitnessRnG-1 + FitnessRnG-2)/3 
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In the equation above, n is the number of the robot; FitnessRnG0 is the fitness of the Robot n 
in the current generation; FitnessRnG-1 is the fitness scored by Robot n in the previous 
generation; and FitnessRnG-2 is the fitness scored by Robot n two generations before. 
Results: 
This is a strategy that protects a fit robot in the current generation that scored more than the 
best robot (the one with the highest average) by not allowing it to mate. If the robot with the 
best average is allowed to breed with robots with fitness in the present generation lower 
than its own fitness, novel better solutions will not be selected because their average will be 
smaller than the one of the robot that won for the last three rounds. This can destroy the 
precious good genes of this robot and evolution will lose this better performance.  
This approach protects new robots that are actually better than the one with the highest 
average, but need to be evaluated for more generations to be selected by their average. If 
one of these protected robots has a better configuration, it will probably repeat its good 
performance, and within one or two generations its average fitness may be the highest and 
the robot will be chosen to reproduce. If the protected robot is in fact a lucky unfit one, it 
may not repeat its good performance and, if so, will be allowed to breed in the next 
generation. Figure 14 shows a test with the updated selection strategy. 

 
Figure 14. Evolution of the neural network controller using inheritance selection, mutation rate 
of 3%, and generation time of 60s. The population was initialised as a hand-designed 
controller. Robotn is the fitness of Robot n and PopAv is the average fitness of all robots in the 
generation 
Discussion: 
The new selection strategy presented in Figure 14 succeeded in improving system stability. 
The fitness of the population dispersed mostly because of mutation, but the performance of 
the best robot did not degrade as much as in the previous attempts. It now protects the 
potentially better configurations, as happened with some of the robots that outperformed 
the robot with the best average and were given the chance to repeat their better 
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average score and will not be selected to mate. This was an attempt to improve the stability 
of the system and reduce the effect of noise and interactions among robots and obstacles.  
The charts display the fitness of the six robots in the current generation as well as the 
average fitness value (AvRn) scored by each robot in the current and the previous two 
generations. For each robot: 

AvRn = (FitnessRnG0 + FitnessRnG-1 + FitnessRnG-2)/3 

An Embedded Evolutionary Controller to Navigate a Population of Autonomous Robots 

 

459 
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performance. When they managed to win again, their average became finally higher and 
they were selected as the best robot of the generation, breeding with all other robots. In the 
next experiment, presented in Figure 15, this new selection strategy is applied to evolve a 
randomly initialised population.  
Figure 15 shows that even now the evolutionary system could not prevent the population 
performance from degrading due to mutation. This figure showed that in 50 generations, the 
population performance degraded to a level similar to the one where the experiment of 
Figure 14 stopped, showing that it is unlikely that it will improve the population much more 
than this level. 
This experiment showed that the new inheritance selection helped to improve system 
performance, but did not completely solve the instability problem. The system does not 
seem to be able to produce an optimal solution to the collision-free navigation task. The 
experiments demonstrated that evolution still can take a considerable amount of time to 
achieve a solution as good as the hand-designed controller and may not even be able to get 
there. 

 
Figure 15. Evolution of the neural network controller using inheritance selection, mutation rate 
of 3%, and generation time of 60s. The population was randomly initialised. Average  is the 
average fitness of all robots and BestRob is the fitness of the best robot in the generation 

4.3 Experiment 3: Disabling Back Mutation 
In the previous experiments, mutation was randomly choosing which bits in the 
chromosome to change. This meant that any bit in the chromosome could mutate to a 
different value and later mutate back to its original value. In the scope of this work, these 
events were called back mutations (Tomassini, 1995). This fact was causing evolution to waste 
time trying to find a good solution by testing some configurations that have been tested 
before. Consider a chromosome that has 99% of its bits set to the correct ones. If any bit can 
be changed by mutation, the chance of changing the bad ones is only 1%. This means that 
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99% of the time, this strategy produces configurations that are potentially worse than the 
current chromosome, and many generations are wasted in evaluating them.  
To prevent evolution from wasting time in evaluating configurations that have been tested 
before, a new strategy that prevents back mutations is developed in this experiment. It consists 
of marking each bit in the chromosome that suffered mutation and only allowing the bits that 
are not marked to mutate. To achieve this, a binary array was created in memory with the 
same size of the chromosome. It is initialised with zeros and when one bit in the chromosome 
is mutated, “1” is written to the corresponding position in the array. Only the bits in the 
chromosome that have zeros in the corresponding position in the array are allowed to mutate. 
Once all bits have mutated, the array will be full of “1s”. Then, the evolutionary system resets 
the array to “0s” and every bit in the chromosome will be allowed to mutate again. This 
strategy was called back-mutation prevention. By preventing back mutations, this strategy forces 
evolution to evaluate the effect produced by each bit in the chromosome.  
Aim of the Experiment: 
The aim of this experiment is to apply a new strategy that prevents back mutation of the bits in 
the chromosome. It tested whether this strategy could be applied in sexual reproduction and 
provided data to analyse which is the best solution for evolving the robots in the long term. 
Experimental Setting: 
This experiment used the same settings of Experiment 2 where the evolutionary system is 
working with inheritance. It examined the new strategy of back-mutation prevention in the 
robot population. 
Results: 

 
Figure 16. Evolution of the neural network controller using back mutation prevention, 
inheritance selection, mutation rate of 3%, and generation time of 60s. The population was 
randomly initialised. BestRob  is the fitness of the best robot of the current generation and 
Average  is the average fitness of all robots in the generation 
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Figure 16 shows a small increase in performance in comparison to experiment 2. The 
techniques developed so far succeeded in allowing the employment of the evolutionary 
system to control such a small population of robots. 
Preventing back mutation was efficient in speeding up the process of finding a solution. 
Evolution was able to get close to maximum performance in less than 120 generations and 
was able to maintain a good result in the population thereafter. These results allow the 
evolution of a real system in 2 hours. The combined strategies of preventing back mutations 
and inheritance made viable the use of evolution to autonomously design robot controllers. 

5. Conclusion 
This work intended to provide understanding on the implementation of real evolutionary 
systems and inspiring insights that have potential of application in real time robotic control. 
When implementing an evolutionary system with real robots, the stochastic noise arising 
from the interactions of real physical systems makes very difficult to distinguish between 
global and local optima. The same robot can get different fitness values if evaluated again, 
even with the same configuration, due to noise on infrared signals, dust on the environment 
floor, etc. But the most important factor was the interaction between the robots. In this 
contest, good robots can get low fitness values if they are unlucky enough to spend most of 
the generation time navigating amongst poorly trained robots. 
The suggested inheritance selection is a powerful strategy to prevent much of the chance 
factor from affecting the system. It succeeded in preventing most of the unfit individuals 
being mistaken as the best robot and protected the better robots from being erased by 
reproduction, giving them a chance to survive and repeat their better performance, until 
their average performance overcame the one of the current best robot. 
The strategy of back-mutation prevention tested in the experiments was very efficient in 
looking for a solution in a considerably large search space. It demonstrated the power of the 
developed evolutionary system for many other applications of genetic algorithms, not only 
in robotics. The performance of the system was improved since the search space was 
reduced by using a neural network to implement a structured evolving controller. 
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1. Introduction     
Over the last couple of decades parallel robots have been increasingly studied and 
developed from both a theoretical viewpoint as well as for practical applications (Merlet, 
1995). Advances in computer technology and development of sophisticated control 
techniques have allowed for the more recent practical implementation of parallel 
manipulators. Some of the advantages offered by parallel manipulators, when properly 
designed, include an excellent load-to-weight ratio, high stiffness and positioning accuracy 
and good dynamic behavior (Merlet 1995, Stan 2003). The ever-increasing number of 
publications dedicated to parallel robots illustrated very well this trend. 
However, there are also some disadvantages associated with parallel manipulators, which 
have inhibited their application in some cases. Most serious of these is that the particular 
architecture of parallel manipulators leads to smaller manipulator workspaces than their 
serial counterparts. 
One of the main influential factors on the performance of the micro parallel robot is its 
structural configuration. The kinematic relations, statics, dynamics and structure stiffness 
are all dependent upon it. After its choice, the next step on the manipulator design should 
be to establish its dimensions. Usually this dimensioning task involves the choice of a set of 
parameters that define the mechanical structure of the parallel robots. The parameter values 
should be chosen in a way to optimize some performance criterion, dependent upon the 
foreseen application. Micro parallel robots can also be difficult to design (Stan, 2003), since 
the relationships between design parameters and the workspace, and behavior of the 
manipulator throughout the workspace, are not intuitive by any means. This is one of the 
reasons why Merlet (1995) argues that customization of parallel manipulators for each 
application is absolutely necessary in order to ensure that all performance requirements can 
be met by the manipulator. As a result, development of design methodologies for such 
manipulators is an important issue in order to ensure performance to their full potential. In 
particular, the development and refinement of numerical methods for workspace 
determination of various parallel manipulators is of utmost importance. 
There is a strong and complex link between the type of robot’s geometrical parameters and 
its performance. It’s very difficult to choose the geometrical parameters intuitively in such a 
way as to optimize the performance. Several papers have dealt with parallel robots to 
optimize performances (Stan, 2006). For example, various methods to determine workspace 
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of a parallel robot have been proposed using geometric or numerical approaches. Early 
investigations of robot workspace were reported by Gosselin (1990), Merlet (1994) and 
Cecarelli (2004). Stan (2003) presented a genetic algorithm approach for multi-criteria 
optimization of PKM. Most of the numerical methods to determine workspace of parallel 
manipulators rest on the discretization of the pose parameters in order to determine the 
workspace boundary. A method was proposed to determine the workspace by using 
optimization (Stan, 2006). 
In the next sections, the planar 2-dof micro parallel robot of interest, and the kinematics for 
this manipulator, is presented. The 2-dof micro parallel robot considered in this study is 
shown in Fig. 3, where its joints (A and C) connected to the ground are active and the others 
are passive joints. The input motions of the active joints can be independent from each other 
or be provided via a set of gears maintaining a specified phase angle between the two active 
joints. 
The objective of this chapter is to propose an optimization method for a planar micro 
parallel robot that uses performance evaluation criteria related to the workspace of micro 
parallel robot. Furthermore, a genetic algorithm is proposed as the principle optimization 
tool. The success of this type of algorithm for parallel robots optimization has been 
demonstrated in various papers (Stan, 2006). 

2. Genetic Algorithms for Optimization of Micro Parallel Robots 
2.1 Optimization based on Genetic Algorithms 
Optimization is the process of making something better. An engineer or scientist conjures 
up a new idea and optimization improves on that idea. Optimization consists in trying 
variations on an initial concept and using the information gained to improve on the idea. 
Optimization is the process of adjusting the inputs to or characteristics of a device, 
mathematical process, or experiment to find the minimum or maximum output or result 
(Fig. 1). The input consists of variables, the process or function is known as the cost function, 
objective function, or fitness function, and the output is the cost or fitness. If the process is 
an experiment, then the variables are physical inputs to the experiment. 
 
 
 
 
 
 
 
 
Figure 1. Diagram of a function or process that is to be optimized. Optimization varies the 
input to achieve a desired output 

The genetic algorithm (GA) has been growing in popularity over the last few years as more 
and more researchers discover the benefits of its adaptive search. Genetic algorithms (GAs) 
were invented by John Holland in the 1960s and were developed by Holland and his 
students and colleagues at the University of Michigan in the 1960s and the 1970s. In contrast 
with evolution strategies and evolutionary programming, Holland's original goal was not to 
design algorithms to solve specific problems, but rather to formally study the phenomenon 
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of adaptation as it occurs in nature and to develop ways in which the mechanisms of natural 
adaptation might be imported into computer systems.  
Holland's 1975 book Adaptation in Natural and Artificial Systems presented the genetic 
algorithm as an abstraction of biological evolution and gave a theoretical framework for 
adaptation under the GA. Holland's GA is a method for moving from one population of 
"chromosomes" (e.g., strings of ones and zeros, or "bits") to a new population by using a 
kind of "natural selection" together with the genetics−inspired operators of crossover, 
mutation, and inversion. Each chromosome consists of "genes" (e.g., bits), each gene being 
an instance of a particular "allele" (e.g., 0 or 1).  
The selection operator chooses those chromosomes in the population that will be allowed to 
reproduce, and on average the fitter chromosomes produce more offspring than the less fit 
ones. Crossover exchanges subparts of two chromosomes, roughly mimicking biological 
recombination between two single−chromosome ("haploid") organisms; mutation randomly 
changes the allele values of some locations in the chromosome; and inversion reverses the 
order of a contiguous section of the chromosome, thus rearranging the order in which genes 
are arrayed. (Here, as in most of the GA literature, "crossover" and "recombination" will 
mean the same thing.).  
In a broader usage of the term, a genetic algorithm is any population-based model that uses 
selection and recombination operators to generate new sample points in a search space. 
Many genetic algorithm models have been introduced by researchers largely working from 
an experimental perspective. Many of these researchers are application oriented and are 
typically interested in genetic algorithms as optimization tools. A constrained single-
objective optimization problem can be converted to an unconstrained single-objective form 
by a penalty method (see, for example, Papalambros and Wilde, 1988). 
Fig. 2 shows graphically how the most basic Genetic Algorithms operations are performed. 
The top block of binary numbers in Fig. 2 represents a population. Each row is an individual 
that represents one solution to the design problem. One individual is made up of all of the 
design variables concatenated. The GA user can decide how many binary digits are needed 
to represent each design variable.  
In Fig. 2, there are 3 design variables of length 6, 7, and 4 binary digits. Initially, the 
population is generated randomly, and then the solutions are ranked from best to worst and 
a specified number of the lowest ranked individuals are replaced with combinations of the 
highest ranked individuals. The process of determining which of the highest ranked 
individuals are to be used is called selection. There are several differing methods of selection 
that can be used. Once selected, two individuals go through a process called crossover.  
The crossover operation is also shown in Fig. 2, wherein two individuals (or parents) 
exchange a segment of the binary digits creating two new individuals (or offspring). 
Another basic Genetic A operation is mutation. Mutation can occur on the two individuals 
selected for crossover or on a single individual. The mutation operation randomly mutates 
or changes the bits within the individual based on the mutation probability set by the user. 
Finding optimal values for the parameters used in the GA operations can be problematic. 
Parameter values that result in a relatively fast convergence for one problem may be slow 
for another. However, some general guidelines on the population size can be made on the 
basis of the binary string length of an individual. 
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Figure 2. Graphical Description of Genetic Algorithms 

Some of the advantages of a GA include that it: 
• optimizes with continuous or discrete variables, 
• doesn’t require derivative information, 
• simultaneously searches from a wide sampling of the cost surface, 
• deals with a large number of variables, 
• is well suited for parallel computers, 
• optimizes variables with extremely complex cost surfaces (they can jump out of a local 

minimum), 
• provides a list of optimum variables, not just a single solution, 
• may encode the variables so that the optimization is done with the encoded variables,  
• works with numerically generated data, experimental data, or analytical functions. 
These advantages are intriguing and produce stunning results when traditional 
optimization approaches fail miserably. 

2.2 Pareto-optimality 
Multiobjective problems are special in the sense that they do not have a unique solution. 
Usually there is no single solution for which all objectives are optimal. The solution to a 
multiobjective problem therefore comprises a set of solutions for which holds that there are 
no other solutions that are superior considering all objectives. These solutions are called 
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Pareto-optimal. Hence, optimizing a multiobjective problem is comprised of finding Pareto 
optimal solutions. 
The notion of Pareto-optimality is defined in terms of dominance. Let's assume that a 
multiobjective problem has k objectives. Assuming that this is a minimization problem, then 
a solution x = (x1, x2, …, xk) is said to dominate another solution y = (y1, y2, … , yk) if ∀i xi≤yi 
and ∃i xi < yi. Solution x is a member of the Pareto-set, or said to be non-dominated, if there is 
no other solution y such that y dominates x. The multiobjective problem can now be defined 
as finding solutions which are non-dominated. 
Over the years, several evolutionary approaches to multiobjective problems have been 
introduced. The most commonly used approach is to combine the objective function into a 
single objective function using weighting coefficients and penalty functions. This problem-
transformation enables the use of a simple single-objective genetic algorithm to find a single 
solution, which may be feasible, so requiring no further searches. Weights and penalty 
functions are generally hard to set accurately though, whereas both are very problem 
dependent (Richardson et al., 1989). As a result, the solution a GA comes up with may not 
fulfill all the designer’s needs. The solution may not even be non-dominated. Setting the 
weights correctly requires a certain amount of search space knowledge, which is often not 
available in advance. This way of dealing with multiobjective optimization is therefore not 
always applicable or efficient. 
Another, and perhaps more effective approach, is to use genetic algorithms to locate Pareto-
optimal solutions. These solutions are, by definition, located on a boundary, known as the 
Pareto-front. We would like the solutions to cover the Pareto-front as well as possible, as to 
obtain a good representation of this front. This approach requires an extensive exploration 
of the search space and it is this requirement that makes evolutionary algorithms extremely 
applicable in this case. Their massive parallel exploration of search spaces is an invaluable 
advantage over other more conventional techniques in locating Pareto-optimal solutions. 
This Pareto-based approach has additional benefits as well. This approach offers multiple 
solutions from which a decision maker can select the solution that is best suited according to 
additional criteria, without requiring additional searches. Pareto based optimization is 
hence a more transparent and efficient way of dealing with multiobjective problem. 
A Pareto solution is proper if the tradeoff rate between the objectives in the neighborhood of 
that solution is bounded. In other words, in the neighborhood of a proper Pareto point, a 
finite increase in one objective is possible only at the expense of some reasonable decrease in 
one other objective. A proper Pareto solution is a good candidate design solution (Stan, 
2003). 

3. Two DOF RRRRR Micro Parallel Robot 
3.1 Geometrical description of the micro parallel robot 
The micro parallel robot considered in this paper is the 2-dof planar parallel mechanism 
shown in Fig. 3. The micro parallel robot consists of a five-bar mechanism connected to a 
base by two rotary actuators, which control the two output degrees of freedom of the end-
effector. The actuators are joined to the base and platform by means of revolute joints 
identified by the letters A–D. It will be assumed that AO=OC=AC/2. The coordinates of 
point P, the end-effector point, are (xP, yP). In more general terms, the actuator joint angles 
are the input variables, i.e. . The global coordinates of the working point P 
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form the output coordinates, i.e. . The 2-dof micro parallel robot may be used 
only for positioning P in the x-y plane. It is evident that this manipulator thus has 2-dof. 
Thus, the generalized coordinates for this kind of micro parallel robot are therefore given 
by: 

  (1) 

In general, factors imposed by the physical construction of the planar parallel manipulator, 
which limit the workspace, may be related to the input variables or a combination of input, 
output and intermediate variables. An example of former type for the planar parallel 
manipulator are joint angles limits, and of the latter, limits on the angular displacement of 
the revolute joints connecting the legs to the ground and to the platform. These limiting 
factors are described by means of inequality constraints and may, respectively, take the 
general forms: 

 vmin ≤ v ≤ vmax (2) 

 gmin ≤ g(u, v) ≤ gmax (3) 

The above general definitions are necessary in order to facilitate the mathematical 
description of kinematics and workspaces of the 2-dof planar micro parallel robot. In this 
study mixed constraints, represented by (3), are not taken into consideration. 
 
 

 
Figure 3. Micro parallel robot with 2 degrees of freedom 
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Figure 4. The 4 types of functioning of micro parallel robot with 2 degrees of freedom 

 
Figure 5. CAD model of the micro parallel robot of type RRRRR 

3.2 The kinematics of the RRRRR micro parallel robot 
Kinematic analysis of five-bar micro parallel robot is needed before carrying out derivations 
for the mathematical model. It is considered the five-bar micro parallel robot with revolute 
joints as in Fig. 1. It is known the length of the links as well as the fixed joints coordinates. 
The five-bar mechanism is symmetric toward Oy-axis, thus la = ld = l respectively lb = lc = L. 



Frontiers in Evolutionary Robotics 

 

470 

form the output coordinates, i.e. . The 2-dof micro parallel robot may be used 
only for positioning P in the x-y plane. It is evident that this manipulator thus has 2-dof. 
Thus, the generalized coordinates for this kind of micro parallel robot are therefore given 
by: 

  (1) 

In general, factors imposed by the physical construction of the planar parallel manipulator, 
which limit the workspace, may be related to the input variables or a combination of input, 
output and intermediate variables. An example of former type for the planar parallel 
manipulator are joint angles limits, and of the latter, limits on the angular displacement of 
the revolute joints connecting the legs to the ground and to the platform. These limiting 
factors are described by means of inequality constraints and may, respectively, take the 
general forms: 

 vmin ≤ v ≤ vmax (2) 

 gmin ≤ g(u, v) ≤ gmax (3) 

The above general definitions are necessary in order to facilitate the mathematical 
description of kinematics and workspaces of the 2-dof planar micro parallel robot. In this 
study mixed constraints, represented by (3), are not taken into consideration. 
 
 

 
Figure 3. Micro parallel robot with 2 degrees of freedom 

Evolving Behavior Coordination for Mobile Robots using Distributed Finite-State Automata 

 

471 

 
Figure 4. The 4 types of functioning of micro parallel robot with 2 degrees of freedom 

 
Figure 5. CAD model of the micro parallel robot of type RRRRR 

3.2 The kinematics of the RRRRR micro parallel robot 
Kinematic analysis of five-bar micro parallel robot is needed before carrying out derivations 
for the mathematical model. It is considered the five-bar micro parallel robot with revolute 
joints as in Fig. 1. It is known the length of the links as well as the fixed joints coordinates. 
The five-bar mechanism is symmetric toward Oy-axis, thus la = ld = l respectively lb = lc = L. 
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Actuators are placed in A and C. Attaching to each link a vector, on the OABPO respectively 
OCDPO, we can write successively the relations: 

 DPCDOCOPBPABOAOP ++=++= ;  (4) 

Based on the above relations, the coordinates of the point P have the following forms:      
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In this part, kinematics of a planar micro parallel robot articulated with revolute type joints 
has been formulated to solve direct kinematics problem, where the position, velocity and 
acceleration of the micro parallel robot end-effector are required for a given set of joint 
position, velocity and acceleration.  
The Direct Kinematic Problem (DKP) of micro parallel robot is an important research 
direction of mechanics, which is also the most basic task of mechanic movement analysis 
and the base such as mechanism velocity, mechanism acceleration, force analysis, error 
analysis, workspace analysis, dynamical analysis and mechanical integration. For this kind 
of micro parallel robot solving DKP is easy. Coordinates of point P in the case when values 
of joint angles are known 1q  and 2q are obtained from relations: 
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The speed of the point P is obtained differentiating the relations (1). Thus results: 
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and J represents the Jacobian matrix. 
Acceleration of the point P is obtained by differentiating of relation (8), as it yields: 
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Figure 6. The two forward kinematic models: (a) the up-configuration and (b) the down-
configuration 

Based on the inverse kinematics analysis are determined the motion lows of the actuator 
links function of the kinematics parameters of point P. 
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Based on the inverse kinematics analysis are determined the motion lows of the actuator 
links function of the kinematics parameters of point P. 
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The values of joint angles iq , (i = 1…4) knowing the coordinates xP, yP of point P, may be 
computed with the following relations: 
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From Eq. (14), one can see that there are four solutions for the inverse kinematics problem of 
the 2-dof micro parallel robot. These four inverse kinematics models correspond to four 
types of working modes (see Fig. 7). 
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Figure 7. The four inverse kinematics models: (a)”+−“ model; (b)” −+“ model; (b)” −−“ 
model; (d)”++“ model 



Frontiers in Evolutionary Robotics 

 

474 
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Figure 8. Graphical User Interface for solving the inverse kinematics problem of 2 DOF 
micro parallel robot 

 
Figure 9. Robot configuration for micro parallel robot xP=-15 mm yP=100 mm 

 
Figure 10. Robot configuration for micro parallel robot xP=-30 mm yP=120 mm 
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Figure 11. Robot configuration for micro parallel robot xP=40 mm yP=95 mm 

 
Figure 12. Robot configuration for micro parallel robot xP=0 mm yP=130 mm 

3.3 Singularities analysis of the planar 2-dof micro parallel robot 
In the followings, vector v is used to denote the actuated joint coordinates of the 
manipulator, representing the vector of kinematic input. Moreover, vector u denotes the 
Cartesian coordinates of the manipulator gripper, representing the kinematic output. The 
velocity equations of the micro parallel robot can be rewritten as: 

 0vBuA =+ &&  (16) 
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Where [ ]Tq,qv 21 &&& = , [ ]T
PP y,xu &&& = and where A and B are square matrices of dimension 

2, called Jacobian matrices, with 2 the number of degrees of freedom of the micro parallel 
robot. Referring to Eq. (13), (Gosselin and Angeles, 1990), has defined three types of 
singularities which occur in parallel kinematics machines. 
(I) The first type of singularity occurs when det(B)=0. These configurations correspond to a 
set of points defining the outer and internal boundaries of the workspace of the micro 
parallel robot. 
(II) The second type of singularity occurs when det(A)=0. This kind of singularity 
corresponds to a set of points within the workspace of the micro parallel robot. 
(III) The third kind of singularity when the positioning equations degenerate. This kind of 
singularity is also referred to as an architecture singularity (Stan, 2003). This occurs when 
the five points ABCDP are collinear.  

-5 0 5 10 15
-5

0

5

10

15

 

 

y

x
O

 -5 0 5 10 15
-5

0

5

10

15

 

 

y

x
O

 
a) b) 

-5 0 5 10 15
-5

0

5

10

15

 

 

y

x
O

 -5 0 5 10 15
-5

0

5

10

15

 

 

y

x
O

 
c) d) 

Figure 13. Some configurations of singularities: (a) the configuration when lb and lc are 
completely extended (b) both legs are completely extended; (c) the second leg is completely 
extended and (d) the first leg is completely extended 

In this chapter, it will be used to analyze the second type of singularity of the 2-dof micro 
parallel robot introduced above in order to find the singular configuration with this type of 
micro parallel robot. For the first type of singularity, the singular configurations can be 
obtained by computing the boundary of the workspace of the micro parallel robot. 
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Furthermore, it is assumed that the third type of singularity is avoided by a proper choice of 
the kinematic parameters. 
For this micro parallel robot, we can use the angular velocities of links lc and lb as the output 
vector. Matrix A is then written as: 
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From Eq. (17), one then obtains: 

 ).sin()det( 34bc qqllA −⋅⋅=  (18) 

From Eq. (18), it is clear that when ....,,2,1,0,qq 34 ±±=+= nnπ then 

.0)Adet( =  In other words if the two links lc and lb are along the same line, the micro 
parallel robot is in a configuration which corresponds to be second type of singularity. 

 
Figure 14. Examples of architectural singular configurations of the RRRRR micro parallel 
robot 

3.4 Optimal design of the planar 2-dof micro parallel robot 
The performance index chosen corresponds to the workspace of the micro parallel robot. 
Workspace is defined as the region that the output point P can reach if q1 and q2 changes 
from 2π without the consideration of interference between links and the singularities. There 
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were identified five types of workspace shapes for the 2-dof micro parallel robot as it can be 
seen in Figs. 15-20.  
Each workspace is symmetric about the x and y axes. Workspace was determined using a 
program made in MATLAB™. Analysis, visualization of workspace is an important aspect 
of performance analysis. A numerical algorithm to generate reachable workspace of parallel 
manipulators is introduced. 
 

 
Figure 15. The GUI for calculus of workspace for the planar 2 DOF micro parallel robot 

 

 

  
 Figure 16. Workspace of the 2 DOF micro parallel robot 
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Figure 17. Workspace of the 2 DOF micro parallel robot 

 

  
Figure 18. Workspace of the 2 DOF micro parallel robot 

 

 
Figure 19. Workspace of the 2 DOF micro parallel robot 
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Figure 19. Workspace of the 2 DOF micro parallel robot 
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Figure 20. Workspace of the 2 DOF micro parallel robot 

The above design of 2 DOF micro parallel robot employed mainly traditional optimization 
design methods. However, these traditional optimization methods have drawbacks in 
finding the global optimal solution, because it is so easy for these traditional methods to trap 
in local minimum points (Stan, 2003). 
GA refers to global optimization technique based on natural selection and the genetic 
reproduction mechanism. GA is a directed random search technique that is widely applied 
in optimization problems. This is especially useful for complex optimization problems 
where the number of parameters is large and the analytical solutions are difficult to obtain. 
GA can help to find out the optimal solution globally over a domain.  
The design of the micro parallel robot can be made based on any particular criterion. Here a 
genetic algorithm approach was used for workspace optimization of 2 DOF micro parallel 
robot.  
For simplicity of the optimization calculus a symmetric design of the structure was chosen. 
In order to choose the robot dimensions d, la, lb, lc, ld we need to define a performance index 
to be maximized. The chosen performance index is workspace W. 
One objective function is defined and used in optimization. It is noted as W, and 
corresponds to the optimal workspace. We can formalize our design optimization problem 
as the following equation: 

 Obj_function=max(W) (19) 

Optimization problem is formulated as follows: the objective is to evaluate optimal link 
lengths which maximize (16). The design variables or the optimization factor is the ratios of 
the minimum link lengths to the base link length b, and they are defined by: 

 ld/d (20) 
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Figure 21.  Flowchart of the optimization Algorithm with GAOT (Genetic Algorithm 
Optimization Toolbox) 

Constraints to the design variables are: 

 0,6<ld/d<1,2 (21) 

 la=ld, lb=lc, lb=1,2la (22) 

For this example the lower limit of the constraint was chosen to fulfill the condition ld≥d/2. 
For simplicity of the optimization calculus the upper bound was chosen ld≤1,2d. 
During optimization process using genetic algorithm it was used the following GA 
parameters, presented in Table 1. A genetic algorithm (GA) is used because its robustness 
and good convergence properties. The GA approach has the clear advantage over 
conventional optimization approaches in that it allows a number of solutions to be 
examined in a single design cycle. The traditional methods searches optimal points from 
point to point, and are easy to fall into local optimal point. Using a population size of 50, the 
GA was run for 100 generations. A list of the best 50 individuals was continually maintained 
during the execution of the GA, allowing the final selection of solution to be made from the 
best structures found by the GA over all generations. 
We performed a kinematic optimization in such a way to maximize the workspace index W. 
It is noticed that optimization result for micro parallel robot when the maximum workspace 
of the 2 DOF planar micro parallel robot is obtained for dld / =1,2. The used dimensions for 
the 2 DOF parallel micro robot were: la=72 mm, lb=87 mm, lc=87 mm, ld=72 mm, d=60 mm. 
Maximum workspace of the micro parallel robot was found to be W= 9386 mm2. The results 
show that GA can determine the architectural parameters of the robot that provide an 
optimized workspace. Since the workspace of a micro parallel robot is far from being 
intuitive, the method developed should be very useful as a design tool. 
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Figure 20. Workspace of the 2 DOF micro parallel robot 
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1 Population 50 
2 Generations 100 

3 Crossover rate 0,08 

4 Mutation rate 0,005 

Table 1. GA Parameters 

However, in practice, optimization of the micro parallel robot geometrical parameters 
should not be performed only in terms of workspace maximization. Some parts of the 
workspace are more useful considering a specific application.  
Indeed, the advantage of a bigger workspace can be completely lost if it leads to new 
collision in parts of it which are absolutely needed in the application. However, it’s not the 
case of the presented structure. 
In the second case of optimization of the 2 DOF micro parallel robot there have been used 4 
optimization criteria: 
1. transmission quality index →  T=1 the best value and the maximum one 
2. workspace →  a higher value is desirable 
3. stiffness index →  a higher value is desirable 
4. manipulability index →  a higher value is desirable 
Beside workspace which is an important design criterion, transmission quality index is 
another important criterion.  
The transmission quality index couples velocity and force transmission properties of a 
parallel robot, i.e. power features (Hesselbach et al., 2003). Its definition runs: 

 1

2

−⋅
=

JJ
I

T  (23) 

where I is the unity matrix.  
T is between 0<T<1; T=0 characterizes a singular pose, the optimal value is T=1 which at the 
same time stands for isotropy (Hesselbach et al., 2003). 
The manipulability condition number is a quality number in the sense of Yoshikawa, can be 
defined in terms of the ratio of a measure of performance in the task space and a measure of 
effort in the joint space. 

 TJJM ⋅= det(  (24) 

If J is quadratic Eq. (4) reduces to M=det(J). The goal is to have a value of M as large as 
possible. 
The stiffness condition number runs using the matrix K: 

 11 )( −− ⋅⋅⋅=⋅= TT JJJJKKS  (25) 

If the guiding chains of the machine between frame and working platform have different 
stiffness, the matrix K must be replaced by the matrix: 
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C  (26) 

where the diagonal matrix C contains the stiffness of the single guiding chain. The reciprocal 
value of S is between 1/10 ≤< S ; a singular pose is again characterized by 0/1 =S , 
whereas 1/1 =S is the optimal (isotropic) index. 
In the following figures, the performances evaluation throughout the workspace of the 
planar 2 DOF micro parallel robot is presented.   
 
 
 
 
 
 
 
 
 
 

 
Figure 22. Transmission quality index for 2 DOF micro parallel robot 
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Figure 22. Transmission quality index for 2 DOF micro parallel robot 
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Figure 23. Manipulability index for 2 DOF micro parallel robot 

 
Figure 24. Stiffness index for 2 DOF micro parallel robot 

Objective function: 

Obj_Fun= ),,,( MSATf  
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Optimization parameters: 

dl  and d  

Constraints: 

11080 ≤≤ dl  and 12090 ≤≤ d  

Optimization problem is formulated as maximization of the objective function: 

 max(Obj_fun( dld , )). (27) 

In Fig. 25 the Pareto front for optimization of a five-bar parallel micro robot for 4 
optimization criteria, transmission quality index, workspace, manipulability and stiffness, is 
presented. For finding the Pareto front have been generated by a number of 500 generations. 
This approach focuses around the concept of Pareto optimality and the Pareto optimal set. 
Using these concepts of optimality of individuals evaluated under a multi objective 
problem, they each propose a fitness assignment to each individual in a current population 
during an evolutionary search based upon the concepts of dominance and non-dominance 
of Pareto optimality. More details regarding the developing the Pareto front can be found in 
(Stan, 2003). 
 

 
Figure 25.  Pareto front for 4 optimization criteria: transmission quality index, workspace, 
manipulability and stiffness. 
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Figure 23. Manipulability index for 2 DOF micro parallel robot 

 
Figure 24. Stiffness index for 2 DOF micro parallel robot 

Objective function: 

Obj_Fun= ),,,( MSATf  
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Figure 25.  Pareto front for 4 optimization criteria: transmission quality index, workspace, 
manipulability and stiffness. 
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Since the finding of the solution for the multicriteria optimization doesn’t end without 
choosing a compromise, there isn’t need for an extreme precision for the values of the 
extreme positions. As Kirchner proved in (Kirchner and Neugebauer, 2000), optimization 
can be helped by a good starting population. The quality of the optimization depends 
essentially on the calculated number of generations. 
In functioning of the genetic algorithms there have been used the following genetic 
algorithms parameters: 

Size of population: 50 
Generations: 10 
Crossover rate: 0,07 
Mutation rate: 0,01 
Maximum number of generations: 500 

Table 2. The GA Parameters 

Based on the presented optimization methodology we can conclude that the optimum 
design and performance evaluation of the micro parallel robot is the key issue for an 
efficient use of micro parallel robots. This is a very complex task and in this paper was 
proposed a framework for the optimum design considering basic characteristics of 
workspace, singularities, isotropy. 

4. Conclusion 
An optimization design of 2-dof micro parallel robot is performed with reference to 
kinematic objective function. Optimum dimensions can be obtained by using the 
optimization method. Finally, a numerical example is carried out, and the simulation result 
shows that the optimization method is feasible. The main purpose of the chapter is to 
present kinematic analysis and to investigate the optimal dynamic design of 2-dof micro 
parallel robot by deriving its mathematical model. By means of these equations, optimal 
design for 2-dof micro parallel robot is taken by using GA. Optimal design is an important 
subject in designing a 2-dof micro parallel robot. Here, intended to show the advantages of 
using the GA, we applied it to a multicriteria optimization problem of a 2 DOF micro 
parallel robot. Genetic algorithms (GA) are so far generally the best and most robust kind of 
evolutionary algorithms. A GA has a number of advantages. It can quickly scan a vast 
solution set. Bad proposals do not affect the end solution negatively as they are simply 
discarded. The obtained results have shown that the use of GA in such kind of optimization 
problem enhances the quality of the optimization outcome, providing a better and more 
realistic support for the decision maker. Pareto front was found and non-dominated 
solutions on this front can be chosen by the decision-maker. 
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1. Introduction 
Evolutionary robotics is a good method for the generation of controllers for autonomous 
robots. However, up to date, evolutionary methods do not achieve the generation of 
behaviors for complex robots with a fixed body structure composed of lots of sensors and 
actuators. For such cases, no satisfactory results exist due to the large search space that the 
evolutionary algorithm has to face. Furthermore, the bootstrap problem does not allow 
convergence on the first generations, preventing the generation of simple solutions with a 
minimum fitness value that could guide the evolutionary path towards the final solution. 
Solutions like incremental evolution try to overcome the problem, but they do not scale well 
in complex robots with lots of devices. 
The question is then, why natural evolution succeeded evolving complex animals, but 
evolutionary robotics does not. One answer to that question may be that, while natural 
evolution gradually evolved at the same time the animals body plan, their sensors and 
actuators, their nervous system, and even their environment, artificial evolution tries to 
evolve the nervous system for a robot with a fixed given body, sensors and actuators, within 
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1. Introduction 
Evolutionary robotics is a good method for the generation of controllers for autonomous 
robots. However, up to date, evolutionary methods do not achieve the generation of 
behaviors for complex robots with a fixed body structure composed of lots of sensors and 
actuators. For such cases, no satisfactory results exist due to the large search space that the 
evolutionary algorithm has to face. Furthermore, the bootstrap problem does not allow 
convergence on the first generations, preventing the generation of simple solutions with a 
minimum fitness value that could guide the evolutionary path towards the final solution. 
Solutions like incremental evolution try to overcome the problem, but they do not scale well 
in complex robots with lots of devices. 
The question is then, why natural evolution succeeded evolving complex animals, but 
evolutionary robotics does not. One answer to that question may be that, while natural 
evolution gradually evolved at the same time the animals body plan, their sensors and 
actuators, their nervous system, and even their environment, artificial evolution tries to 
evolve the nervous system for a robot with a fixed given body, sensors and actuators, within 
a fixed complex environment.  
Our proposal states that when, as it happens in most cases, none of the evolutionary 
constraints can be relaxed (those are, the robot body, the sensors and actuators, the behavior 
to implement or the environment), then the use of external knowledge to guide the 
evolutionary process should be mandatory. Evolutionary approaches try to avoid the use of 
such knowledge, also called bias, because it directs the evolutionary search towards specific 
places of the space, not allowing the algorithm to find its own solutions. In this paper, we 
advocate instead for the use of bias as an inevitable situation when the robot body, task and 
environment are complex and fixed.  
Based on this idea, we develop a modular architecture for evolutionary controllers based on 
neural networks, which allows the selective introduction of bias knowledge in the neural 
controller during the evolutionary process. The architecture allows the introduction of 
external knowledge on selected stages of the evolutionary process, affecting only selected 
parts of the controller that need to accommodate that information. The evolutionary 
controller is progressively designed in a series of stages, almost in a surgical way, 
independently of the complexity of the robot (in terms of number of sensors and actuators). 
This approach allows to avoid the bootstrap problem completely, and to obtain a completely 
distributed neural controller for the robot using only artificial evolution. 
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We will show how our method applies to general robots. Additional results will show its 
application to a complex Aibo robot. 
The rest of the chapter is divided as follows: section two provides a description of the 
problem of evolutionary robotics that we try to solve, including a review of existing 
solutions. It follows a description of the architecture we developed to solve such problem, 
and a simple application to a simple wheeled robot. Then an application of the architecture 
to an Aibo robot, where more than 20 devices needed to be used to generate a behavior. The 
chapter ends with a discussion of the results, the conclusions and future lines of application. 

2. Evolutionary robotics for complex robots 
Evolutionary robotics is a framework for the automatic creation of autonomous robots. It 
reproduces on robots selective reproduction of the fittest, that means, it uses evolutionary 
algorithms to develop the control program of an autonomous robot (Nolfi & Floreano, 2000). 
The idea behind this framework is that the controller for a robot may be so complex that we 
don't know how to construct it. Instead we reproduce the mechanisms that evolution took 
for the generation of animal minds. The control system of the robot is then represented as an 
artificial chromosome subject to the laws of genetics and natural selection, which evolves on 
a hostile environment. Evolutionary robotics pays more attention to the processes that build 
a controller than how the final controller is. This liberates the designer of the necessity to 
specify how the controller must exactly work in every situation, and, more important than 
that, allows the evolutionary process to find novel solutions for the controller that the 
designer could not have thought of. 

2.1 Complex robots 
One of the most interesting problems of evolutionary robotics is the creation of behaviors for 
complex robots. We measure the complexity of a robot by its number of devices, that is, the 
number of sensors and the number of actuators that it has, which require a coordination in 
order to achieve a task, or generate a behavior. As this number increases, more difficult will 
be to generate an evolutionary controller for it. 
At present, evolutionary robotics is mainly relegated to the realm of simple wheeled robots, 
where just a very small number of actuators (about two or three), and a small number of 
sensors (between two and six) are used. Even if quite complex behaviors have been evolved 
for such robots (Nolfi, 2004), there is no general solution for its implementation in complex 
robots with tens or hundreds of devices to be coordinated. 

2.2 Problems faced when evolving complex robots 
Two main problems arise in the evolution of controllers for complex robots: first, the search 
space that the evolutionary algorithm has to face to find a suitable solution is very large. 
Due to the large number of elements that need to be coordinated even for the simplest task, 
the number of weights of the neural controller is large. Then, the space of possible solutions 
has a high dimensionality, what makes computationally difficult to find a solution. The 
second problem is the bootstrap problem, which prevents the generation of simple solutions 
at the beginning of the evolutionary process with a minimum fitness value that could guide 
the evolutionary path towards the final solution (Nolfi & Floreano, 1998). 
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Up to date, there is no general method which avoids such problems, even if partial solutions 
have been proposed. For instance, incremental evolution (or incremental learning) is an 
evolutionary method that evolves a neural network by doing successive steps of teaching 
with an increase of the complexity of the task been teach on every step (Elman,1991; Gomez 
& Miikkulainen, 1996). This approach requires the use of the designer’s knowledge of the 
task to correctly define the incremental evolutionary steps. It has worked well in complex 
tasks in simple robots, but a successful use in complex robots has not been reported. 
Modifications to this approach have also been proposed (Doncieux & Meyer, 2004), but their 
applications have still been applied to simple robots.  
Co-evolution, is proposed as another solution. It consists of the evolution of competing 
controllers using a coupled fitness function (Nolfi & Floreano, 1998). However, co-evolution 
includes its own series of problems, and as (Doncieux & Meyer, 2004) say, they have to 
materialize yet. 
In (Nelson et al. 2002), the authors propose a fitness function with two modes. The first 
mode rewards the controller when it has not been able to complete the task, using a 
subjective measure (completely determined by the designer) of the uncompleted task. A 
second mode only provides a reward when the task is achieved. A similar approach was 
also used by (Nolfi, 1997) on the generation of a garbage collector controller or on the 
generation of a hand able to grasp things (Bianco & Nolfi, 2004). 
Another line of research involves the evolution at the same time of the robot body plan and 
the neural controller. Impressive results have been obtained in (Hornby and Pollack, 2002; 
Pollack et al., 2003). However, those approaches lack the ability to direct the evolutionary 
path of the body plan towards a body structure that has been designed before hand. But it is 
its lack of directness towards a given and fixed body what makes this approach useless for 
the case of a robot body which is fixed and complex.  
We could however, introduce additional terms in the fitness function and restrict the 
possible morphologies to evolve a body plan similar to the one we want to control (the 
given robot body). This is the approach followed by (Muthuraman, 2005). Muthuraman 
performed a human directed evolution of a robot body and its neural controller in 
progressive steps. Initially, a simple controller for a simple version of the robot is evolved. 
When the controller cannot improve its fitness anymore, new neural modules are added 
to it, and the evolutionary process continued, until fitness improvement is not obtained. 
Then the body of the robot is complexified in some sense, and the previous evolutionary 
process repeated. The algorithm will continue complexifying body and controller until it 
reaches the robot body and task required. It seems difficult, though, to see how this 
method could be applied to any robot on any task, aside the one described by the author. 
Additional solutions for the evolution of complex controllers include all sort of tricks for 
the particular controller to evolve. For example, (Mojon, 2004) generated the initial 
weights of the nets for a walking humanoid with small values, allowing the robot to 
obtain some controllers that didn't fall at the first generations. (Reeve, 1999) used 
symmetry on the evolution of a walking robot to reduce the search space and avoid initial 
useless controllers. (Ijspeert, 1998) used staged evolution for the generation of a controller 
for a salamander. In a similar way, (Lara et al., 2001) evolved two separated and 
independent neural controllers for a Khepera robot and, once they had those two 
modules, they evolved a neural interface between them, allowing the robot to show both 
behaviors on a unique controller. 
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3. Solution proposed 
What all the previous approaches share in common is their introduction of human 
knowledge into the process in some or another way, that is, there is an introduction of bias 
by the designer. The introduction of bias helps to direct the evolutionary process towards a 
solution, reducing by hence the search space. However, this directness is usually not 
welcomed in evolutionary processes, since it performs a restriction on the solutions that the 
process will be able to find. The fact is that the bias leaves a short space for the algorithm to 
find a different solution from that that the researcher knows. 
In our solution, we see the massive use of external knowledge as something inevitable in  
evolutionary robotics when the robot body, task and environment are fixed and complex. 
Starting from this idea, we propose a massive modular architecture for the control of robots, 
which allows the introduction of information in a selective manner, including certain 
information only on specific parts of the controller, without affecting others. The generation 
of the final controller is performed on a series of stages where the modules are progressively 
evolved using their specific information as fitness function, until the global controller is 
obtained. In fact, the global neural controller is progressively designed, through a series of 
evolutionary stages. 

3.1 Description of the architecture 
To generate a controller for a complex robot we think unavoidable the use of the concept of 
modularization.  In neural controllers, modularization can be performed at two levels: at the 
structural level and at the learning level (Auda & Kamel, 1999). A modularization of the 
neural structure means that the controller will be composed of several neural networks. A 
modularization of the learning procedure implies that the learning will be performed in 
different stages. The problem is that it is difficult to train globally a chained functionality on 
a modular neural structure, because, even that we want a global intelligent behavior, the 
learning capabilities only exist at the organization level of the neural nets. Then, if  
modularization at the neural structure is taken, a modularization of learning may also be 
required. 
Hence, for the progressive design of a neural controller we take modularization at both 
levels. We provide a standard building block and evolutionary method for any robot, 
independently of its number of sensors or actuators. The key point of this modularization is 
in which way the controller modularization is performed. While most of the existent  
modular architectures perform modularization at a functional level  (that is, the global task 
to be implemented by the robot is decomposed into simpler subtasks (Davis, 1996; Lara et al. 
2001; Dorigo & Colombetti, 2000)), in the progressive design method, modularity is created 
at the level of the robot device by creating a small and independent neural module around 
each of the sensors and actuators of the robot. 
The evolution of the neural weights for each module is performed in several stages. On a 
first stage, only a small set of the sensors and actuators available are used for the evolution 
of a simple task, called an evaluation task, which must be related with the final global one. 
The neural modules associated to the set of sensors and actuators are evolved at the same 
time on the evaluation task. As the small group of controllers gains proficiency in their 
evaluation task, new sensors and actuators together with their neural modules are added to 
the group, and the evolution process started again with a new evaluation task. The re-
started evolutionary process only affects the evolution of the weights of the newly added 
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modules and their connections with the evolved in the previous stages. As this process goes 
along, more and more sensors and actuators of the robot are progressively added, and the 
evaluation task they perform modified, until they reach the total number of sensors and 
actuators and the final global task required. 
The evolution of modules by stages allows us to minimize the effects of the two main 
problems described in section 1: first, by evolving a limited number of modules at each 
evolutionary stage on a simplified task, we keep reduced the searching space the 
evolutionary algorithm has to face. Second, by evolving new modules keeping the 
functionality obtained in previous stages, the likelihood of obtaining a bootstrap is reduced, 
since the evolution of the newly added modules depart from a previous stable solution 
which can be scored, and by hence, directs the evolutionary path from the initial 
generations. 

3.2 Sensor and  actuator neural modules 
Modularity is implemented at the level of the robot device and works as follows: each 
sensor and actuator will have an associated neural module, that we call in general, an 
Intelligent Hardware Unit (IHU). Each IHU module will belong only to that particular 
sensor or actuator. We will call those modules in particular as SENEMO (from SEnsor 
NEural MOdule) for the union of a sensor and a neural net, and ACNEMO (from ACtuator 
NEural MOdule) for the union of an actuator and a neural net. Each neural network will take 
care of its associated device. This means that it decides which commands will be sent to its 
actuator, in the case of an ACNEMO, or how will the information coming from its sensor be 
processed, in the case of a SENEMO. 

 
Figure 1.  Left: Connection schematics of the neural modules for a sensor (SENEMO) and an 
actuator (ACNEMO) 

The generation of a coordinated global robot behavior will require the cooperation between 
all the sensors and actuators. This is what is called sensorimotor coordination (Pfeifer & 
Scheier, 1997). In order to achieve such coordination, a communication channel is 
established that allows the modules the interchange of information. The communication 
channel is implemented by connecting the neural modules' output to one input of the other 
modules. This connection mechanism makes all the modules aware of what the other 
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channel is implemented by connecting the neural modules' output to one input of the other 
modules. This connection mechanism makes all the modules aware of what the other 
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modules are doing before deciding their own action. More complicated connection schemes 
are possible where two or more outputs were allocated in the modules, establishing one of 
the outputs as the action of the module, and the other as the communication for the other 
modules. We have kept this scheme simpler by allocating one single output for each module 
which acts at the same time as the output of the module and the communication for the 
other modules. Schematics of the SENEMO and ACNEMO module connections are included 
in figure 1. Figure 2 shows a connectivity example of the final controller obtained for a 
simple robot composed of two sensors and two actuators. 

 
Figure 2. Application of the approach to the control of a simple robot composed of two 
sensors and two motors. Four modules are required, two SENEMO and two ACNEMO 

It should be stated that when put several modules together on a control task, each module 
has its own particular vision of the situation since each one is in charge of its own sensor or 
actuator. Since there is no central coordinator, each module selects an action for its 
associated actuator or sensor output, based on the information sent by the other modules 
and its current status of its associated device, for the generation of the global robot behavior. 

3.3 Evolutionary process 
In the context presented above, the neural modules need to learn the control of their 
associated devices at the same time that they cooperate between each other for the 
generation of the global robot task. This is accomplished through an evolutionary process 
using a neuro-evolutionary algorithm. Due to the fact that the evolutionary process has to 
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evolve different neural networks for different roles on a common task, a co-evolutionary 
algorithm is required, that is, the simultaneous evolution of several nets, each one with its 
own population, but with a common fitness for all of them. By using such kind of algorithm 
it is possible to teach to the networks how they must cooperate to achieve a common goal 
(i.e. the global robot behavior to implement) when every network has its own an different 
vision of the whole system, since their inputs and/or outputs are different. 
The algorithm selected to evolve the nets is the ESP (Enforced Sub-Populations)(Gómez & 
Miikkulainen, 1996), which has been proved to produce good results on co-evolutionary 
processes (Yong & Miikkulainen, 2001). A chromosome is generated for each module 
network, coding in a direct way the weights of the network connections, and the whole 
group of neural nets is evolved at the same time with direct interaction with the 
environment. The fitness function which guides the evolutionary process is created by the 
designer, depending on the problem that the robot has to solve. 

 
Figure 3. Progressive design of a neural controller for a simple robot with two sensors and 
two actuators. On stage one (left), only one SENEMO for sensor 1, and one ACNEMO for 
motor 1 are evolved obtaining the controller of the top of the figure. On stage two (right), 
another SENEMO (sensor 2) and ACNEMO (motor 2) are added to the controller. At that 
stage, only those newly added modules and their connections to the previously evolved 
modules are evolved (in thick black) 

The progressive design method goes as follows: first, a goal-task for the robot is decided. 
This goal-task will be the behavior required for the robot. Then, the robot is divided into 
modules, one module for each sensor (a SENEMO) and actuator (an ACNEMO). Then the 
staged evolution begins. At the first stage, a subset of the modules are evolved to perform a 
reduced task related in some way with the goal-task. This reduced task is called an 
evaluation-task. The subset of modules to be evolved and the evaluation-task are selected by 
the designer, depending on the evolutionary strategy he is going to perform. The 
evaluation-task is usually a task that is relevant for the goal-task and that concerns the 
modules selected for this stage. 
Once this evaluation-task has been achieved by the subset of modules with a reasonable fitness 
value, a new evolutionary stage starts where a new set of modules is added to the controller. 
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evolve different neural networks for different roles on a common task, a co-evolutionary 
algorithm is required, that is, the simultaneous evolution of several nets, each one with its 
own population, but with a common fitness for all of them. By using such kind of algorithm 
it is possible to teach to the networks how they must cooperate to achieve a common goal 
(i.e. the global robot behavior to implement) when every network has its own an different 
vision of the whole system, since their inputs and/or outputs are different. 
The algorithm selected to evolve the nets is the ESP (Enforced Sub-Populations)(Gómez & 
Miikkulainen, 1996), which has been proved to produce good results on co-evolutionary 
processes (Yong & Miikkulainen, 2001). A chromosome is generated for each module 
network, coding in a direct way the weights of the network connections, and the whole 
group of neural nets is evolved at the same time with direct interaction with the 
environment. The fitness function which guides the evolutionary process is created by the 
designer, depending on the problem that the robot has to solve. 

 
Figure 3. Progressive design of a neural controller for a simple robot with two sensors and 
two actuators. On stage one (left), only one SENEMO for sensor 1, and one ACNEMO for 
motor 1 are evolved obtaining the controller of the top of the figure. On stage two (right), 
another SENEMO (sensor 2) and ACNEMO (motor 2) are added to the controller. At that 
stage, only those newly added modules and their connections to the previously evolved 
modules are evolved (in thick black) 

The progressive design method goes as follows: first, a goal-task for the robot is decided. 
This goal-task will be the behavior required for the robot. Then, the robot is divided into 
modules, one module for each sensor (a SENEMO) and actuator (an ACNEMO). Then the 
staged evolution begins. At the first stage, a subset of the modules are evolved to perform a 
reduced task related in some way with the goal-task. This reduced task is called an 
evaluation-task. The subset of modules to be evolved and the evaluation-task are selected by 
the designer, depending on the evolutionary strategy he is going to perform. The 
evaluation-task is usually a task that is relevant for the goal-task and that concerns the 
modules selected for this stage. 
Once this evaluation-task has been achieved by the subset of modules with a reasonable fitness 
value, a new evolutionary stage starts where a new set of modules is added to the controller. 
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For this new stage, the evaluation-task may be changed, by incrementing its complexity, by 
changing it completely, or by not changing it at all. During this second stage, previously 
evolved modules are not evolved, and only the new ones added and their connections to the 
already existing ones are evolved on the new evaluation-task. Once the evolutionary process 
obtains a reasonable fitness value, a new stage begins. This procedure is repeated until all the 
modules are included in the controller and the final goal-task is achieved.  
Figure 3 shows the two stages progressive design of a controller for a robot composed of 
two sensors and two actuators.  

3.4 Application example 
In this section we will show an application example of the methodology to a simple robot, in 
order to clearly see how it works. The example will be the Khepera garbage collector. An 
application to a complex robot in a complex task will follow in the next section. 
Experiments consisted of the implementation of the progressive design method for the 
control of a Khepera robot while performing a cleaning task. The selected test bed task is 
called the garbage collector, and follows the following description: 

 
Figure 4. The garbage collector experiment on Webots simulation environment 

A Khepera robot is placed inside an arena of dimensions 60x35 cm surrounded by walls 
(figure 4), where it must look for any of the sticks randomly distributed in the space, grasp 
it, and take it out of the arena. The robot was also placed randomly in the arena at the 
beginning of each epoch.  
The robot has eight infrared (IR) sensors, six at the front of the robot, two at the back. It also 
has one presence detector sensor in the gripper fingers. For the task of the garbage collector, 
only the six front sensors will be used, as well as the gripper sensor. IR sensors have a 
limited range of detection (from 0 to 75 mm). The sensors have 1024 different values from 0 
to 1023, which indicate the presence of an object at the corresponding distance. Objects 
placed at a distance above 75 mm are not detected at all.  
As actuators, the robot has two motors (left and right), but it is also possible to control the 
position of the gripper arm and the status of the gripper fingers (open or closed). The 
gripper turret is controlled by two procedures that activate a complete behavior. When 
procedures are activated, they perform a complete series of movements of the gripper which 
cannot be interrupted until finished. In the case of the first procedure, the movements are: 
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move the arm down, close the gripper fingers. If there is nothing between the fingers, then 
open the fingers. Then move the arm up again. This procedure should be the one activated, 
in order to pick up a stick, and by hence we will call it the pick-up procedure. The second 
procedure moves the arm down, opens the gripper fingers, and moves the arm up again. It 
should be activated when a stick has to be released, so we will call it the release procedure. 
Of course, the controller does nothing neither about the behavior of those procedures nor 
when they have to be activated. The evolutionary process will have to create the appropriate 
controller that activates those procedures when it is necessary. Procedures are activated on a 
on-off basis, i.e., they will be taken as if they were actuators which can be controlled with 
two possible values: an on value when require activation, or an off value when no activation 
is required.  
Experiment setup 
Basically, experiments consist of 15 epochs of 200 time steps each, where an evolved 
controller was tested over the task. The duration of each time step was of 100 ms. Each 
epoch ended after the 200 steps or after a stick had been correctly released out of the arena. 
The final goal is the generation of a modular controller for the Khepera robot solving the 
garbage collector. This is a controller composed of eleven modules: six infra-red sensors, one 
gripper sensor, two motors, and two gripper procedures. Each neural module was 
implemented using a feed-forward neural net with no hidden units and only one output. At 
the beginning, the number of inputs of those nets will depend on the number of elements 
selected for the first evolutionary stage. In any case, at the end of the progressive design, the 
neural net of each module will have eleven inputs. Figure 6-left shows the model of neural 
network used for each module. Figure 6-right shows the final controller that we want to 
obtain by progressive design. 
The architecture is evolved using the progressive design process described above. A three 
stages procedure is designed. The evolutionary strategy decided by us consisted on using a 
reduced set of sensors to perform the garbage collector task. This means that, on a first stage, 
not all the sensors will be used in order to reduce the number of weights to be evolved. Then, 
in progressive stages, new sensors will be added that may allow increase the proficiency of the 
robot for the task, and by hence the fitness obtained. We decided to divide the progressive 
design of the controller into three evolutionary stages. On the first one, only seven modules are 
evolved (three sensors and four actuators are used). On the second stage, two additional 
sensors are included. On the final stage, the remaining two sensors are added. 

      
Figure 6. Left: The neural network used for each module at the end of the evolutionary 
process. Right: Modular representation of the architecture implemented for the Khepera robot 
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First evolutionary stage 
 

 
Figure 7.  First stage evolutionary controller. At this stage, only seven modules are evolved 
corresponding to three sensors and four actuators 

On the first stage, we start using as less sensors and actuators as possible, in order to have 
an initial search space small. However, we want the robot be capable of performing more or 
less the garbage collector task. So we decide that using the two front IR sensors would be 
the minimum necessary for the robot that will allow it to discriminate between sticks and 
walls. For grasping and releasing sticks the gripper sensor is required, as well as the two 
wheel motors and the take and release procedures. This makes a total number of seven 
IHUs (figure 7). 
A fitness function was created for the evolutionary process which rewarded controllers 
capable of releasing one stick out of the arena. An additional term was added to the function 
which rewarded robust controllers, those are, controllers that performed the stick releasing 
behavior without performing any error. Errors included, crashing into walls, releasing sticks 
inside the arena or over another stick, or trying to pick a wall. Controllers that were able to 
only pick up one stick were also rewarded with a lower fitness. 
 

 
 
After 1000 generations, the maximum fitness obtained was of 1531 (out of 1650). The 
behavior obtained, even that a little bit non-optimal, allowed the robot to solve the task. Due 
to the randomness of the method employed, we performed the evolutionary process ten 
times, obtaining a mean fitness value of 1021. Eight out of ten evolutionary processes were 
able to generate the garbage collector behavior. Figure 10 shows the evolution of the mean 
fitness value over generations. 
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Second evolutionary stage 
 

 
Figure 8.  At the second stage, two additional sensor modules were added (in red) 

On the second stage, the best group of modules evolved on the previous stage were frozen 
in their evolution. Two new sensor IHUs were added to the controller, the ones 
corresponding to the control of the two diagonal IR sensors (figure 8, in red). During this 
stage, only the weights of those two new modules and their connections to the already 
existing modules were evolved. New connections between modules are random initialized 
by the evolutionary algorithm, and evolved in separated sub-populations. 
For this task, the fitness function used at this stage is the same as in the previous one. If the 
progressive design method were used in the evolution of other controllers, the fitness 
function may have changed at this point if necessary, in order to implement a different task 
starting with the knowledge of the task learned in the previous stage. For the garbage 
collector problem, it is not the case, and the same fitness function can be used, even if the 
structure of the controller has changed. An example of task that requires the change of the 
fitness function at different stages will be discussed in section 4. 
Figure shows the evolution of the mean fitness value over generations for this stage. If we 
look at the evolution of fitness, we observe that, at the beginning of this new evolutionary 
stage, the fitness obtained at the first generation is lower than the maximum obtained at the 
previous stage. This is due to the interference that the newly added connections are 
producing in the solution found at the previous stage. However, the fitness of this stage first 
generation is not low, since the neural weights obtained in the previous stage represent a 
point in the fitness landscape were a solution is near, that is, the task learned in the previous 
stage represents a good starting point for the learning of this stage task. After 1000 
generations the maximum fitness reached is 1650. We performed the evolutionary process 
ten times, obtaining a mean fitness value after 1000 generations of 1570. All ten evolutionary 
processes were able to generate the garbage collector behavior.  
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Third evolutionary stage 

 
Figure 9:  At the final stage, two additional sensors were included (in red) 

At the third stage, the IHU for the two lateral sensors are introduced (figure 9, in red). The 
same procedure as in the previous stage is used. The already existing modules are frozen, 
and only the two new modules and their connections to the already existing ones are 
evolved. The same fitness function was used for this stage. 
For this stage, we observe the same behavior as in the second stage, that is, the fitness obtained 
in the first generation of this stage is a slightly reduced value from the maximum obtained at 
the end of the previous stage. However, at this stage, the reduction is smaller than the reduction 
experienced at stage 2. Our hypothesis is that the solution found at the previous stage is very 
related to the solution with two more sensors. In fact, the task is the same but using two more 
sensors, so the solution has only to accommodate the action of the newly added sensors. 

 
Figure 10.  Mean fitness evolution through generations for all the stages. Dotted line shows 
the fitness evolution obtained when the eleven modules are evolved in one single stage. 
Values have been averaged over ten evolutionary runs in all cases 
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After 1000 generations the maximum fitness value is 1650. We performed the evolutionary 
process ten times, obtaining a mean fitness value after 1000 generations of 1647. All ten 
evolutionary processes were able to generate the garbage collector behavior. Figure 10 
shows the evolution of the mean fitness value over generations. 
Comparison with one single stage evolution 
Due to the simplicity of the robot used, the simplicity of the task to be solved, and the power 
of the evolutionary algorithm, it is possible to evolve the whole controller of figure 6 for the 
garbage collector in one single stage. This implies to evolve at the same time, in one single 
stage, the eleven modules.  
If we compare the case of one single stage evolution with progressive design, we observe 
that the mean fitness value of the former is 1645, a fitness slightly below the mean fitness 
obtained by progressive design (1647). Figure 10 shows the evolution of the mean fitness 
value over generations, compared with the evolution of fitness of the other stages. 
Furthermore, in the case of single stage evolution, nine out of ten evolutionary processes 
were able to evolve a garbage collector behavior, meanwhile in the case of the progressive 
design, all the controllers of the last stage were able to generate the garbage collector 
behavior (10 out of 10). Even if both approaches obtained similar results, a small 
improvement seems to be on the side of the progressive design. This results seems 
reasonable, since in the progressive case, the controller is carefully built step by step, 
starting from previously known domains, which allows for a better evolutionary process. 
However, the improvement in fitness obtained it may not be worth it because of the needed 
complexification of the evolutionary process. This complex procedure may only be required 
in more complex situations where the single stage evolution is not possible. This is the case 
of the next section. 

4. Complex robot application 
The results presented in the previous section show how the progressive design method 
works for a simple case. However, the main aim of this methodology is its use in complex 
robots. This section shows the results we obtained when we applied the methodology to the 
Aibo robot for the generation of a walking pattern. The generation of such behavior is a 
complex issue, since Aibo has 12 degrees of freedom (DOF) related to walking (no head or 
queue DOF have been taken into account). Each leg has 3 DOF that must be coordinated 
with the other legs in order to obtain a walking gait. It is easy to see that an error of 
coordination in one single joint may cause the robot not walking at all.  
For the generation of the walking gait we will only take into account the 12 motors of the leg 
joints as well as those joints sensors, what makes a total of 24 devices which need to be 
controlled. The whole process is carried in simulator and once the global controller is 
obtained, it is transferred to the real robot.  
The generation of a walking gait for a quadruped has been solved in the literature using 
different methods. In order to feed our evolutionary controller with the required 
information, we studied the different solutions already available. One of the most 
interesting was the use of non-linear dynamic central pattern generators (CPGs) (Collins & 
Richmond, 1994; Lewis, 2002). The idea is to use the information about how the robot should 
walk to feed the evolutionary process.  
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4.1 The Central Pattern Generator concept for walking robots 
It has been shown that animals perform rhythmic movements such as walking or running 
by means of CPGs (Grillner, 1985). CPGs are groups of neurons that generate an oscillatory 
pattern from a tonic input signal. Depending on the value of the tonic signal, CPGs can 
change its frequency of oscillations as well as its amplitude.  
CPGs can be reproduced artificially using artificial neural networks. Those CPGs are the 
ones that will be created in the robot by using the distributed architecture. In real animals, 
each joint has a CPG for its control and these are interconnected only with the nearest CPGs. 
In the robot case, Aibo’s joints are composed of a sensor (which obtains the position of the 
joint at each instant) and an actuator (which moves the joint). In our architecture a CPG is 
implemented for each joint by coupling a neural net for the joint sensor and a neural net for 
the joint actuator (see figure 13). The final robot controller can be seen then as a group of 
CPGs coupled ones with the others. 
Because such a controller cannot be evolved in one single round by any current evolutionary 
algorithm, a progressive design of it is proposed. The different stages for the generation of 
the walking gait are: generation of the CPG oscillator, where a segmental oscillator is 
evolved for each type of joint; generation of a layer of joints of the same type that oscillate in 
counter phase by using the previously generated CPGs; and coupling of the three layers to 
obtain the final walking behavior. 

4.2 Neural model used 
We begin by analyzing the type of neural network that we will use in the IHU models for 
the generation of the gait controller. Due the dynamic nature of the task to evolve, a neural 
network capable of capturing dynamics is required. We find in (Reeve & Hallam, 2005) an 
exhaustive analysis of the characteristics, advantages and drawbacks of different types of 
neural networks for walking behaviors. We select the model called Continuous Time 
Recurrent Neural Nets (CTRNN).  
CTRNNs are composed of a set of neurons modeled as leaky integrators that compute the 
average firing frequency of the neuron. 

 
Figure 11.  Schematics of the CTRNN used in the walking controller. The hidden units are 
modeled as leaky integrators 
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The output of each hidden unit of a CTRNN network is computed using the following 
equations (from (Reeve & Hallam, 2005)): 
 

   

(1)

 
 
where mi represents the mean membrane potential of neuron i, that is, the output of the 
network. xi is the short-term average firing frequency of neuron i, θi is the neuron bias, τi is a 
time constant associated with the passive properties of the neuron’s membrane, and ωij is 
the connection weight from neuron j to neuron i. Calculation of each neuron output is 
performed using the Euler method for solving differential equations with a given step of 96 
ms.  
A neural net similar to the one shown in the figure 11 is used for each IHU neural element, 
where: the number of inputs equals the number of devices to control, i.e. 24; the number of 
hidden units is five; and the number of output units is one. Inputs represent the connections 
of a given IHU to the others, and the output is the answer from that IHU to its associated 
element (sensor or actuator). 
For each hidden unit of the networks it is necessary to evolve its connection weights to 
inputs and outputs, its bias term, and its time constant. So, the genotype for each hidden 
unit will contain those values in a direct encoding scheme. Initially, the values of the 
parameters for all the neurons are randomly created around certain values. Weights are 
initialized between -16 and 16. However, for the bias term and the time constant different 
initializations were done based on the data of (Seys & Beer, 2004). For the bias, the initial 
values were taken between -16 and 16. For the time constant, values were between 0.5 y 10. 

4.3 Progressive design of a walking gait  
The evolutionary strategy for the evolution of the controller makes intensive use of the CPG 
concept for the generation of the controller. Using that information, we decide that the 
controller of the robot will be made of a group of CPGs, one per each joint, that will drive its 
corresponding joint with an oscillation signal. Joint oscillators will be coordinated in the 
appropriate way to produce a walking gait. 
Once those points were clear, its practical implementation was divided into four stages: on a 
first stage, a controller that performs an oscillation is generated for each joint using its 
associate motor an sensor. At that point each joint has its own an independent oscillator that 
drives it. On a second stage, two oscillators of the same joints in different legs are coupled in 
the form that they generate a single controller that drives both joints with an oscillation, but 
with a required phase shift between them. On the third stage, two groups of two coupled 
oscillators are again coupled, obtaining a group of four oscillatory joints driven by one 
single controller. Those three stages are repeated for the three types of joints that the robot 
has, what leads to a situation where three controllers exist, each one driving four joints on a 
synchronized oscillation. The fourth stage evolves the connections between those three 
controllers, generating a single controller for the whole robot, which finally is able to walk. 
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First stage: generation of the joint oscillator 
The aim of this stage is to obtain a controller for a joint of the robot, capable of generating an 
oscillatory pattern for each type of robot joint. Joints in the robot’s legs are of three different 
types, which we will call J1, J2 and J3 (see figure 12). J1 is in charge of the rotatory 
movement of the shoulder, J2 of the lateral movement of the shoulder and J3 of the knee 
movement. Each joint is physically implemented using different PID controllers, and, in 
addition, their movement limits are different. For this reason, a different type of oscillator 
must be implemented for each type of joint, this means, we are going to evolve three types 
of oscillators. The evolution of the oscillator for each joint type is performed separately. It 
means that each joint type will evolve its associated controller on a different and 
independent evolutionary process. Nevertheless, the process for the generation of each type 
is exactly the same, with the only practical difference being the range of movements, and the 
way the leg is moved. So, at the end of this stage we will obtain three different controllers, 
one for each joint type. 
For each joint, an oscillator is implemented by coupling two CTRNN networks: one for the 
joint sensor and another for the joint actuator (the motor). The resulting controller is shown 
in figure 13. Both nets are interconnected as the architecture specifies, but each one is in 
charge of a different element (the sensor net is in charge of the sensor, and the motor net is 
in charge of the motor). At each time step of the evaluation process, the sensor reading is 
taken and entered into the IHU sensor. Then the output is computed and sent to the IHU 
actuator. The output of the IHU actuator specifies the velocity to be applied to the motor, 
and, once de-normalized, it is applied directly to the motor.  
 
 
 
 

 
Figure 12:  Detail of the three different joint types for the robot legs 

The weights of the nets are evolved using the ESP algorithm and a fitness function that 
rewards the production of an oscillatory pattern in the motor joint. The type of pattern that 
should be obtained is not specified, only that it has to be periodic and between certain 
oscillatory limits. The following fitness function was defined for the evolution of such 
oscillations: 

Progressive Design through Staged Evolution 

 

507 

   (2) 

Basically, what this fitness function calculates is the variance of the trajectory followed by 
the joint. Thus, the evolutionary process will try to maximize it, and the value of the 
variance will be maximum when the position of the joint changes from one limit to the 
other. 
By using the previous fitness function, we obtained a single oscillation within the full range 
of the joint, that is, the joint oscillated one single time from one limit to the other. Aibo joints 
can oscillate between very large limits, but those are too large for an appropriate walking 
behavior, and we needed to limit them, by defining some oscillation limitations. In order to 
keep it simple we took those limits by observing the walking limits of the walking style that 
comes with the Aibo robot from Sony. Those limits are included in table 1. 
A new fitness function was defined to reward regular oscillations within the limits of each 
joint. In order to obtain this, it is required that the system should generate a joint movement 
around the mean value in the table, with maximal variance within the limits for each joint. 
The fitness function is then a product of two factors: 

   (3) 

where fit_var is the variance of the position of the joint during the 200 evaluation steps, as 
calculated in equation (2). fit_cross is the number of crossings that the joint performs through 
the mean position value. The addition of the second term to the fitness function ensured that 
the final oscillation obtained would not be limited to a single oscillation. However, this term 
also ended in the generation of very high frequency oscillations, which increased the second 
term of the fitness function. In order to avoid that, a limitation in the number of possible 
crossings was established to 20, what means that bigger number of oscillations were taken 
as 20. 
 
 

 
Figure 13:  Schematics of the coupling between two neural nets of a joint. The figure shows 
the coupling between the joint sensor IHU (SENEMO) and the joint motor IHU (ACNEMO) 
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Joint Max Min Mean 

J1, fore 0.3936 -0.5837 -0.0950 

J2, fore 0.3702 -0.2163 0.0769 

J3, fore 1.1732 0.1435 0.6583 

J1, rear 0.0059 -0.7848 -0.3894 

J2, rear 0.4215 -0.2163 0.1026 

J3, rear 1.6599 0.9907 1.3253 

Table 1:  Limits taken for Aibo joints oscillations. It includes a calculated mean value of the 
range of each joint. This mean value establishes the central position of the joint around 
which the joint will have to oscillate. Values are in radians 

On addition, each fitness factor was limited by a function that linearly varies between 0.01 
and 1.0 when its corresponding variable fluctuates between a good and a bad boundary (see 
table 1). This means that normalization was applied to each factor in order to have a fitness 
value between 0.01 and 1 for bad or good results. This transformation allowed a clear vision 
of the evolutionary state at any time. 
For the results, ten runs were carried out for each type of joint starting with different initial 
random populations. Each run was composed of 200 simulation steps of 96 ms. After 13 
generations all runs converged to networks capable of maintaining oscillations within the 
range specified. 
 
 
 

 
Figure 14:  Sequence of the oscillatory movement obtained in simulation for the J1 joint type. 
The robot is lying on his side to allow the movement of the joint freely. The evolution of the 
other joint types was performed with the same setup 
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Second stage: generation of two coupled oscillators 
In the previous stage, three different and independent controllers were obtained, each one for 
the control of one type of joint of the robot. The aim of the second stage is to obtain a controller 
for two joints of the same type, which makes them oscillate with a given phase relationship.  
For this case, if we apply the architecture, this means to have a controller composed of four 
neural networks (for each type of joint): two for controlling the two motors and two for 
controlling the two sensors. Since we evolved in the previous stage the controller for one 
joint and its sensors, in this case it will only be required to evolved the neural modules for 
the newly added motor and sensor, as well as the connections between those newly added 
modules and the already existing for the previous joint. However, a quicker and simpler 
solution exists, and it consists of performing a duplication of the modules created in the 
previous stage for the new joint. This means that the oscillator that controls one type of joint 
of the previous stage, is going to be copied to control the joint of the same type that is in the 
opposite side to the original one.  
Then connections between both modules are established in order to apply the architecture 
definition. Since the interior of the copied networks were already evolved in stage one, only 
the connections between modules are going to be evolved in this stage (see figure 15). It is 
important to note that at this stage, the three types of oscillators are still completely 
independent yet from each type and evolved in different processes. So each evolutionary 
process has to cope with a reduced search space only related to its associated joint type. Also 
note, that it could also be possible to formally apply the tactical modular method not 
copying the modules and evolving completely the new joint controllers, but in this case we 
could take advantage of this situation to reduce the search and the evolutionary time. 

 
Figure 15:  Connections between four IHUs corresponding to two joints of the same type 
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Therefore, for each type of joint, the controller obtained in the previous stage is copied from 
the left leg joint to the right leg joint, obtaining by hence two isolated oscillators like the one 
of figure 13, each one controlling their associated joint. However, the controller to be created 
requires that all the joints oscillate with a determined phase relationship. This phase 
relationship is determined by the type of gait that one wants to implement. The coordination 
between joints is achieved by creating the connections between both modules and evolving 
them. Figure 15 shows the final controller for the control of two joints in counter phase. 
Weights in red are the ones to be evolved. 

Leg Walk Trot Bound 

Leg-Fore 0º 0º 0º 

Right-Fore 180º 180º 0º 

Left-Rear 270º 180º 180º 

Right-Rear 90º 0º 180º 

Table 2:  Phase relationship for three common quadrupedal gaits (Collins & Richmon, 1994) 

Then, connections are made between the two groups of nets. This implies that each neural 
net will have to add two more inputs coming from the outputs of the other two neural nets 
duplicated. Once in the evolutionary process, only the new connections between IHUs will 
be evolved: neither the internal connections of the neurons nor the time constant and bias 
obtained from the previous stage will be evolved. Since the oscillation has already been 
obtained in the previous stage, it will not have to be evolved in this stage, although the 
phase relationship between the two oscillators will be required.  
In this case, we are interested in the implementation of a walking gait, which implies a 
phase relation of 180º between those two legs (in all types of joints). The fitness function will 
be that which punctuates the phase difference between the legs close to 180º, and rewards a 
continuous oscillatory movement of both legs. The fitness function is composed of three 
parts: two parts are the fitness function of the first stage for each leg; the third part is the 
fitness factor that measures the variance between the movements of both legs, and tries to 
maximize it. 

   (4) 

where fit_var is the variance of the difference of positions between both legs during the 400 
evaluation steps, and fit_cross1 and fit_cross2 are the number of crossings that each joint 
performed through their mean position value. Similar to the fitness function for the first 
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stage, these factors vary between 0.01 and 1.0 when their corresponding variable fluctuates 
between a good and a bad boundary. 
For the results: ten runs were carried out for each type of joint to evolve the connections 
between CPGs. Each run was composed of 400 simulation steps of 96 ms. After 14 
generations, 90% of the networks were capable of a counter-phase oscillatory pattern. 

 
Figure 16.  Sequence of the oscillation obtained in simulation for the J1 joint type. The robot 
is sit on its butt to allow a free movement of the joint. The evolution of the other joint types 
was performed with the same setup and similar behaviors were observed 
Third stage: coupling the oscillation of four joints of the same type 
In this stage, the same procedure as in stage two was implemented. Now the control for the 
rear two joints of the same type is added to the controller. This means that four new neural 
modules will be added to the modular controller, two for the control of the two rear joints 
and two for the two rear sensors. However, since for a walking gait the two front joints have 
the same phase relationship as the two rear joints have, it is possible to clone the controller 
obtained for the front joints to the rear joints, and then evolve the connections between 
them. Since four new modules are added for the control of the two rear joints, it is necessary 
to evolve 4 connections per network, with a total number of 8 IHUs per joint type. 
The evolution of the new connections is performed using a fitness function which rewards 
controllers that achieve an oscillation of all the legs with a given phase relationship, as 
specified in table 2. For a typical walking gait the relation from left to right and from front to 
rear is 0º,180º,270º,90º.  
Hence, making use of that algorithm, the fitness function designed to obtain coordination 
was composed of three parts: a part for each leg that expresses the oscillation requirement; a 
part that expresses the maximal variance requirement between the fore legs; and a final part 
that expresses the maximal variance requirement between fore-rear differences. 
This is specified in the following fitness function: 

   (5) 

where fit_cross is the product of the number of crossings for each joint performed through 
their mean position value, fit_oscil is the variance of the left fore joint which indicates how 
well that joint oscillates (if this joint oscillates, the others must follow), and fit_phases is the 
part of the fitness that indicates the phase relationship between all the joints. Similar to the 
fitness function for the previous stage, these factors vary between 0.01 and 1.0 when their 
corresponding variable oscillates between a good and a bad boundary. 
For the results: the evolutionary process was carried out ten times. Each time, it was 
composed of 400 simulation steps of 96 ms each. After 26 generations, 92% of the networks 
were capable of the typical oscillatory walking pattern 0º, 180º, 90º, 270º (for the legs 
sequence fore_left, fore_right, rear_left, rear_right). 
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Leg Walk Trot Bound 
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   (4) 
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stage, these factors vary between 0.01 and 1.0 when their corresponding variable fluctuates 
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Figure 16.  Sequence of the oscillation obtained in simulation for the J1 joint type. The robot 
is sit on its butt to allow a free movement of the joint. The evolution of the other joint types 
was performed with the same setup and similar behaviors were observed 
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Figure 17:  Sequence of the oscillation obtained in simulation for the J1 joint type. The robot 
is lying on its back to allow a free movement of the joint. The evolution of the other joint 
types was performed with the same setup and similar behaviors were observed 
Fourth stage: coupling between types of joints 
The last stage is the coupling between the three groups of neural controllers obtained. From 
the previous stage three different oscillating modular controllers were obtained, one per 
joint type, with four joints of the same type oscillating together with a walking phase 
relationship. It is now required to interconnect the three layers in order to obtain a 
coordination between the different joint types, that enables the robot to walk, and completes 
the architecture as a whole. The next step will be the evolution of the connections between 
the three groups of controllers. In terms of walking, connection between groups should 
produce coordination between the different types of joints that have been evolved 
separately. 
The connection between the three groups of controllers implies that 16 new inputs will be 
added to each IHU neural module. Those inputs represent the connection to the other 16 
modules of the other two groups. Only those connections between groups are evolved to 
generate the required coordination between the groups for the generation of a stable 
walking. 
On a first approach, we tried to evolve the coordination between groups with a simple 
fitness function composed of the distance walked by the robot. However, the walking 
behavior obtained by that approach, even if correct, was very sudden and induced 
instabilities that made sometimes the robot fall. Analyzing the behavior obtained, we 
observed that the coordination between groups was correctly achieved but some of the 
joints had loose their oscillation pattern.  
Because of that, a new fitness function was proposed were the oscillation of the joints was 
still imposed, together with the distance walked. If the robot does not fall over, the fitness 
function is composed of two multiplying factors: the distance d walked by the robot in a 
straight line and the phase relationship between the different joints. In the event of the robot 
falling over, the fitness is zero. 
 

  (6) 

For the results: a walking behavior was obtained after 37 generations for around 87% of the 
populations. A walking sequence obtained is shown in figure 18. 
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Figure 18:  Top: Real Aibo walking sequence. Bottom: Simulated Aibo walking sequence 

Once this walking behavior was obtained in the simulator, the resulting ANN based 
controller was then transferred to the real robot using the Webots simulator cross-
compilation feature. The result was an Aibo robot that walks in the same manner as the 
simulated robot with some minor differences. A walking sequence obtained is shown in 
figure 18.  

5. Discussion 
The progressive design method allows for the evolution of complex controllers in complex 
robots. However, the process is not performed in a complete automatic way as the 
evolutionary robotics approach aims to have. Instead, a gradual shaping of the controller is 
performed, where there is a human trainer who directs the learning process, by presenting 
increasingly complex learning tasks, and deciding the best combination of modules over 
time, until the final complex goal is reached. This process of human shaping seems 
unavoidable to us if a complex robot body, sensors/actuators, environment and task are 
imposed before hand. This point has also been suggested by other researchers (Urzelai et al. 
1998; Muthuraman et al., 2003). But, different to other approaches, progressive design, by 
implementing modularity at the level of devices and also at the level of learning, allows for 
a better flexibility in terms of shaping of complex robots. The main reason is that, due to the 
modularization at the level of device, the designer can select at any evolutionary stage 
which small group of sensors and actuators will participate, under which task, and only 
evolve those modules. This would not be possible on a complex robot if modularization at 
the level of behavior is used. 
Progressive design can be seen as an implementation of the incremental evolution technique 
but with a better control of who is learning what, at each stage of the evolutionary process. 
If incremental evolution were used on a controller with several inputs and outputs which 
controls every aspect of the robot, it would be possible to produce genetic linkage by which, 
learning some behaviors on early stages would prevent learning other behaviors in 
following steps, because the controller is so biased that it cannot recover from. This effect 
may be specially important in complex robots where several motors have to be coordinated. 
The learning of one coordination task may prevent the learning of another different one. 
Instead, the use of progressive design allows for the evolution of only those parts required 
for the task that they are required. This allows a more flexible design.  
In the case of the Khepera robot, when the results obtained in the evolution of the eleven 
modules in one single stage process are compared with the results obtained by three stages, 
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modules in one single stage process are compared with the results obtained by three stages, 
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we observe that the progressive design of the controllers obtained a slightly better mean 
fitness value than the mean fitness obtained in the single stage case. Furthermore, the 
multiple staged approach generated a valid solution 100% of the time, meanwhile the one 
stage process did 90% of it. Then, progressive design showed to be more stable finding good 
controllers than the single stage process. The reason is that progressive design does the 
evolution at small steps in reduced searching spaces, and builds new solutions in new stages 
starting from an already stable solution provided by the previous stage.  
But this fact has a good side and a bad side: the good side is what has been said about 
building more stable solutions because one stage starts evolving from the last stage stable 
solution. The bad side of this approach is that only a good enough solution can be provided. 
Due to the fact that previously evolved modules are freeze from evolving in the new stages, 
new stages have to carry the solutions found in previous ones. Therefore, it will be very 
difficult for progressive design to find the best possible controller. Only a good enough 
controller can be obtained, if a correct evolutionary shape strategy is implemented. 
It is not clear wether the progressive design method will be useful in more complex robots 
with hundreds of modules. Even that progressive design allows the evolution of just a few 
modules at one stage, in the case of hundreds of modules, the last modules to be evolved 
will have hundreds of connections to evolve during that stage, what makes the search space 
large again. It will have to be analyzed in future work if the solution found until that 
moment will be able to direct the new stage towards a point of the fitness landscape where a 
solution is near. In both the Khepera and the Aibo experiments, it was observed that the 
solutions for one stage rapidly evolved from the solutions found in previous stage, 
manifesting this good landscape starting point effect. This makes us think that the method 
will be valid for more complex agents, if a progressive enough strategy is performed. 
Drawback of the method: it is necessary the use of a simulator, to evolve at least, the first 
stages until a more or less stable controller is obtained. 

6. Conclusion and future work 
In this paper we have described the progressive design method for the generation of 
controllers for complex robots. In the progressive design method, modularity is created at 
the level of the robot device by creating an independent neural module around each of the 
sensors and actuators of the robot. This small conceptual modification from functional 
modularization is the responsible of the reduction of the dimension of the search space and 
of the bootstrap problem, by allowing a separate evolution of each device (or group of them) 
by stages. 
This special type of staged evolution, evolves the neural controller by stages using 
evaluation-tasks, which are conditioned to the devices to be evolved. It must be stressed that 
determining the evaluation-tasks and the set of modules to evolve on each stage is the 
designer’s job, and no general formula is provided. In general, the designer’s knowledge of 
the problem will play a relevant role on it, introducing by hence a bias in the evolutionary 
process, which we think is unavoidable when working with complex robots. As a  
drawback, the introduction of knowledge reduces the likelihood of finding an original 
solution by the evolutionary process may find. 
The architecture has been successfully used in several sensory-motor coordinations and 
compared in performance with other but further experiments show how the architecture 
would enable its use in more deliberative tasks. In (Téllez & Angulo, 2007), the ability of the 
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architecture to express its current status is described. The architecture may be used in the 
future for the complete control of a robot, where the current status is sensed by a superior 
layer and used to deliberate and modify the robot behavior. 
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1. Introduction  
Social insects are simple organisms capable (separately) of very limited activities with a 
view to intelligent behaviour. Each of them performs a local task unaware both of the 
behaviour of the others and of the implementation of the global task. However in groups, 
they possess some degree of intelligence, that allows them to perform extremely complex 
tasks. These achievements of social insects are due to the phenomenon of stigmergy - a 
powerful way to coordinate activity over both time and space. The concept of stigmergy has 
been introduced by the French entomologist Pierre-Paul Grassé in the 1950s during his 
studies of nest-building behaviour of termites (Grassé, 1959). Stigmergy is derived from the 
roots "stigma" (goad) and "ergon" (work), thus giving the sense of "incitement to work by 
the products of work" (Beckers et al., 1994).  
Termite nest construction practices are an example of stigmergy. When termites start to 
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1. Introduction  
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powerful way to coordinate activity over both time and space. The concept of stigmergy has 
been introduced by the French entomologist Pierre-Paul Grassé in the 1950s during his 
studies of nest-building behaviour of termites (Grassé, 1959). Stigmergy is derived from the 
roots "stigma" (goad) and "ergon" (work), thus giving the sense of "incitement to work by 
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build a nest, they impregnate little mud balls with pheromone and place them on the base of 
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placing a mud ball in a given location increases with the presence of other mud balls, i.e. 
with the sensed concentration of pheromone (positive feedback). As construction proceeds, 
little columns are formed and the pheromone near the bottom evaporates (negative 
feedback). The pheromone drifting from tops of columns, located near each other, causes the 
upper parts of the columns to be built with a bias towards the neighboring columns and to 
join with them into arches (typical building forms).  
Corpse-gathering behaviour in ant colonies is another example of a functional and easy 
coordination through stigmergy. In this case the stigmergic communication is not realized 
through pheromones but through the corpses themselves. The insects put the corpses of 
dead nestmates together in a cemetery which is far from the nest. The ants pick ant corpses 
up, carry them about for a while, and drop them. It seems that ants prefer to pick up corpses 
from a place with small density of corpses and drop them to a place with higher density. In 
the beginning there exist a lot of single or small clusters of corpses, but as the time goes on 
the number of clusters decreases and their size grows up. At the end the process  results in 
the formation of one (or two) large clusters. As it is evident from the two described 
examples, the ants do not control the overall performance, but rather the environment 
"puppeteer", the structure that eventually emerges, guides the process.    
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Stigmergy is an indirect means of communication between multiple agents, involving 
modifications made to the environment. The agents are programmed so that they obey a 
simple set of rules and recognize local information to perform a small task. The agent 
carrying out its task, makes changes in the environment, which stimulates another (or the 
same) agent to continue working on the task. The environment itself acts as a shared 
external memory in the context of the system as a whole. The mechanism of stigmergy, 
combined with environmental physics, provides the basic elements of self-organization. Self-
organization is a set of dynamical mechanisms whereby structures appear at the global level 
of a system as a result from interactions among its lower-level components (Bonabeau et al., 
1997). However, the relationship between local and global types of behaviour is not easy to 
understand and small changes at a local level might result in drastic and sometimes 
unpredictable changes at the global level. Four basic ingredients and three characteristic 
features (signatures) of self-organization have been identified. The ingredients are: positive 
feedback, negative feedback, amplification of fluctuations and presence of multiple interactions; the 
signatures are: creation of spatiotemporal structures in an initially homogeneous medium, 
possible attainability of different stable states, and existence of parametrically determined 
bifurcations (Bonabeau et al., 1997; Holland & Melhuish, 1999). 
Stigmergic concepts have been successfully applied to a variety of engineering fields such as 
combinatorial optimization (Dorigo et al., 1999; Dorigo et al., 2000), routing in 
communication networks (Di Caro & Dorigo, 1998), robotics, etc.  In robotics, by means of 
simulated robot teams Deneubourg et al. (1990) have studied the performance of a 
distributed sorting algorithm (modelling brooding in ant colonies) based on stigmergic 
principles. Beckers et al. (1994) have extended Deneubourg’s work, using physical robots 
that collect circular pucks into a single cluster, starting from a homogeneous initial 
environment. The robots have been equipped with two infra-red (IR) sensors, a gripper for 
pushing objects around, and a switching mechanism, which can sense the local 
concentration of objects only as below or above a fixed threshold. They have obeyed very 
simple behavioural rules and have required no capacity for spatial orientation and memory. 
Holland & Melhuish (1999) have proposed a very similar approach that examines the 
operation of stigmergy and self-organization in a homogeneous group of physical robots, in 
the context of the task of clustering and sorting objects (Frisbees) of two different types.   
Stigmergy fits excellently into the behaviour-based robot control architecture, which is 
robust and flexible against the continually changing world. The real-world physics of the 
environment may be a critical factor for a system level behaviour to emerge. Simulation can 
provide a picture of possibilities for emergent behaviour. But the use of simulation means 
that the system is not "grounded" and is unable to exploit the real world physics of the 
environment. It is for this reason that some authors (Beckers et al., 1994; Holland & 
Melhuish, 1999) have chosen to implement stigmergic mechanisms directly to behaviour-
based robots rather than to undertake any preliminary simulation studies. However, the 
evolutionary simulation is perhaps the best methodology for the moment for investigating 
stigmergic phenomena in general, as the real experiments are expensive, time consuming 
and destructive.    
Experiments, similar to those, reported by Beckers et al. (1994), have been repeated in a 
simulated environment with one robot working alone and two robots working 
simultaneously in Ref. (Tsankova & Georgieva, 2004). Stigmergy based foraging robots need 
random movements in order to ensure exploration of all the places of the arena within a 

Emotional Intervention on Stigmergy Based Foraging Behaviour 
of Immune Network Driven Mobile Robots 

 

519 

reasonable period of time (Beckers et al., 1994). The problem to solve here is to find a way of 
speeding up the foraging process, because random movements make the process of 
formation of the final pile time consuming. Placing simulated detectors for object 
concentration in order to enhance the perceptive capabilities of the robots is a way of 
avoiding the loss of time due to wondering in an area without objects, as suggested in the 
literature (Tsankova et al., 2005; Tsankova et al., 2007). The detectors determine the 
directions with the maximum and minimum (non-zero) concentrations of pucks (with 
respect to the robot). The final foraging time has been improved in Ref. (Tsankova et al., 
2007) by using two artificial immune networks: one for the navigation control of foraging 
robots and the other for the object picking up/dropping behaviour. However, the way to be 
realized the proper detector for object concentration and the accelerating the foraging 
process - these are still open questons.  
For speeding up the foraging process one more time, emotional intervention on the immune 
navigation control and the object picking up/dropping behaviour is proposed in this 
research work. It is implemented as a frustration signal coming from an artificial amygdala 
(a rough metaphor of the natural amygdala, which is situated deep in the brain centre and is 
responsible for emotions). In a number of studies it has been shown that the psychological 
factors in general and the emotional factors in particular can be correlated to certain changes 
in the immunological functions and defense mechanisms (Lazarus & Folkman, 1984; Azar, 
2001), i.e. the immune system can be influenced by emotions. This provides a reason for the 
design of a mixed structure consisting of an innate action selection mechanism, represented 
by an immune network, and an artificial amygdala as a superstructure over it (Tsankova, 
2001; Tsankova, 2007). Another emotional intervention, implemented as an advisor, is 
applied to the picking up/dropping behaviour mechanism. Depending on the level of 
frustration the advisor forces the robot, carrying an object, to retain or to drop the object 
when the robot encounters small or large clusters, respectively. That enhances the positive 
feedback from the stimulus and speeds up the formation of the final pile. 
To illustrate the advantages of the proposed emotional intervention in stigmergy-based 
foraging behaviour, five control algorithms are simulated in MATLAB environment. They 
use (respectively): (1) random walks; (2) purposeful movements based on enhanced 
perception of object concentration; (3) immune network based navigation; (4) emotionally 
influenced immune network based navigation; and (5) emotional intervention on an 
immune navigator and on the robot’s picking up/dropping behaviour. The comparative 
analysis of these methods confirms the better performance of the last two of them in the 
sense of improving the speed of the foraging process.  

2. The Task and the Robots  
The basic effort in this work is directed toward developing a system of two simulated robots 
for gathering a scattered set of objects (pucks) into a single cluster (like the corpse-gathering 
behaviour of ants) and also toward speeding up the foraging process in comparison with the 
results of similar experiments, reported in the literature. To achieve this task by stigmergy, a 
simulated robot is designed to move objects that are more likely to be left in locations where 
other objects have previously been left. The robot is equipped with a simple threshold 
mechanism - a gripper, able to pick up one puck. An additional detector for puck 
concentration is used to determine the directions (with respect to the robot) with maximum 
and minimum (non-zero) concentrations of pucks (Tsankova et al., 2005). This information is 
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needed to prevent the random walks and to speed up the clustering process. The robots 
have to pick up pucks from places with small concentration and drop them at places with 
high concentration of pucks. Five methods of stigmergy based controls are discussed. The 
first method relies on random walks and codes the stigmergic principles in simple rules 
with fixed priorities (Beckers et al., 1994; Tsankova & Georgieva, 2004). The other four 
methods are characterized with enhanced sensing of puck concentration and include 
(respectively): (1) simple rules with fixed priorities (Tsankova et al., 2005), (2) an immune 
network for navigation control (Tsankova et al., 2005; Tsankova et al., 2007), (3) emotionally 
influenced immune network based navigation, and (4) emotional intervention on an 
immune navigator and on the picking up/dropping behaviour mechanism. The aim is to 
evaluate the performance of the robots equipped with the above mechanisms and controls 
in simulations. Before starting each run, 49 pucks are placed in the form of a regular grid in 
the arena, as shown in Fig.12a. At the beginning of each of the experiments, the robots start 
from a random initial position and orientation. Every minute of runtime, the robots are 
stopped, the sizes and positions of clusters of pucks are recorded, and the robots are 
restarted. The experiment continues until all 49 pucks are in a single cluster. A cluster is 
defined as a group of pucks separated by no more than one puck diameter (Beckers et al., 
1994).  
The geometry of robots is shown in Fig.1a, where the radii of the robot and the puck are 

m036.0=R  and m015.0puck =R , respectively. Each robot carries a U-shaped gripper with 
which it can take pucks. The robots are run in a square area m5.1m5.1 × . The robots are 
equipped with simulated obstacle detectors (five infra-red sensors) and a simulated 
microswitch, which is activated by the gripper when a puck is picked up. Obstacle detectors 
are installed in five directions, as shown in Fig.1b. They can detect the existence of obstacles 
in their directions (sectors 5,...,2,1, =iSi ), and the detecting range of sensors is assumed to 
be equal to the diameter of the robot. The detectors for puck concentration are located at the 
same position as the obstacle detectors (Fig.1b). The simulated detector for concentration of 
pucks can enumerate the pucks (but does not discriminate clusters), which are disposed in 
the corresponding sector iS  with a range, covering the entire arena. The readings of the 
detectors for puck concentration are denoted by 5,...,2,1, =iCi . They are normalized as   

 ∑
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puck
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puck
ii NNC ,    5,...,2,1=i , (1) 

where puck
iN  is the number of pucks, located in the sector iS .  

For the sake of simplicity of simulation the following assumptions in the design of the 
gripper, the microswitch and the pucks are used (Tsankova & Georgieva, 2004):  
• A puck will be scooped only when it fits neatly inside the semicircular part of the 

gripper. 
• If part of a puck is outside of the gripper, the puck will not be scooped, it will not be 

pushed aside, and the robot will pass across it.  
• When the microswitch is activated, the puck may be dropped  either on an empty area 

or on other pucks.  
• The pile may grow in height. 
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Figure 1. Autonomous mobile robot used in simulations 

3. The Algorithms 
The five algoritms, mentioned above, are described in more details in this section. The last 
two of them are the proposed innovations, including an improvement of the robot's 
navigation and puck picking up/dropping behaviour by introducing an artificial emotional 
mechanism. The first three algorithms have already been proposed in the literature, and the 
experiments based on them (implemented in this work) serve as a basis for comparison with 
the outcomes of the proposed innovations.    
I. Stigmergy with random walks 
The following rule set is inspired by Ref. (Beckers et al., 1994) and describes the basic 
behaviours of robots (Tsankova & Georgieva, 2004):  
(1) If  (there is not a puck in the gripper) & (there is a puck ahead) then take one puck in 

the gripper.   
(2) If (there is one puck in the gripper) & (there is a puck ahead) then drop a puck, go 

backward for a while ( backwardt ) and turn at a random angle.   

(3) If  there are no pucks ahead  then go forward. 
(4) If  there is an obstacle (wall or another robot) ahead  then avoid the obstacle (turn at a 

random angle and go forward). 
Moving in a straight line is the robot's default behaviour, which is executed when no sensor 
is activated. This behaviour continues until an obstacle is detected or the microswitch is 
activated (pucks are not detected as obstacles). When the robot detects an obstacle it 
executes the obstacle avoidance behaviour. On the spot it turns away from the obstacle at a 
random angle until detectors no longer find out the obstacle, and then goes forward 
(Beckers et al., 1994). If the robot carries a puck when it encounters the obstacle, the gripper 
will retain the puck during the turn. The execution of the obstacle avoidance behaviour 
suppresses the puck dropping one. The threshold of the gripper allows it to take only one 
puck; more pucks force the microswitch to trigger the puck dropping behaviour. The robot 
releases the puck from the gripper, goes backwards for a while, and then turns at a random 
angle, after which returns to its default behaviour and moves forward in a straight line.  
II. Stigmergy with enhanced sensing of object concentration 
The following set of rules describes the robot’s behaviours, when the puck concentration is 
taken into account (Tsankova et al., 2005): 
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Figure 1. Autonomous mobile robot used in simulations 
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the gripper.   
(2) If (there is one puck in the gripper) & (there is a puck ahead) then drop a puck, go 

backward for a while ( backwardt ) and turn at a random angle.   

(3) If  there are no pucks ahead  then go forward. 
(4) If  there is an obstacle (wall or another robot) ahead  then avoid the obstacle (turn at a 

random angle and go forward). 
Moving in a straight line is the robot's default behaviour, which is executed when no sensor 
is activated. This behaviour continues until an obstacle is detected or the microswitch is 
activated (pucks are not detected as obstacles). When the robot detects an obstacle it 
executes the obstacle avoidance behaviour. On the spot it turns away from the obstacle at a 
random angle until detectors no longer find out the obstacle, and then goes forward 
(Beckers et al., 1994). If the robot carries a puck when it encounters the obstacle, the gripper 
will retain the puck during the turn. The execution of the obstacle avoidance behaviour 
suppresses the puck dropping one. The threshold of the gripper allows it to take only one 
puck; more pucks force the microswitch to trigger the puck dropping behaviour. The robot 
releases the puck from the gripper, goes backwards for a while, and then turns at a random 
angle, after which returns to its default behaviour and moves forward in a straight line.  
II. Stigmergy with enhanced sensing of object concentration 
The following set of rules describes the robot’s behaviours, when the puck concentration is 
taken into account (Tsankova et al., 2005): 
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(1) If  (there is not a puck in the gripper) & (there is a puck ahead) then take one puck in 
the gripper.     

(2) If  (there is one puck in the gripper) & (there is a puck ahead) then drop a puck and go 
backward for a while ( backwardt ).  

(3) If (there is not a puck in the gripper) & (there are no pucks ahead) then follow the 
direction, corresponding to the minimum (non-zero) reading of the detectors for puck 
concentration. 

(4) If (there is one puck in the gripper) & (there are no pucks ahead) then follow the 
direction, corresponding to the maximum reading of the detectors for concentration of 
pucks. 

(5) If  there is an obstacle (wall or another robot) ahead then avoid the obstacle (turn on the 
obstacle avoidance behaviour). 

When no obstacle detector is activated, the robot executes a goal following behaviour with 
an artificial goal G  (Fig.1b) corresponding to the place with the maximum or minimum 
concentration of pucks, depending on the presence or absence of a puck in the gripper, 
respectively. The puck concentration detectors determine the direction of the artificial goal. 
If all pucks are disposed behind the robot, the low-level control makes the robot turn until a 
puck concentration detector becomes active. The goal following behaviour continues until 
an obstacle is detected or the microswitch is activated. The obstacle avoidance and the puck 
dropping behaviour are the same as the behaviours described in the previous algorithm 
(Algorithm I). 
III. Stigmergy with an immune navigation control 
The immune networks for this and for the next control algorithms use enhanced sensing of 
object concentration. In conformity with the immune navigation control, the set of rules of 
Algorithm II (from rule (1) to rule (5)) is modified so that the first two rules remain unchanged, 
and the other three are substituted by the following rule (3a) (Tsankova et al., 2005; 
Tsankova et al., 2007): 
(3a) If  (there are no pucks ahead) OR (there is an obstacle ahead) then turn on the collision 

free goal following behaviour, realized by an artificial immune network.  
If there is one puck in the gripper, the direction of the goal G  is the direction corresponding 
to the sector with the maximum number of pucks, and if there is no puck in the gripper – the 
direction with the minimum puck concentration. The immune network implements a 
collision-free goal following behaviour.   
IV. Stigmergy with an emotionally influenced immune navigation control 
An artificial emotion mechanism (EM1 in Fig.6) is proposed as a superstructure over the 
immune network based navigator. It may influence the decision-making mechanism of the 
immune network, modulating the dynamics of antibody selection that is described in detail 
in Sections 5 and 6. The control algorithm is the same as Algorithm III, but the rule (3a) is 
replaced by the following rule (3b):  
(3b) If  (there are no pucks ahead) OR (there is an obstacle ahead) then turn on the collision 

free goal following behaviour, realized by an emotionally influenced immune network.  
It is expected that the emotional intervention will improve the robot's collision-free goal 
following behaviour, and therefore it will speed up the foraging process.   
V. Stigmergy with two artificial emotion mechanisms 
The first of the two artificial emotion mechanisms (EM1) serves for the emotional 
intervention on the immune navigator as it was described in Algorithm IV. The innovation 
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here is the second artificial emotion mechanism (EM2) used as an advisor of the puck 
picking up/dropping mechanism by the regulation output 1;0prohibit

droppingpuck =γ  (Fig.7). The 

following set of rules describes the robot’s behaviours, when the two emotion mechanisms 
are taken into account: 
(1) If  (there is not a puck in the gripper) & (there is a puck ahead) then take one puck in 

the gripper.     
(2a) If  (there is one puck in the gripper) & (there is a puck ahead) & ( 0prohibit

droppingpuck =γ ) then 

drop a puck and go backward for a while ( backwardt ).  

(2b) If  (there is one puck in the gripper) & (there is a puck ahead) & ( 1prohibit
droppingpuck =γ ) then 

retain the puck and turn on the collision free goal following behaviour, realized by an 
emotionally influenced immune network.  

(3) If  (there are no pucks ahead) OR (there is an obstacle ahead) then turn on the collision 
free goal following behaviour, realized by an emotionally influenced immune network.   

The emotional advisor of the puck picking up/dropping mechanism in fact influences on 
the puck dropping behaviour only, as the robot releases the puck under a large frustration 
level (regulation output of EM2 is 0prohibit

droppingpuck =γ ), and retains the puck when the 

frustration is small ( 1prohibit
droppingpuck =γ ) (Fig.7). The first case corresponds to large puck 

density, detected by the sensors, and the second – to small density. Due to the dynamics of 
the amygdala's model (5), the frustration's threshold is different, depending on the direction 
of robot's movement – towards a larger cluster or in the opposite direction. It is expected 
that this will enhance the positive feedback from the stimulus (the maximum cluster of 
objects) and will improve the foraging process in the vicinity of large clusters. 

4. Immune Networks  
4.1 Biological and artificial immune networks 
The human body maintains a large number of immune cells – lymphocytes, mainly T-cells 
and B-cells. When an antigen (a foreign body) invades the human body, only a few of these 
immune cells can recognize the invader. The idiotypic network hypothesis, proposed by Jerne 
(1974), is based on the concept that lymphocytes are not isolated, but communicate with 
each other through interaction among antibodies. B-lymphocytes have specific chemical 
structure and produce “Y” shaped antibodies. The antibody recognizes an antigen like a key 
and lock relationship. The structure of the antigen and the antibody is shown in Fig.2, where 
the part of the antigen recognized by the antibody is called epitope, and the part of the 
antibody that recognizes the corresponding antigen determinant is called paratope. The 
antigenic characteristic of the antibody is called idiotope. Antibodies stimulate and suppress 
each other by the idiotope-paratope connections and thus form a large-scaled network. 
The idiotypic network theory is usually modelled with differential equations simulating the 
dynamics of lymphocytes. Farmer et al. (1986) have first suggested an abstracted 
mathematical model of Jerne’s immune network theory. In robotics Ishiguro et al. (1995b) and 
Watanabe et al. (1999) have developed a dynamic decentralized behaviour arbitration 
mechanism based on immune networks. In their approach "intelligence" is expected to 
emerge from interactions among agents (competence modules) and between a robot and its 
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(1) If  (there is not a puck in the gripper) & (there is a puck ahead) then take one puck in 
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(4) If (there is one puck in the gripper) & (there are no pucks ahead) then follow the 
direction, corresponding to the maximum reading of the detectors for concentration of 
pucks. 

(5) If  there is an obstacle (wall or another robot) ahead then avoid the obstacle (turn on the 
obstacle avoidance behaviour). 

When no obstacle detector is activated, the robot executes a goal following behaviour with 
an artificial goal G  (Fig.1b) corresponding to the place with the maximum or minimum 
concentration of pucks, depending on the presence or absence of a puck in the gripper, 
respectively. The puck concentration detectors determine the direction of the artificial goal. 
If all pucks are disposed behind the robot, the low-level control makes the robot turn until a 
puck concentration detector becomes active. The goal following behaviour continues until 
an obstacle is detected or the microswitch is activated. The obstacle avoidance and the puck 
dropping behaviour are the same as the behaviours described in the previous algorithm 
(Algorithm I). 
III. Stigmergy with an immune navigation control 
The immune networks for this and for the next control algorithms use enhanced sensing of 
object concentration. In conformity with the immune navigation control, the set of rules of 
Algorithm II (from rule (1) to rule (5)) is modified so that the first two rules remain unchanged, 
and the other three are substituted by the following rule (3a) (Tsankova et al., 2005; 
Tsankova et al., 2007): 
(3a) If  (there are no pucks ahead) OR (there is an obstacle ahead) then turn on the collision 

free goal following behaviour, realized by an artificial immune network.  
If there is one puck in the gripper, the direction of the goal G  is the direction corresponding 
to the sector with the maximum number of pucks, and if there is no puck in the gripper – the 
direction with the minimum puck concentration. The immune network implements a 
collision-free goal following behaviour.   
IV. Stigmergy with an emotionally influenced immune navigation control 
An artificial emotion mechanism (EM1 in Fig.6) is proposed as a superstructure over the 
immune network based navigator. It may influence the decision-making mechanism of the 
immune network, modulating the dynamics of antibody selection that is described in detail 
in Sections 5 and 6. The control algorithm is the same as Algorithm III, but the rule (3a) is 
replaced by the following rule (3b):  
(3b) If  (there are no pucks ahead) OR (there is an obstacle ahead) then turn on the collision 

free goal following behaviour, realized by an emotionally influenced immune network.  
It is expected that the emotional intervention will improve the robot's collision-free goal 
following behaviour, and therefore it will speed up the foraging process.   
V. Stigmergy with two artificial emotion mechanisms 
The first of the two artificial emotion mechanisms (EM1) serves for the emotional 
intervention on the immune navigator as it was described in Algorithm IV. The innovation 
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here is the second artificial emotion mechanism (EM2) used as an advisor of the puck 
picking up/dropping mechanism by the regulation output 1;0prohibit

droppingpuck =γ  (Fig.7). The 

following set of rules describes the robot’s behaviours, when the two emotion mechanisms 
are taken into account: 
(1) If  (there is not a puck in the gripper) & (there is a puck ahead) then take one puck in 

the gripper.     
(2a) If  (there is one puck in the gripper) & (there is a puck ahead) & ( 0prohibit

droppingpuck =γ ) then 

drop a puck and go backward for a while ( backwardt ).  

(2b) If  (there is one puck in the gripper) & (there is a puck ahead) & ( 1prohibit
droppingpuck =γ ) then 

retain the puck and turn on the collision free goal following behaviour, realized by an 
emotionally influenced immune network.  

(3) If  (there are no pucks ahead) OR (there is an obstacle ahead) then turn on the collision 
free goal following behaviour, realized by an emotionally influenced immune network.   

The emotional advisor of the puck picking up/dropping mechanism in fact influences on 
the puck dropping behaviour only, as the robot releases the puck under a large frustration 
level (regulation output of EM2 is 0prohibit

droppingpuck =γ ), and retains the puck when the 

frustration is small ( 1prohibit
droppingpuck =γ ) (Fig.7). The first case corresponds to large puck 

density, detected by the sensors, and the second – to small density. Due to the dynamics of 
the amygdala's model (5), the frustration's threshold is different, depending on the direction 
of robot's movement – towards a larger cluster or in the opposite direction. It is expected 
that this will enhance the positive feedback from the stimulus (the maximum cluster of 
objects) and will improve the foraging process in the vicinity of large clusters. 

4. Immune Networks  
4.1 Biological and artificial immune networks 
The human body maintains a large number of immune cells – lymphocytes, mainly T-cells 
and B-cells. When an antigen (a foreign body) invades the human body, only a few of these 
immune cells can recognize the invader. The idiotypic network hypothesis, proposed by Jerne 
(1974), is based on the concept that lymphocytes are not isolated, but communicate with 
each other through interaction among antibodies. B-lymphocytes have specific chemical 
structure and produce “Y” shaped antibodies. The antibody recognizes an antigen like a key 
and lock relationship. The structure of the antigen and the antibody is shown in Fig.2, where 
the part of the antigen recognized by the antibody is called epitope, and the part of the 
antibody that recognizes the corresponding antigen determinant is called paratope. The 
antigenic characteristic of the antibody is called idiotope. Antibodies stimulate and suppress 
each other by the idiotope-paratope connections and thus form a large-scaled network. 
The idiotypic network theory is usually modelled with differential equations simulating the 
dynamics of lymphocytes. Farmer et al. (1986) have first suggested an abstracted 
mathematical model of Jerne’s immune network theory. In robotics Ishiguro et al. (1995b) and 
Watanabe et al. (1999) have developed a dynamic decentralized behaviour arbitration 
mechanism based on immune networks. In their approach "intelligence" is expected to 
emerge from interactions among agents (competence modules) and between a robot and its 
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environment.  A collision-free goal following behaviour has been performed in Ref. 
(Ishiguro et al., 1995b), and a garbage-collecting problem taking into account self-sufficiency 
– in Ref. (Watanabe et al., 1999). More detailеd surveys of artificial immune systems and 
their applications can be found in Refs. (Dasgupta & Attoh-Okine, 1997; Garrett, 2005). The 
description of the dynamics of the antibody selection mechanism and the artificial immune 
navigator, as they have been presented in Ref. (Tsankova et al., 2007), follows below. 
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Figure 2. Structure of immune network (Ishiguro et al., 1995b) 

4.2 Dynamics of antibody selection mechanism 
Consider a goal following and obstacle avoidance navigation task. In such a situation, for 
example, the distance and direction to the detected obstacle or to the goal work as an 
antigen, the competence module (simple behaviour/action) can be considered as an 
antibody, and the interaction between modules is presented as stimulation/suppression 
between antibodies. The concentration )(tai  of the i -th antibody is calculated as (Ishiguro 
et al., 1995a; Ishiguro et al., 1995b): 

 )()(1)(1)(

1
,

1
, takmtam

N
tam

Ndt
tda

iii

N

k
kki

N

j
jij

i
⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛
−+−= ∑∑

==
, (2) 

where N  is the number of the antibodies, ijm ,  and im  denote affinities between the 
antibody j   and the antibody i , on the one hand, and the antibody i  and the detected 
antigen, respectively. The first and the second terms on the right hand side denote the 
stimulation and suppression coming from other antibodies, respectively. The third term 
represents the stimulation coming from the antigen, and the fourth term ik - the natural 
death. The affinity coefficients ijm ,  and im  are calculated by  (Ishiguro et al., 1995b): 
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where α  and β  are positive constants, ⊕  represents the exclusive-or operator, L  is the 
length of the paratope, the idiotope and the epitope, written as binary strings. )(kI j , )(kPi  
and )(kE  represent the k -th binary value in the idiotope string of the antibody j , the 
paratope string of the antibody i , and the epitope string, respectively. If the concentration 
of the antibody exceeds a priori given threshold, the antibody is selected and its 
corresponding behaviour becomes active towards the world. 

4.3 Artificial immune navigator 
In this work by "navigator" will be denoted the collision-free goal following behaviour 
control.  The obstacle detectors give binary information 1/0 about the existence or absence 
of obstacles in their range, respectively. On the basis of the readings of the puck 
concentration detectors 5,...,2,1, =iCi  a simulated goal detector can recognize the direction 
of the goal (maximum/minimum puck heaping) at any position of the obstacle detectors. In 
the case, in which there is a puck in the gripper, the simulated goal detector responds with 1 
to the direction of )(maxmax iCC =  and with 0 to the other four directions. When the robot 
does not carry a puck, it responds with 1 to the direction of )(minmin iCC =  and 0 to the 
rest. Therefore, the robot's simulated detectors discover two types of antigens (obstacle-
oriented antigens and goal-oriented ones), and each antigen has a five-bit epitope. The 
antigens inspire the same two types of antibodies. The antibody’s paratope (Fig.3) 
corresponds to the desirable condition (the precondition, which has to be fulfilled before the 
activation of the antibody), and its idiotope - to the disallowed antibodies (the antibodies 
which are impossible or undesirable when the condition of the paratope and its 
corresponding action are implemented) (Ishiguro et al., 1995b). For mobile robot navigation 
a simple immune network with 12 a priori prepared antibodies is used (Tsankova & 
Topalov, 1999; Tsankova et al., 2005) (Fig.4). The first six antibodies are stimulated by 
obstacle-oriented antigens, and the other six – by goal-oriented ones. Their actions are: move 
forward (Front), turn right (RS, RM), turn left (LS, LM), move backward (TurnBack). In Fig.4 
the goal-oriented paratopes are not presented as binary strings, as they are expressed in 
calculations, for the sake of the easier explanaion of the network. For example, 1SG∈  is 
expressed in calculations  by 00001  and denotes that the goal ( G ) appears in the sector 

1S  of the goal detector, and noneG∈ - is expressed by 00000 , which shows that the goal 
is not discovered in the five sectors of the goal sensor, i.e. it is behind the robot. The symbol 
# denotes that the condition can be taken as either 0 or 1, i.e. it can be considered not so 
important information. Therefore, in (3), when #)( =kPi  or #)( =kI j  it determines that 

25.0)()()()( =⊕=⊕ kPkEkPkI iij . The idiotope includes disallowed antibodies for a 
situation, in which the paratope condition is fulfilled. For example, the paratope of antibody 
9 shows that the goal is discovered in front of the robot in the sector 3S  and the 
corresponding action is “move forward“ (Front). This behaviour will be impossible, if there 
is an obstacle in front of the robot, i.e. if the obstacle detectors react with the string ##1## , 
which unites the paratopes of the antibodies 2, 3, 4, 5 and 6, and they are considered to be 
disallowed. The readings of the puck concentration detectors form the goal-oriented 
antigens. For example, if the maximum puck heaping has occurred in the sector 4S , i.e. 
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environment.  A collision-free goal following behaviour has been performed in Ref. 
(Ishiguro et al., 1995b), and a garbage-collecting problem taking into account self-sufficiency 
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where α  and β  are positive constants, ⊕  represents the exclusive-or operator, L  is the 
length of the paratope, the idiotope and the epitope, written as binary strings. )(kI j , )(kPi  
and )(kE  represent the k -th binary value in the idiotope string of the antibody j , the 
paratope string of the antibody i , and the epitope string, respectively. If the concentration 
of the antibody exceeds a priori given threshold, the antibody is selected and its 
corresponding behaviour becomes active towards the world. 

4.3 Artificial immune navigator 
In this work by "navigator" will be denoted the collision-free goal following behaviour 
control.  The obstacle detectors give binary information 1/0 about the existence or absence 
of obstacles in their range, respectively. On the basis of the readings of the puck 
concentration detectors 5,...,2,1, =iCi  a simulated goal detector can recognize the direction 
of the goal (maximum/minimum puck heaping) at any position of the obstacle detectors. In 
the case, in which there is a puck in the gripper, the simulated goal detector responds with 1 
to the direction of )(maxmax iCC =  and with 0 to the other four directions. When the robot 
does not carry a puck, it responds with 1 to the direction of )(minmin iCC =  and 0 to the 
rest. Therefore, the robot's simulated detectors discover two types of antigens (obstacle-
oriented antigens and goal-oriented ones), and each antigen has a five-bit epitope. The 
antigens inspire the same two types of antibodies. The antibody’s paratope (Fig.3) 
corresponds to the desirable condition (the precondition, which has to be fulfilled before the 
activation of the antibody), and its idiotope - to the disallowed antibodies (the antibodies 
which are impossible or undesirable when the condition of the paratope and its 
corresponding action are implemented) (Ishiguro et al., 1995b). For mobile robot navigation 
a simple immune network with 12 a priori prepared antibodies is used (Tsankova & 
Topalov, 1999; Tsankova et al., 2005) (Fig.4). The first six antibodies are stimulated by 
obstacle-oriented antigens, and the other six – by goal-oriented ones. Their actions are: move 
forward (Front), turn right (RS, RM), turn left (LS, LM), move backward (TurnBack). In Fig.4 
the goal-oriented paratopes are not presented as binary strings, as they are expressed in 
calculations, for the sake of the easier explanaion of the network. For example, 1SG∈  is 
expressed in calculations  by 00001  and denotes that the goal ( G ) appears in the sector 

1S  of the goal detector, and noneG∈ - is expressed by 00000 , which shows that the goal 
is not discovered in the five sectors of the goal sensor, i.e. it is behind the robot. The symbol 
# denotes that the condition can be taken as either 0 or 1, i.e. it can be considered not so 
important information. Therefore, in (3), when #)( =kPi  or #)( =kI j  it determines that 

25.0)()()()( =⊕=⊕ kPkEkPkI iij . The idiotope includes disallowed antibodies for a 
situation, in which the paratope condition is fulfilled. For example, the paratope of antibody 
9 shows that the goal is discovered in front of the robot in the sector 3S  and the 
corresponding action is “move forward“ (Front). This behaviour will be impossible, if there 
is an obstacle in front of the robot, i.e. if the obstacle detectors react with the string ##1## , 
which unites the paratopes of the antibodies 2, 3, 4, 5 and 6, and they are considered to be 
disallowed. The readings of the puck concentration detectors form the goal-oriented 
antigens. For example, if the maximum puck heaping has occurred in the sector 4S , i.e. 
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4max S∈C , and the minimum - in 1S  ( 1min S∈C ), then the epitope string will be 01000  or 
00001 , corresponding to the availability or absence of a puck in the gripper. In Fig.4 the 

stimulation connections from the idiotopes to the corresponding paratopes are shown by 
arrows.  
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Figure 3. Antibody (Ishiguro et al., 1995b) 
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Figure 4. Immune network for collision free goal following behaviour (Tsankova & Topalov, 
1999; Tsankova et al., 2005) 

For each particular situation detected by sensors, only one of all antibodies wins (in 
conformity with (2) and (3)) and its action becomes the target behaviour (direction of 
movement) for the mobile robot. In this work the weight of the two types of behaviour – 
obstacle avoidance and goal following - is expressed by additional multiplication of the 
coefficients im  of the obstacle-oriented antibodies (from 1 to 6) and the goal-oriented 
antibodies (from 7 to 12) by the weight coefficients goalk  and obstk , respectively: 
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5. Emotional Intervention on Immune Network  
The emotional intervention on an artificial immune network is inspired by the interactions 
between  immune and emotional systems in living organisms, which have been developed 
during their struggle to cope with continually changing internal and external environments 
through hundred millions of years. Today psychoneuroimmunology investigates the link 
between bi-directional communication among the nervous, endocrine, and immune systems 
and its implications for physical health. In this Section follows: an overview of the 
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definitions of emotions, models of emotions and their applications, to the purpose of 
choosing a proper computational model for influence on the artificial immune network 
designed in the previous Section. At the end, the way of integrating the selected model into 
the equations of dynamics of antibody selection is described.     

5.1 Emotions, models, and applications  
Еmotion is a key element of the adaptive behaviour, increasing the possibility of survival of 
living organisms. Science is still looking for a complete definition of emotion. All feelings 
(states) that affect the survival goal of an agent are called motivational states, such as 
hunger, thirst, pain, sometimes fear, etc. (Bolles & Fanselow, 1980). Emotions, among other 
feelings, can change the facial expressions (Descartes, 1989). According to Ekman (1992), 
there exist six basic emotions: anger, fear, sadness, joy, disgust, and surprise.  
One of the most extensively developed low-level neurological models of emotions is that of 
the amygdala (LeDoux, 1996), especially functioning as a classical fear system of the brain. 
There exist models that have developed a pure physiological simulation of emotions 
(emotions described in terms of their physiological reactions) (Picard, 1997), and others that 
deal with the interactions between emotions (or motivational states), for example, fear and 
pain (Bolles & Fanselow 1980). The event appraisal models of emotions (Ortony et al. 1988; 
Rosman et al., 1990) are higher-level psychological models developed to understand the link 
between events and emotions.  
All of the above mentioned and various other computational models of emotions have 
found application in robotics (Mochida et al., 1995; Breazeal, 2002), affective computing 
(Picard, 1997), believable ("life-like") agents (Bates, 1992) etc. In robotics Mochida et al. 
(1995) have proposed a computational model of the amygdala and have incorporated it into 
an autonomous mobile robot with an innate action selection mechanism based on 
Braitenberg’s architecture No.3c (Braitenberg, 1984). After a brief overview on emotions and 
their models, the computational version of an amygdala's model seems to be the most 
convenient for the purposes of the task treated here. A short description of this model 
follows below.  

5.2 Model of the amygdala as an artificial emotion mechanism  
The amygdala is responsible for the emotions, especially for the most fundamental among 
them - the fear. It is situated deep in the brain’s centre. When the amygdala feels a threat, it 
mobilizes the resources of the brain and the body to protect the creature from damage. 
Sensor information obtained by receptors firstly enters the thalamus, and then forks into the 
cerebral cortex and the amygdala. Information processing in the cerebral cortex is fine-
grained, that is why the signals from the cortex are so slow and refined, and provide 
detailed information about the stimulus. The signals coming from the thalamus are fast and 
crude, reaching the amygdala before the signals from the cortex, but providing only general 
information about the incoming stimulus. The coarse information processing accomplished 
in the amygdala requires less computing time compared to the one needed by the cortex, 
since the amygdala just evaluates whether the current situation is pleasant or not. This 
coarse but fast computation in the emotional system is indispensable for self-preservation of 
living organisms, which have to overcome the challenges of a continually changing world. 
The pathways that connect the amygdala with the cortex ("the thinking brain") are not 
symmetrical - the connections from the cortex to the amygdala are to a large extent weaker 
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4max S∈C , and the minimum - in 1S  ( 1min S∈C ), then the epitope string will be 01000  or 
00001 , corresponding to the availability or absence of a puck in the gripper. In Fig.4 the 

stimulation connections from the idiotopes to the corresponding paratopes are shown by 
arrows.  
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Figure 3. Antibody (Ishiguro et al., 1995b) 
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1999; Tsankova et al., 2005) 
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definitions of emotions, models of emotions and their applications, to the purpose of 
choosing a proper computational model for influence on the artificial immune network 
designed in the previous Section. At the end, the way of integrating the selected model into 
the equations of dynamics of antibody selection is described.     

5.1 Emotions, models, and applications  
Еmotion is a key element of the adaptive behaviour, increasing the possibility of survival of 
living organisms. Science is still looking for a complete definition of emotion. All feelings 
(states) that affect the survival goal of an agent are called motivational states, such as 
hunger, thirst, pain, sometimes fear, etc. (Bolles & Fanselow, 1980). Emotions, among other 
feelings, can change the facial expressions (Descartes, 1989). According to Ekman (1992), 
there exist six basic emotions: anger, fear, sadness, joy, disgust, and surprise.  
One of the most extensively developed low-level neurological models of emotions is that of 
the amygdala (LeDoux, 1996), especially functioning as a classical fear system of the brain. 
There exist models that have developed a pure physiological simulation of emotions 
(emotions described in terms of their physiological reactions) (Picard, 1997), and others that 
deal with the interactions between emotions (or motivational states), for example, fear and 
pain (Bolles & Fanselow 1980). The event appraisal models of emotions (Ortony et al. 1988; 
Rosman et al., 1990) are higher-level psychological models developed to understand the link 
between events and emotions.  
All of the above mentioned and various other computational models of emotions have 
found application in robotics (Mochida et al., 1995; Breazeal, 2002), affective computing 
(Picard, 1997), believable ("life-like") agents (Bates, 1992) etc. In robotics Mochida et al. 
(1995) have proposed a computational model of the amygdala and have incorporated it into 
an autonomous mobile robot with an innate action selection mechanism based on 
Braitenberg’s architecture No.3c (Braitenberg, 1984). After a brief overview on emotions and 
their models, the computational version of an amygdala's model seems to be the most 
convenient for the purposes of the task treated here. A short description of this model 
follows below.  

5.2 Model of the amygdala as an artificial emotion mechanism  
The amygdala is responsible for the emotions, especially for the most fundamental among 
them - the fear. It is situated deep in the brain’s centre. When the amygdala feels a threat, it 
mobilizes the resources of the brain and the body to protect the creature from damage. 
Sensor information obtained by receptors firstly enters the thalamus, and then forks into the 
cerebral cortex and the amygdala. Information processing in the cerebral cortex is fine-
grained, that is why the signals from the cortex are so slow and refined, and provide 
detailed information about the stimulus. The signals coming from the thalamus are fast and 
crude, reaching the amygdala before the signals from the cortex, but providing only general 
information about the incoming stimulus. The coarse information processing accomplished 
in the amygdala requires less computing time compared to the one needed by the cortex, 
since the amygdala just evaluates whether the current situation is pleasant or not. This 
coarse but fast computation in the emotional system is indispensable for self-preservation of 
living organisms, which have to overcome the challenges of a continually changing world. 
The pathways that connect the amygdala with the cortex ("the thinking brain") are not 
symmetrical - the connections from the cortex to the amygdala are to a large extent weaker 
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than those from the amygdala to the cortex. The amygdala is in a much better position to 
influence the cortex. This is one of the reasons for which "the amygdala never forgets 
(LeDoux, 1996)" and psychotherapy is often such a difficult and prolonged process. Due to 
the above characteristics, it can be considered that the emotional system regulates activities 
in the cerebral cortex feed forwardly (Mochida et al., 1995).   
In the computational model of the amygdala proposed by Mochida et al. (1995), the emotion 
of robots is divided into two states: pleasantness and unpleasantness, represented by a state 
variable called frustration. The neural network representation of this model is shown in 
Fig.5. Using sensory inputs the level of frustration is formulated as (Mochida et al., 1995): 
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where kf  represents the frustration level of the agent at the moment k , 1ξ  and 2ξ  are 
coefficients, iW  denotes the weight parameter with respect to the obstacle detector iS , and 
b  is the threshold, which determines the patience for unpleasantness; n  is the number of 
equipped obstacle detectors; In (5), the first and the second terms on the right hand side 
denote the frustration levels caused by the direct stimulation of the agent and the recently 
experienced relationship between the agent and the situation, respectively. The regulation 
output )( fγγ =  of the emotional mechanism is determined here as: 
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where kff ←  is taken from (5), γb  is a bias, and ]1;1[−∈γ  (Fig.5). 
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Figure 5. Model of amygdala (Mochida et al., 1995) 

5.3 Emotionally influenced dynamics of antibody selection 
The emotional intervention on the immune network, whose architecture is shown in Fig.4, 
can be implemented as a frustration signal coming from the computational model of an 
amygdala (Fig.5) and influencing the dynamics of the antibody selection mechanism. The 
regulation output γ  of the amygdala is able to modulate different network parameters 
(affinity coefficients and natural death), or to influence directly the change of concentration 
of antibodies. Thus it can change the antibody-winner and the final behaviour of the robot. 
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In the particular navigation problem the emotional mechanism can merely affect the 
antibodies for goal following behaviour (from 7 to 12) by suppressing the rate of change of  
the concentrations of those antibodies. This can be obtained by modifying the equations 
from 7 to 12 of the system of differential equations (2) by multiplying together their right 
hand side (derivatives of concentrations) and the regulation output γ  of the amygdala. 
Thus, the system of equations (2) is transformed as it follows (Tsankova, 2007): 
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where (.)iF  is the right hand side of (2).  

6. Emotional Intervention on Robot's Immune Navigator and on Puck Picking 
up/Dropping Mechanism  
6.1 The navigator 
The emotionally influenced immune navigator, proposed in Algorithms IV and V (Section 
3), consists of: (1) an immune network (Fig.4) as a basic action selection mechanism; and (2) 
an artificial emotional mechanism – a model of an amygdala (Fig.5) as a superstructure over 
the immune network, which modulates the antibody selection. The model of an amygdala 
(5)-(6) weaves into the differential equations, describing the dynamics of antibody selection 
(2)-(4) in a way, similar to the one, described in Subsection 5.3. After a number of 
preliminary experiments with a navigator, which is based on the model (7), that model was 
modified as follows:     
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The modification includes an emotional intervention on both the goal-oriented antibodies 
from 7 to 12 and the antibody 1, which executes a movement forward when there is not an 
obstacle in front of the robot. In the absence of obstacles the regulating output of the 
amygdala has a value of 1=γ , and thus it does not influence the dynamics of the immune 
network. However, in the presence of an obstacle, the selection of antibody 1 is manipulated 
by γ  and the probability for this antibody to be selected on a system level (8) decreases. 
Therefore, in these cases the rotary motion, rather than the rectilinear forward motion is 
preferred. As a result, more flexible manoeuvring is expected in difficult situations, such as 
Π -shaped obstacles and narrow passages. A block diagram of the system “emotionally 
influenced immune navigator – mobile robot” is shown in Fig.6, where α  is the “action” 
part  of the antibody winner, and ),( ωv=v  is the target velocity vector. 
The kinematics of a mobile robot with two driving wheels, mounted on the same axis, and a 
front free wheel is used in simulations (Fig.1a). The motion of the mobile robot is controlled 
by its linear velocity v  and angular velocity ω . The trajectory tracking problem under 
assumption for “perfect velocity tracking” is posed as in Kanayama et al. (1990) and Fierro 
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than those from the amygdala to the cortex. The amygdala is in a much better position to 
influence the cortex. This is one of the reasons for which "the amygdala never forgets 
(LeDoux, 1996)" and psychotherapy is often such a difficult and prolonged process. Due to 
the above characteristics, it can be considered that the emotional system regulates activities 
in the cerebral cortex feed forwardly (Mochida et al., 1995).   
In the computational model of the amygdala proposed by Mochida et al. (1995), the emotion 
of robots is divided into two states: pleasantness and unpleasantness, represented by a state 
variable called frustration. The neural network representation of this model is shown in 
Fig.5. Using sensory inputs the level of frustration is formulated as (Mochida et al., 1995): 
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Figure 5. Model of amygdala (Mochida et al., 1995) 

5.3 Emotionally influenced dynamics of antibody selection 
The emotional intervention on the immune network, whose architecture is shown in Fig.4, 
can be implemented as a frustration signal coming from the computational model of an 
amygdala (Fig.5) and influencing the dynamics of the antibody selection mechanism. The 
regulation output γ  of the amygdala is able to modulate different network parameters 
(affinity coefficients and natural death), or to influence directly the change of concentration 
of antibodies. Thus it can change the antibody-winner and the final behaviour of the robot. 
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In the particular navigation problem the emotional mechanism can merely affect the 
antibodies for goal following behaviour (from 7 to 12) by suppressing the rate of change of  
the concentrations of those antibodies. This can be obtained by modifying the equations 
from 7 to 12 of the system of differential equations (2) by multiplying together their right 
hand side (derivatives of concentrations) and the regulation output γ  of the amygdala. 
Thus, the system of equations (2) is transformed as it follows (Tsankova, 2007): 
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The modification includes an emotional intervention on both the goal-oriented antibodies 
from 7 to 12 and the antibody 1, which executes a movement forward when there is not an 
obstacle in front of the robot. In the absence of obstacles the regulating output of the 
amygdala has a value of 1=γ , and thus it does not influence the dynamics of the immune 
network. However, in the presence of an obstacle, the selection of antibody 1 is manipulated 
by γ  and the probability for this antibody to be selected on a system level (8) decreases. 
Therefore, in these cases the rotary motion, rather than the rectilinear forward motion is 
preferred. As a result, more flexible manoeuvring is expected in difficult situations, such as 
Π -shaped obstacles and narrow passages. A block diagram of the system “emotionally 
influenced immune navigator – mobile robot” is shown in Fig.6, where α  is the “action” 
part  of the antibody winner, and ),( ωv=v  is the target velocity vector. 
The kinematics of a mobile robot with two driving wheels, mounted on the same axis, and a 
front free wheel is used in simulations (Fig.1a). The motion of the mobile robot is controlled 
by its linear velocity v  and angular velocity ω . The trajectory tracking problem under 
assumption for “perfect velocity tracking” is posed as in Kanayama et al. (1990) and Fierro 
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& Lewis (1995). Details of this low-level tracking control are omitted due to the limited 
space here. 
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Figure 6. Block diagram of the system ‘emotionally influenced immune navigator – mobile 
robot’  

6.2 The puck picking up/dropping mechanism  
The idea behind the emotional intervention on the puck picking up/dropping mechanism is 
to use the frustration threshold of a second amygdala EM2 (Fig.7), whose inputs are the 
sensor readings of puck concentration, in order to influence the puck dropping behaviour. If 
a robot with a full gripper collides with a puck ahead (or clusters of pucks), it will drop the 
puck only if the frustration of the amygdala EM2 exceeds a certain threshold. In the opposite 
case it will retain the puck and will continue moving in the same direction. Since the robot 
does not perceive the pucks as an obstacle, it does not go round them, but passes across 
them. It is assumed, that the matter in the robot’s hand is a single puck or a very small 
cluster of pucks, since the frustration is below the threshold. So, the stigmergic process will 
rather benefit than be harmed  by the destruction of the small cluster (if this occurs). Due to 
the dynamics of the amygdala's model, the frustration threshold is different, depending on 
the direction of the robot's movement – towards a larger cluster or in the opposite direction. 
The regulation output of EM2 generates the following signal: 
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where the values ‘0’ and ‘1’ mean ‘permission’ and ‘prohibition’ of the puck dropping 
behaviour, respectively. A block diagram illustrating EM2 is shown in Fig.7.  
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Figure 7. Block diagram of the emotional intervention on puck dropping behaviour   
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7. Simulation Results and Discussions 
7.1 Simulation experiments with emotionally influenced navigator 
The improvement of the navigation of a single robot should be aimed at increasing the 
reliability and the efficiency of work of the overall robot group in the puck foraging task. 
The simulation experiments in this Subsection emphasize the emotionally affected immune 
navigator; they make clear both the mechanism of action of amygdala's model and the way 
by which it influences the immune navigator; show the advantages of the mixed structure 
by a comparative analysis carried out between the proposed emotionally influenced 
immune navigator and the following control structures: (1) Braitenberg's vehicle No.3c with 
an emotional mechanism (Mochida et al., 1995), and (2) the immune network based 
navigator. 
The simulation experiments were implemented in MATLAB environment with the sampling 
time set to s 01.0=oT . The parameters of the trajectory tracking controller were chosen to 
correspond to a critical dumping case (Kanayama et al., 1990), and the reference linear and 
angular velocities were m/s3.0ref =v  and rad/s0ref =ω , respectively. The duration of the 
movement backward was s75.0backward =t . The parameters needed for modelling the 
dynamics of the antibody selection were heuristically determined as: 1== βα ; 1obst =k  
and 4.0goal =k ; the death rate 12,...,2,1,1.0 == iki ; and the threshold for the antibody 
selection mechanism 33.0thresh =a . The following values for the angles of the immune 
network’s “action” part were experimentally chosen: rad0=Front , rad65.0=−= RSLS , 

rad4.1=−= RMLM , and rad4.1=Back . The parameters of the amygdala’s model have 
been investigated theoretically and experimentally in (Tsankova, 2001) and the values, 
determined as proper there, were used in this study, i.e.: 003.01 =ξ , 3.02 =ξ , 12.0=b , 

5=γb  and T)25.075.05.275.025.0(=W . The frustration signal was limited in 
accordance with its definition domain ];[ maxmin fff ∈ , where 0min =f  and 18max =f  
(Tsankova, 2001).  
The robot, controlled by the immune navigator without emotional intervention, was 
simulated, and the results from the simulation are shown in Fig.8. The symbols ∗ , ×  and o  
denote the goal position, as well as the initial and final position of the robot, respectively. 
The robot orientation with respect to the inertial basis is denoted by θ . The measuring units 
on the two axes of the robot’s rectangular work area are metres. Different behaviours were 
obtained by suppressing some antibodies of the immune network shown in Fig.4. For 
example, obstacle avoidance behaviour (Fig.8a) was derived by suppressing the goal-
oriented antibodies from 7 to 12, and for achieving wall following behavior (Fig.8b) the 
antibody 1 was additionally suppressed. As a result of suppressing the obstacle-oriented 
antibodies from 1 to 6, goal following behaviour was evoked (Fig.8c). When all 12 antibodies 
interacted (without any external inhibition) the resultant behaviour was a collision-free goal 
following behaviour (Fig.8d).   
Fig.9a shows another simulation result of a robot with an immune navigator without 
emotional intervention. Although all antibodies interact without any external inhibition, the 
robot sometimes gets stuck in small corners, dead ends, and narrow passages. Fig.9b 
illustrates a better performance of the robot in the same environment, when it is equipped 
with the proposed emotionally affected immune navigator. On the basis of amygdala’s 
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& Lewis (1995). Details of this low-level tracking control are omitted due to the limited 
space here. 

α

GS

γnav

 
Immune network

A
nt

ib
od

y 
11

 
A

nt
ib

od
y 

12
 

A
nt

ib
od

y 
10

 
A

nt
ib

od
y 

9 
A

nt
ib

od
y 

8 
A

nt
ib

od
y 

7 

A
nt

ib
od

y 
1 

A
nt

ib
od

y 
2 

A
nt

ib
od

y 
6 

A
nt

ib
od

y 
5 

A
nt

ib
od

y 
4 

A
nt

ib
od

y 
3 

Goal 
oriented

Obstacle 
oriented

Emotion  mechanism 1   (Amygdala 1)

S

M
ob

ile
 ro

bo
t 

Tr
ac

ki
ng

 c
on

tr
ol

: 
ν 

= 
(v

,ω
) 

 
Figure 6. Block diagram of the system ‘emotionally influenced immune navigator – mobile 
robot’  

6.2 The puck picking up/dropping mechanism  
The idea behind the emotional intervention on the puck picking up/dropping mechanism is 
to use the frustration threshold of a second amygdala EM2 (Fig.7), whose inputs are the 
sensor readings of puck concentration, in order to influence the puck dropping behaviour. If 
a robot with a full gripper collides with a puck ahead (or clusters of pucks), it will drop the 
puck only if the frustration of the amygdala EM2 exceeds a certain threshold. In the opposite 
case it will retain the puck and will continue moving in the same direction. Since the robot 
does not perceive the pucks as an obstacle, it does not go round them, but passes across 
them. It is assumed, that the matter in the robot’s hand is a single puck or a very small 
cluster of pucks, since the frustration is below the threshold. So, the stigmergic process will 
rather benefit than be harmed  by the destruction of the small cluster (if this occurs). Due to 
the dynamics of the amygdala's model, the frustration threshold is different, depending on 
the direction of the robot's movement – towards a larger cluster or in the opposite direction. 
The regulation output of EM2 generates the following signal: 
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where the values ‘0’ and ‘1’ mean ‘permission’ and ‘prohibition’ of the puck dropping 
behaviour, respectively. A block diagram illustrating EM2 is shown in Fig.7.  
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Figure 7. Block diagram of the emotional intervention on puck dropping behaviour   
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7. Simulation Results and Discussions 
7.1 Simulation experiments with emotionally influenced navigator 
The improvement of the navigation of a single robot should be aimed at increasing the 
reliability and the efficiency of work of the overall robot group in the puck foraging task. 
The simulation experiments in this Subsection emphasize the emotionally affected immune 
navigator; they make clear both the mechanism of action of amygdala's model and the way 
by which it influences the immune navigator; show the advantages of the mixed structure 
by a comparative analysis carried out between the proposed emotionally influenced 
immune navigator and the following control structures: (1) Braitenberg's vehicle No.3c with 
an emotional mechanism (Mochida et al., 1995), and (2) the immune network based 
navigator. 
The simulation experiments were implemented in MATLAB environment with the sampling 
time set to s 01.0=oT . The parameters of the trajectory tracking controller were chosen to 
correspond to a critical dumping case (Kanayama et al., 1990), and the reference linear and 
angular velocities were m/s3.0ref =v  and rad/s0ref =ω , respectively. The duration of the 
movement backward was s75.0backward =t . The parameters needed for modelling the 
dynamics of the antibody selection were heuristically determined as: 1== βα ; 1obst =k  
and 4.0goal =k ; the death rate 12,...,2,1,1.0 == iki ; and the threshold for the antibody 
selection mechanism 33.0thresh =a . The following values for the angles of the immune 
network’s “action” part were experimentally chosen: rad0=Front , rad65.0=−= RSLS , 

rad4.1=−= RMLM , and rad4.1=Back . The parameters of the amygdala’s model have 
been investigated theoretically and experimentally in (Tsankova, 2001) and the values, 
determined as proper there, were used in this study, i.e.: 003.01 =ξ , 3.02 =ξ , 12.0=b , 

5=γb  and T)25.075.05.275.025.0(=W . The frustration signal was limited in 
accordance with its definition domain ];[ maxmin fff ∈ , where 0min =f  and 18max =f  
(Tsankova, 2001).  
The robot, controlled by the immune navigator without emotional intervention, was 
simulated, and the results from the simulation are shown in Fig.8. The symbols ∗ , ×  and o  
denote the goal position, as well as the initial and final position of the robot, respectively. 
The robot orientation with respect to the inertial basis is denoted by θ . The measuring units 
on the two axes of the robot’s rectangular work area are metres. Different behaviours were 
obtained by suppressing some antibodies of the immune network shown in Fig.4. For 
example, obstacle avoidance behaviour (Fig.8a) was derived by suppressing the goal-
oriented antibodies from 7 to 12, and for achieving wall following behavior (Fig.8b) the 
antibody 1 was additionally suppressed. As a result of suppressing the obstacle-oriented 
antibodies from 1 to 6, goal following behaviour was evoked (Fig.8c). When all 12 antibodies 
interacted (without any external inhibition) the resultant behaviour was a collision-free goal 
following behaviour (Fig.8d).   
Fig.9a shows another simulation result of a robot with an immune navigator without 
emotional intervention. Although all antibodies interact without any external inhibition, the 
robot sometimes gets stuck in small corners, dead ends, and narrow passages. Fig.9b 
illustrates a better performance of the robot in the same environment, when it is equipped 
with the proposed emotionally affected immune navigator. On the basis of amygdala’s 
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frustration level f  the regulation output  navγ  influences the immune network by 
suppressing, stopping or reversing the goal following behaviour, and thus focuses the 
attention on the avoidance of obstacles in critical situations. The amygdala (in high 
frustration) stimulates wall following behaviour rather than obstacle avoidance (the 
antibody 1 is suppressed simultaneously with the goal following antibodies from 7 to 12)  
(Fig.6). This behaviour proves to be more successful than the obstacle avoidance in respect 
to increasing the probability for overcoming some closed-loop situations. For easier 
understanding of the effect of emotional intervention on the immune navigator, the 
transitions of the activity of frustration and the regulation output of the amygdala in the 
case of Fig.9b are calculated. The results are shown in Fig.10, where the letters from "A" to 
"J" correspond to those in Fig.9b. The frustration level increases when the robot reaches an 
impasse, and the goal following activity decreases. The robot could resign the goal 
pursuing. The maximum possible value of frustration 18max =f  (or near it) in the intervals 
“AB”, “CD”, “EF”, “GH”, and “IJ” corresponds to a “near-dead-end” situation (the obstacle 
is exactly between the robot and the goal, in front of the robot, in the role of a bracket) or a 
“narrow passage” situation.  
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Figure 8. Obstacle avoidance (a), wall following (b), goal following (c), and collision-free 
goal following (d) behaviours 
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Figure 10. Transition of frustration/regulation output of amygdala used in simulations in 
Fig.9b 
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The change of the frustration signal of the amygdala (5) versus the simultaneous time (number 
of steps) and the weighted sum of sensor readings u  is shown in Fig.10c. In this figure the 
intervals marked with the same colour "o" sign correspond to the high frustration level of the 
amygdala. When u  increases, the value of u  in which f  changes drastically (the threshold) is 
higher than it is when u  decreases. This hysteresis (Fig.10c) is due to the dynamics of the 
amygdala (5). Therefore, the amygdala remembers for a certain period of time "the fear of 
encountered obstacles" (or the enhanced puck concentration – for EM2 in Algorithm V). The 
immune navigator can benefit from the short-term memory of the amygdala in a mixed 
structure composed of the immune network and the emotional mechanism. 
In case of absence of obstacles the artificial amygdala does not influence the action selection 
mechanism, because 1=γ  and equation (7) is the same as (2). When obstacles are present 
the goal following behaviour is switched off ( 0=γ ) and the robot focuses attention on the 
avoidance of obstacles (wall following behaviour or obstacle avoidance).  The value 1−=γ  
usually corresponds to hard situations when a large obstacle is situated between the robot 
and the goal. In this case the antibody (from the goal-oriented antibodies), corresponding to 
the goal direction, has the least probability to win. However, since the detected obstacle is 
possibly situated in this direction too, the avoidance of the obstacle will be facilitated. Thus 
in a critical situation the robot forgets about the goal that could cause it to get stuck, and 
focuses attention on the avoidance of obstacles in order to get out of the impasses. Besides, 
the emotion mechanism EM1 provides the immune navigator with an additional (small 
amount of) memory about the obstacles recently met. The navigation becomes more careful, 
which helps the robot to avoid getting stuck.  
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The change of the frustration signal of the amygdala (5) versus the simultaneous time (number 
of steps) and the weighted sum of sensor readings u  is shown in Fig.10c. In this figure the 
intervals marked with the same colour "o" sign correspond to the high frustration level of the 
amygdala. When u  increases, the value of u  in which f  changes drastically (the threshold) is 
higher than it is when u  decreases. This hysteresis (Fig.10c) is due to the dynamics of the 
amygdala (5). Therefore, the amygdala remembers for a certain period of time "the fear of 
encountered obstacles" (or the enhanced puck concentration – for EM2 in Algorithm V). The 
immune navigator can benefit from the short-term memory of the amygdala in a mixed 
structure composed of the immune network and the emotional mechanism. 
In case of absence of obstacles the artificial amygdala does not influence the action selection 
mechanism, because 1=γ  and equation (7) is the same as (2). When obstacles are present 
the goal following behaviour is switched off ( 0=γ ) and the robot focuses attention on the 
avoidance of obstacles (wall following behaviour or obstacle avoidance).  The value 1−=γ  
usually corresponds to hard situations when a large obstacle is situated between the robot 
and the goal. In this case the antibody (from the goal-oriented antibodies), corresponding to 
the goal direction, has the least probability to win. However, since the detected obstacle is 
possibly situated in this direction too, the avoidance of the obstacle will be facilitated. Thus 
in a critical situation the robot forgets about the goal that could cause it to get stuck, and 
focuses attention on the avoidance of obstacles in order to get out of the impasses. Besides, 
the emotion mechanism EM1 provides the immune navigator with an additional (small 
amount of) memory about the obstacles recently met. The navigation becomes more careful, 
which helps the robot to avoid getting stuck.  
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Additionally, thirty experiments in three different environments (as shown in Fig.11), were 
carried out with the mobile robot being equipped with the following navigators: (1) 
emotionally influenced Braitenberg's architecture No.3c, (2) artificial immune network, and 
(3) emotionally affected immune network. The structures and parameters of the first 
navigator were the same as in Refs. (Tsankova, 1999; Tsankova, 2001). In each sample, the 
robot started from a random initial position and orientation, and had to reach the goal, 
which was also at a random position. The success ratio of the emotionally affected immune 
navigator was higher than that of the others (87% vs. 60% (emotionally affected 
Braitenberg's vehicle No.3c) and 77% (immine navigator without emotional intervention)). 
At the same time the emotionally affected immune navigator was faster (the average time in 
steps) about 1.16 and 1.38 times in comparison to the others, respectively (Table 1). The 
emotionally affected immune navigator had better manoeuvring in narrow passages and 
Π -shaped obstacles (a very difficult test for the agents with local vision and reactive 
behaviour, because it often causes an impasse) than the others. Perhaps this is due to the 
artificial amygdala’s property to function as a short-term memory for the fear of 
encountered obstacles. Besides, the way in which the emotion mechanism EM1 is connected 
to antibodies reinforces the emerging of wall following behaviour (very useful for 
overcoming impasses).   
The very good performance of the emotionally influenced immune navigator compared 
with the other two intelligent navigators considered above confirmed the reason to use the 
emotional intervention for navigation purposes and to transfer it to puck picking 
up/dropping behaviour control in a stigmergy based foraging task. 
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Figure 11. Experimental environments 

Emotionally affected 
Braitenberg No. 3c 

Immune network 
navigator 

Emotionally affected 
immune navigator 

Success [%] Time [steps] Success [%] Time [steps] Success [%] Time [steps] 
60 2063 77 2460 87 1784 

Table 1. Simulation rezults. Each navigator is presented by the average values from thirty 
experiments, distributed in the environments shown in Fig.11  

7.2 Experiments with the five control algorithms   
The five control algorithms described above in Section 3 were simulated in MATLAB 
environment. The use of the first three of them gives a basis for comparison with the last 
two algorithms, whose purpose is to improve the speed of the puck foraging process. The 
expectations are that speeding up is to be achieved by: (1) improvement of the collision-free 
goal folowing behaviour by EM1, and (2) reinforcement of the positive feedback from the 
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stimuli (minimum/maximum puck concentration) by both  EM2 and EM1. The foraging 
task included gathering pucks in a pile by one robot, working alone, and by two robots 
working simultaneously.  
Simulations of puck gathering behaviour by two robots with the first control algorithm 
(with random walks) are shown in Fig.12. As Beckers et al. (1994) have specified, the 
experiments have three more or less distinct phases, regardless of the number of robots. In 
the beginning there are only single pucks on the arena (Fig.12a). In the first phase, a robot 
moves forwards scooping one puck into the gripper. When two pucks have been gathered, 
the robot drops them, leaving them as a cluster of two, and moves off in another direction. 
Shortly after that most pucks are in small clusters with less probability to be destroyed 
(Fig.12b). In the second phase, the robot removes one puck from clusters by striking the 
clusters at a certain angle with the gripper. The puck removed in this way is added to other 
clusters when the robot collides with them. Some clusters increase rapidly at this phase and 
after some time there is a small number of relatively large clusters (Fig.12c). The third and 
most prolonged phase consists of the occasional removal of a puck from one of the large 
clusters, and the addition of this puck to one of the clusters, often to the one it had been 
taken from (Fig.12d,e). As a result, a single cluster is formed (Fig.12f). Spatiotemporal 
structures appear in an initially homogeneous environment, and one of the signs of self-
organization is present. 
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Figure 12. The initial setup (a) and time evolution of a foraging experiment involving two 
robots. Phase I (b) is characterized by a large number of small clusters consisting of 1 to 6 
pucks. In phase II (c) some clusters grow rapidly. Phase III (d, e) includes competition 
between a small number of large clusters and leads to gathering of all pucks in one pile (f) 
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Figure 12. The initial setup (a) and time evolution of a foraging experiment involving two 
robots. Phase I (b) is characterized by a large number of small clusters consisting of 1 to 6 
pucks. In phase II (c) some clusters grow rapidly. Phase III (d, e) includes competition 
between a small number of large clusters and leads to gathering of all pucks in one pile (f) 
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The puck dropping mechanism recognizes only a predetermined threshold of puck density 
– two pucks. It cannot differentiate between the local concentration of two pucks and more 
than two pucks. Stigmergic mechanism organizes the transfer of pucks from smaller to 
larger clusters, although the robots under the first control algorithm are unable to 
discriminate between them with their sensors. The cluster gains pucks from more "frontal" 
collisions of the robots with it, and loses pucks from almost tangential collisions. The 
probability for a frontal or tangential collision with a random cluster to be produced 
depends on the size, shape and position of the cluster. Larger clusters are more likely to gain 
pucks and less likely to lose pucks than smaller clusters. Due to the constant number of 
pucks in the environment, in the end all the pucks will be gathered in a single cluster. If the 
experiment goes on, a puck will occasionally be removed from this single cluster, but it will 
be returned to it as there is no other pucks in the environment which can trigger the puck 
dropping behaviour.  
In the second control algorithm the random walks are replaced by purposeful moves, taking 
into account the perceived maximum/minimum concentration of pucks. Under the 
direction of the place with maximum puck density the robot assumes the direction, 
corresponding to the sector iS , whose reading iC  has counted  the most of pucks (it makes 
no difference whether they are situated in one cluster or not). The direction of the place with 
minimum (non-zero) puck density is determined in a similar way. The robot with an empty 
gripper goes to the place with minimum (non-zero) concentration of pucks, scooping one 
puck into the gripper. If there is a puck in the gripper, the robot turns to the place with the 
maximum pucks and goes forward. The substitution of the random walks with purposeful 
moves does not violate the stigmergic principles, and only suppresses time-consuming 
wandering around in an area without pucks. In the third control algorithm the immune 
navigator implements a collision-free goal following behaviour. The goal directions are the 
directions with maximum and minimum puck concentrations, depending on the availability 
or the absence of a puck in the gripper, respectively. However, since the immune network 
makes decision at the system level, it can assign to the robot a target direction, different 
from the minimum and maximum puck heaping directions. The innovation in the fourth 
control algorithm - the emotional intervention (by EM1) on the immune navigator, leads to 
some improvement of the collision-free goal following behaviour, as it was discused in the 
previous Subsection 7.1. That includes more successful avoidance of obstacles (the boundary 
of working area and the other robot) and also tracking the directions of the 
maximum/minimum puck concentration.   
The advisor (EM2) for the puck dropping behaviour is the basic innovation in the fifth 
control algorithm. In fact advices are followed unconditionally as a permission or 
prohibition of this behaviour. If the conditions for puck dropping are available, then,  in 
comparisson with the previous algorithms (from I to IV), here EM2 prohibits dropping the 
puck if its regulation output 1prohibit

droppingpuck =γ , which can occur  when the robot moves from a 

place with a lower puck concentration to a place with a higher one and the frustration is low 
( u  is under a certain threshold). This prevents the robot from dropping a puck when it 
encounters a single puck or a small cluster, during motion towards a larger cluster. The 
robot will drop the retained puck most probably into that large cluster (where 

0prohibit
droppingpuck =γ ). However, in the opposite direction, the threshold is lower (because of the 

hysteresis, which was shown in the example, illustrated in Fig.10c). Therefore, if there is a 
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puck taken from the large cluster, the robot will drop it in the immediate vicinity of the 
cluster (in the frame of the frustration's hysteretic zone). That may decrease the probability 
of destroying the large cluster. The two actions speed up the formation of large clusters. 
Therefore, EM2 reinforces once again the positive feedback from stimuli, giving the global 
perception of puck concentration certain superiority to the local one. And the result is 
present – speeding up the puck foraging process, which is evident from Fig.13, illustrating 
the time evolution of a foraging experiment involving two robots with the same control 
algorithm. The parameters of the Amygdala 2 in EM2 were the same as those of the 
Amygdala 1 (EM1), except for the upper limiting value of frustration, which here was set to 
be 9max =f . 
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Figure 13.  The time evolution of a foraging experiment involving two robots with the two 
emotional mechanisms EM1 and EM2 (Algorithm V): (a) 1 min, (b) 2 min, (c) 3 min, (d) 4 
min, (e) 5 min, and (f) 7 min 
Fig.14 illustrates the behaviour of one robot working alone for 1.5 min duration, starting 
from the initial setup of pucks under a navigation algorithm based on: (a) random walks, 
and (b) emotionally influenced immune network. The robot with the emotionally influenced 
immune navigator carried out a specific circular movement, foraging pucks from the 
periphery to the centre (Fig.14b) and thus forming a central pile (Fig.13f). This effect has 
been observed in simulations involving a robot equipped only with an immune navigator 
(Tsankova et al., 2007). Maybe this is due to the wall following emergent behaviour, which 
appears under immune network navigation control and which is reinforced by the EM1. 
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depends on the size, shape and position of the cluster. Larger clusters are more likely to gain 
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experiment goes on, a puck will occasionally be removed from this single cluster, but it will 
be returned to it as there is no other pucks in the environment which can trigger the puck 
dropping behaviour.  
In the second control algorithm the random walks are replaced by purposeful moves, taking 
into account the perceived maximum/minimum concentration of pucks. Under the 
direction of the place with maximum puck density the robot assumes the direction, 
corresponding to the sector iS , whose reading iC  has counted  the most of pucks (it makes 
no difference whether they are situated in one cluster or not). The direction of the place with 
minimum (non-zero) puck density is determined in a similar way. The robot with an empty 
gripper goes to the place with minimum (non-zero) concentration of pucks, scooping one 
puck into the gripper. If there is a puck in the gripper, the robot turns to the place with the 
maximum pucks and goes forward. The substitution of the random walks with purposeful 
moves does not violate the stigmergic principles, and only suppresses time-consuming 
wandering around in an area without pucks. In the third control algorithm the immune 
navigator implements a collision-free goal following behaviour. The goal directions are the 
directions with maximum and minimum puck concentrations, depending on the availability 
or the absence of a puck in the gripper, respectively. However, since the immune network 
makes decision at the system level, it can assign to the robot a target direction, different 
from the minimum and maximum puck heaping directions. The innovation in the fourth 
control algorithm - the emotional intervention (by EM1) on the immune navigator, leads to 
some improvement of the collision-free goal following behaviour, as it was discused in the 
previous Subsection 7.1. That includes more successful avoidance of obstacles (the boundary 
of working area and the other robot) and also tracking the directions of the 
maximum/minimum puck concentration.   
The advisor (EM2) for the puck dropping behaviour is the basic innovation in the fifth 
control algorithm. In fact advices are followed unconditionally as a permission or 
prohibition of this behaviour. If the conditions for puck dropping are available, then,  in 
comparisson with the previous algorithms (from I to IV), here EM2 prohibits dropping the 
puck if its regulation output 1prohibit

droppingpuck =γ , which can occur  when the robot moves from a 

place with a lower puck concentration to a place with a higher one and the frustration is low 
( u  is under a certain threshold). This prevents the robot from dropping a puck when it 
encounters a single puck or a small cluster, during motion towards a larger cluster. The 
robot will drop the retained puck most probably into that large cluster (where 

0prohibit
droppingpuck =γ ). However, in the opposite direction, the threshold is lower (because of the 

hysteresis, which was shown in the example, illustrated in Fig.10c). Therefore, if there is a 

Emotional Intervention on Stigmergy Based Foraging Behaviour 
of Immune Network Driven Mobile Robots 

 

537 

puck taken from the large cluster, the robot will drop it in the immediate vicinity of the 
cluster (in the frame of the frustration's hysteretic zone). That may decrease the probability 
of destroying the large cluster. The two actions speed up the formation of large clusters. 
Therefore, EM2 reinforces once again the positive feedback from stimuli, giving the global 
perception of puck concentration certain superiority to the local one. And the result is 
present – speeding up the puck foraging process, which is evident from Fig.13, illustrating 
the time evolution of a foraging experiment involving two robots with the same control 
algorithm. The parameters of the Amygdala 2 in EM2 were the same as those of the 
Amygdala 1 (EM1), except for the upper limiting value of frustration, which here was set to 
be 9max =f . 
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Figure 13.  The time evolution of a foraging experiment involving two robots with the two 
emotional mechanisms EM1 and EM2 (Algorithm V): (a) 1 min, (b) 2 min, (c) 3 min, (d) 4 
min, (e) 5 min, and (f) 7 min 
Fig.14 illustrates the behaviour of one robot working alone for 1.5 min duration, starting 
from the initial setup of pucks under a navigation algorithm based on: (a) random walks, 
and (b) emotionally influenced immune network. The robot with the emotionally influenced 
immune navigator carried out a specific circular movement, foraging pucks from the 
periphery to the centre (Fig.14b) and thus forming a central pile (Fig.13f). This effect has 
been observed in simulations involving a robot equipped only with an immune navigator 
(Tsankova et al., 2007). Maybe this is due to the wall following emergent behaviour, which 
appears under immune network navigation control and which is reinforced by the EM1. 
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The simulation experiments with the five control algorithms, involving either one robot 
working alone, or two robots working simultaneously, led to gathering all pucks in a single 
pile, located in a random place. The two robots working simultaneously finished the task 
faster than the solitary one. The average values of (1) the number of clusters and (2) the 
maximum cluster size from the four experiments with the five control algorithms are shown 
in Fig.15. The results from these experiments are given in Table 2. The performance of the 
algorithms is assessed on the basis of the foraging time. The assessment values are the 
average values of the final foraging time from the four experiments with one solitary 
working robot and two robots working simultaneously. It is evident that the foraging time 
decreases drastically from the first to the fifth control algorithm. The achievement of the two 
robots equipped with the two emotional mechanisms EM1 and EM2 (Algorithm V) and 
working simultaneously is the best. Unfortunately, the proposed control method, 
represented by Algorithm V, as the other ones (except for the method, using random walks), 
relies on a simulated detector for puck concentration, whose physical realization is still an 
open issue. 
 

Time [min] Algorithms 
1 Robot 2 Robots 

I. Stigmergy with random walks 1174 705 

II. Stigmergy with enhanced sensing of puck concentration 189 109 

III. Stigmergy with an immune navigation control 18 13 

IV. Stigmergy with an emotionally influenced immune navigation 15 9 

V. Stigmergy with two artificial emotion mechanisms 10 7 

Table 2. Performance of the five control algorithms, described in Section 3. The foraging time 
is presented by the average value from four experiments  
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Figure 14. Simulation of a foraging behaviour of one robot working alone for 1.5 min 
duration, starting from the initial setup of pucks under navigation algorithm using: (a) 
random walks, and (b) emotionally influenced immune navigator 
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Figure 15. Time evolution of the number of clusters and the size of the biggest cluster for 
experiments with the five algorithms  

8. Conclusion  
The proposed stigmergy based foraging behaviour control using two artificial emotion 
mechanisms – one as a superstructure over the immune navigator, and another as an 
advisor of puck picking up/dropping behaviour, improves the speed of the clustering 
process. The intervention of the EM1 on the immune navigator improves the collision-free 
goal following behaviour of each robot, which affects the final implementation of the 
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The simulation experiments with the five control algorithms, involving either one robot 
working alone, or two robots working simultaneously, led to gathering all pucks in a single 
pile, located in a random place. The two robots working simultaneously finished the task 
faster than the solitary one. The average values of (1) the number of clusters and (2) the 
maximum cluster size from the four experiments with the five control algorithms are shown 
in Fig.15. The results from these experiments are given in Table 2. The performance of the 
algorithms is assessed on the basis of the foraging time. The assessment values are the 
average values of the final foraging time from the four experiments with one solitary 
working robot and two robots working simultaneously. It is evident that the foraging time 
decreases drastically from the first to the fifth control algorithm. The achievement of the two 
robots equipped with the two emotional mechanisms EM1 and EM2 (Algorithm V) and 
working simultaneously is the best. Unfortunately, the proposed control method, 
represented by Algorithm V, as the other ones (except for the method, using random walks), 
relies on a simulated detector for puck concentration, whose physical realization is still an 
open issue. 
 

Time [min] Algorithms 
1 Robot 2 Robots 

I. Stigmergy with random walks 1174 705 

II. Stigmergy with enhanced sensing of puck concentration 189 109 

III. Stigmergy with an immune navigation control 18 13 

IV. Stigmergy with an emotionally influenced immune navigation 15 9 

V. Stigmergy with two artificial emotion mechanisms 10 7 

Table 2. Performance of the five control algorithms, described in Section 3. The foraging time 
is presented by the average value from four experiments  
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Figure 14. Simulation of a foraging behaviour of one robot working alone for 1.5 min 
duration, starting from the initial setup of pucks under navigation algorithm using: (a) 
random walks, and (b) emotionally influenced immune navigator 
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Figure 15. Time evolution of the number of clusters and the size of the biggest cluster for 
experiments with the five algorithms  

8. Conclusion  
The proposed stigmergy based foraging behaviour control using two artificial emotion 
mechanisms – one as a superstructure over the immune navigator, and another as an 
advisor of puck picking up/dropping behaviour, improves the speed of the clustering 
process. The intervention of the EM1 on the immune navigator improves the collision-free 
goal following behaviour of each robot, which affects the final implementation of the 
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foraging task. Besides, it enhances the positive feedback from the stimuli, since it improves 
the tracking of the direction of sensor reading for the minimum/maximum puck 
concentration. The intervention of the EM2 on the puck dropping behaviour reinforces once 
more the positive feedback from the places with maximum puck concentration. Future work 
will include the use of optimization techniques for parameter tuning of the amygdala model 
of the emotional mechanisms EM1 and EM2, as well as of the immune network. It is also 
necessary to experiment with the proposed emotionally influenced control on real immune 
network driven robots implementing a puck foraging task. This brings up the question of 
the physical realization of a detector, resembling the simulated sensor for puck 
concentration.  

9. References 
Azar, B. (2001). A new take on psychoneuroimmunology. Monitor on Psychology, Vol.32, 

No.11, December 2001 
Bates, J. (1994). The role of emotion in believable agents. Communications of the ACM, Vol.37, 

No.7, July 1994, pp.122-125  
Beckers, R.; Holland O.E. & Deneubourg, J.L. (1994). From local actions to global tasks: 

Stigmergy and collective robotics. Proceedings of the Fourth International Workshop on 
the Synthesis and Simulation of Living Systems Artificial Live IV , Brooks, R. & Maes, P., 
(Eds.), pp. 181-189, MIT Press, Cambrigde, MA 

Bolles, R.C. & Fanselow, M.S. (1980). A perceptual defensive recuperative model of fear and 
pain. Behavioral and Brain Sciences, Vol. 3, pp. 291-301 

Bonabeau, E.; Theraulaz, G.; Deneubourg, J.L., Aron, S. & Camazine, S. (1997). Self-
organization in social insects. Trends in Ecology and Evolution, Vol.12, No.5, May 
1997, pp.188-193 

Braitenberg, V. (1984). Vehicles: Experiments in Synthetic Psychology, MIT Press, Cambridge, 
MA 

Breazeal, C.L. (2002). Designing sociable robots, MIT Press, Cambridge, MA 
Dasgupta, D. & Attoh-Okine N. (1997). Immunity-based systems: A survey. Proceedings of the 

IEEE International Conference on Systems, Man, and Cybernetics, pp.363-374, Orlando, 
Florida, 12-15 October, 1997 

Deneubourg, J.L.; Goss, S.; Franks, N.R.; Sendova-Franks, A.; Detrain, C. & Chretien, L. 
(1990). The dynamics of collective sorting: robot-like ants and ant-like robots. 
Simulation of Adaptive Behaviour: from animals to animats, Meyer, J-A. & S. Wilson, S., 
(Eds.), pp. 356-365,  MIT Press, Cambrigde, MA 

Descartes, R. (1989). The Passions of the Soul, Trans. Stephen Voss, Hackett Publishing 
Company, Cambridge 

Di Caro, G. & Dorigo, M. (1998). AntNet: Distributed stigmergic control for communication 
networks. Journal of Artificial Intelligence Research, Vol.9, pp.317-365  

Dorigo, M.; Di Caro, G. & Gambardella, L.M. (1999). Ant algorithms for discrete 
optimization. Artificial Life, Vol.5, No.2, April 1999, pp.137-172 

Dorigo, M., Bonabeau, E. & Theraulaz, G. (2000). Ant algorithms and stigmergy. Future 
Generation Computer Systems, Vol.16, No.8, pp.851-956 

Ekman, P. (1992). Facial expressions of emotion: New findings, new questions. Psychological 
Science, Vol.3, No.1, pp.34-38 

Emotional Intervention on Stigmergy Based Foraging Behaviour 
of Immune Network Driven Mobile Robots 

 

541 

Farmer, J.; Packard, N. & Perelson, A. (1986). The immune system, adaptation and machine 
learning, Physica D, Vol. 22, pp.187–204 

Fierro, R. & Lewis, F.L. (1995). Control of a nonholonomic mobile robot: backstepping 
kinematics into dynamics. Proceedings of the 34th Conference on Decision&Control, 
pp.3805-3810  

Garrett, S.M. (2005).  How do we evaluate artificial immune systems? Evolutionary 
Computation, Vol.13, No.2, pp.145-178 

Grassé, P.P. (1959). La reconstruction du nid et les coordinations inter-individuelles chez 
Bellicositermes natalensis et Cubitermes sp. La theorie de la stigmergie: Essai 
d'interpretation des termites constructeurs. Insectes Sociaux, Vol. 6, pp. 41-83 

Holland, O. & Melhuish, Ch. (1999). Stigmergy, self-organization, and sorting in collective 
robotics. Artificial Life, Vol. 5, No. 2, pp. 173-202 

Ishiguro, A.; Kondo, T.; Watanabe, Y. & Uchikawa, Y. (1995a). Dynamic behavior arbitration 
of autonomous mobile robots using immune networks. Proceedings of ICEC’95, 
pp.722-727 

Ishiguro, A.; Watanabe, Y. & Uchikawa, Y. (1995b). An immunological approach to dynamic 
behavior control for autonomous mobile robots. Proceedings of  IROS’95; Vol.1, 
pp.95-500 

Jerne, N.K. (1974). Towards a network theory of the immune system. Annals of Immunology, 
Vol.125C, pp.373–389 

Kanayama, Y.; Kimura, Y.; Miyazaki, F. & Noguchi, T. (1990). A stable tracking control 
method for an autonomous mobile robot. Proceedings of IEEE International Conference 
on Robotics and Automation, Vol.1, pp.384-389 

Lazarus, R.S. & Folkman, S. (1984). Stress, Appraisal, and Coping, Springer, New York 
LeDoux, J. (1996). The Emotional Brain, Simon & Schuster, New York 
Mochida, T.; Ishiguro, A.; Aoki, T. & Uchikawa, Y. (1995). Behaviour arbitration for 

autonomous mobile robots using emotion mechanisms. Proceedings of IROS’95, 
Vol.1, pp.516-521 

Ortony, A.; Clore, G. & Collins, A. (1988). The Cognitive Structure of Emotions, Cambridge 
University Press, Cambridge  

Picard, R. W. (1997). Affective Computing, MIT press, Cambridge, MA  
Rosman, I.J.; Jose, P.E. & Spindel, M.S. (1990). Appraisals of emotion-eliciting events: testing 

a theory of discrete emotions, Journal of Personality and Social Psychology, Vol.59, 
No.5, pp. 899-915  

Tsankova, D.D. & Topalov, A.V. (1999). Behaviour arbitration for autonomous mobile robots 
using immune networks. Proceedings of the 1st IFAC Workshop on Multi-Agent Systems 
in Production (MAS'99), pp. 25-30, Wien, Austria, 2-4 December, 1999 

Tsankova, D. (2001). Artificial Immune Networks and Emotion Mechanisms for Control of a Class 
of Autonomous Agents, Ph.D. Thesis, TU-Sofia, Branch Plovdiv, Bulgaria 

Tsankova, D.D. & Georgieva, V.S. (2004). From local actions to global tasks: Simulation of 
stigmergy based foraging behavior. Proceedings of the 2nd International IEEE 
Conference "Intelligent Systems", Vol.1, pp.353-358, Varna, Bulgaria, 22-24 June, 2004  

Tsankova, D.; Georgieva, V.; Zezulka, F. & Bradac, Z. (2005). Immune navigation control for 
stigmergy based foraging behaviour of autonomous mobile robots. Proceedings of 
the 16th IFAC World Congress, Prague, Czech Republic, 4-8 July, 2005 



Frontiers in Evolutionary Robotics 

 

540 

foraging task. Besides, it enhances the positive feedback from the stimuli, since it improves 
the tracking of the direction of sensor reading for the minimum/maximum puck 
concentration. The intervention of the EM2 on the puck dropping behaviour reinforces once 
more the positive feedback from the places with maximum puck concentration. Future work 
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1. Introduction    
Arguably the innovative problem solving abilities is one of the cornerstones for ensuring the 
survival of the homo sapien species in the game of evolution.  Throughout history, when 
faced with challenges it was not uncommon for mankind to turn to nature for answers. In 
the modern day, problem solving utilizing techniques harnessed from nature has become a 
niche of the computational intelligence field. There are quite a number of classical 
contributions in this respect, which include artificial neural networks (ANN), genetic 
algorithm (GA), ant colony optimization (ACO), cellular automata (CA) and artificial 
immune system (AIS). 
In the spirit of drawing inspiration from nature, our laboratory developed a modular robot 
modelled after a marine dwelling organism called the brittle star. The robot consists of 
independent modules with each module incorporating an onboard microcontroller for 
governing the behaviour of the module, actuator for inducing motion, and touch sensors for 
feeling the environment. Robot of such nature can be useful in search and rescue operations; 
for instance during earthquake the robot can be deployed to seek for survivors trapped under 
collapsed buildings which would otherwise be hazardous for human rescuers to reach. 
Before novel applications of the robot can be envisioned the fundamental issues of motion 
control needs to be addressed. While the notion of studying the motion characteristics of the 
brittle star and incorporating it into the robot is intuitive and insightful, it is nonetheless 
quite impractical. The reason for this stems from the fact that the range of motion of the 
highly agile arms of brittle star in an aqueous environment overwhelmingly surpasses the 
two-degree of freedom legs of the landlocked robot. Hence we turn to nature once again, 
and attempt to draw from the evolutionary phenomena as a driving force to evolve the 
robot to move in its environment pretty much the same way the biological organisms have 
been shaped over billions of years by adapting to their environments. 
Evolutionary algorithms are computational models, which capture the essence of evolution. 
Developed by John Holland in early 1970s (Holland, 1975), genetic algorithm (GA) is one of the 
widely adopted evolutionary algorithms. Inspired by biological adaptations, genetic algorithm 
is essentially a search technique used extensively to solve optimization related problems 
(Goldberg, 1989). The algorithm involves representation of candidate solutions to a problem 
using chromosomes also known as individuals. The initial randomly generated population of 
individuals is successively transformed based on their fitness by applying genetic operators 
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such as selection, crossover and mutation. The selection process screens the individuals such 
that the fitter individuals have higher probability of making it through to the next generation. 
The crossover operation essentially emulates the intraspecies mating by exchanging and 
combining genes from selected parent chromosomes to produce offsprings, with the hope that 
they may have better fitness than the parents. Mutation is a way to introduce diversity within 
the population, thus enabling better exploration of the search space. Based on the survival of the 
fittest, it is anticipated that with each passing generation the fitness of the individuals improves 
thus providing near optimum solution to the problem at hand.  
In nature, organisms evolve to better adapt to their environment, which also consists of 
organisms from other species. Thus the interaction between the species also plays a role in 
shaping the evolution of organism. Co-evolutionary algorithm (Koza, 1991) is a 
computational model where two or more populations simultaneously evolve in a manner 
such that the fitness of an individual in a population is influenced by individuals from other 
populations. A classical example of this is the interaction between host and parasite species, 
whereby the host develops mechanisms to fend off the parasite, meanwhile the parasite finds 
ways to counter the defence mechanism of the host, thus setting off an arms race. This kind of 
external pressure, forces the populations to adaptively evolve thus avoiding suboptimal 
solutions to a large extent. 
Using evolutional approach to derive motion characteristics of the robot requires a control 
model. In this chapter we will discuss two streams of control model namely cellular 
automata based control and neural network based control model. 
In the cellular automata based control (Lal et al., 2006) the individual modules of the robot 
are modeled as cells in the cellular automata lattice. Based on this we incrementally 
developed control models for the brittle star robot leveraging off genetic algorithm and co-
evolutionary algorithm to evolve suitable rules for each of the models. 
A shortcoming of the cellular automata based approach was that the evolved rules where 
tightly coupled with the initial configuration of the cell lattice. To address this, the neural 
network inspired control model (Lal et al., 2007) was developed. In this framework each leg 
of the robot is modeled as a neural network with the modules representative of neurons 
interconnected via synaptic weights. Motion is achieved by propagating phase information 
from the modules closest to the main body to the remainder of the modules in the leg via the 
synaptic weights. Similar to the cellular automata based model, near optimal control 
parameters were evolved using genetic algorithm. 

2. The Brittle Star: From Biological to Binary 
Brittle stars [Ophiurida] (Hyman, 1955) are echinoderms found in most of the marine 
ecosystems around the world. The physical structure (Fig. 1) of the brittle star consists of 
five slender and flexible arms in a radial symmetry attached the central disc shaped body, 
which houses all of the internal organs. An internal skeleton of calcium carbonate plates 
referred to as vertebral ossicles supports the arms. These are linked by ball and socket joints, 
and moved by the surrounding muscle.  
The brittle star moves by wriggling its agile arms to produce snake-like or rowing 
movement. Being able to crawling through small cracks, or being able to move even when 
missing an arm or two, lost perhaps when evading a predator, or being able to regenerate 
the lost arm or segments of it, makes the brittle star a true star in the arena of adaptive 
systems. This was indeed the inspiration behind developing the brittle star robot. 
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Figure 1. The brittle star 

2.1 The Brittle Star Robot 
The brittle star robot (Fig. 2a) considered herein has a modular architecture consisting of 
modules as shown in Fig. 2b. Each module incorporates an onboard micro controller (BASIC 
Stamp 2sx), actuator (RC Servo Futaba S5301) and two touch sensors. In its current setup the 
actual robot hardware has five legs with six modules per leg.  
The robot design, inspired by the brittle star has the following characteristics: 
• The robot has capability to move in all directions with a body shape consisting of five 

arms radiating from the centre. 
• Bone tissue of unit structure is built by connecting homogeneous modules. This allows 

redundancy, decentralization of control program and simplification of repair to the robot. 
• Modules of one degree of freedom are connected alternately in horizontal and vertical 

orientation (Fig. 3). In this way, a set of adjacent modules has two degree of freedom joint. 

a)  

b)  

Figure 2. a) The brittle star robot b) Individual module connected to make up the leg 
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Figure 3. Exposed view of adjacent connected modules 

2.2 Motion Control Problem Formulation 
Moving the robot requires coordinated movement of the individual modules. Initially this 
was achieved through trial and error process (Takashi, 2005). Later genetic algorithm was 
used to better the process of finding near optimal motion pattern (Futenma et al., 2005) 
Though the approaches adopted in the past produced desired motion characteristics in the 
robot, the underlying concern was that should there be a failure of some modules the overall 
mobility of the robot would get compromised. To this effect, we have embarked on 
exploring strategies for evolving emergent global behaviour of the robot, such as walking in 
a straight line, from the combined action of all the functioning modules in the a given 
configuration. 
One way to visualize the module is to consider it as a state machine. Since the motion of any 
given module is basically rotation between an allowable range, the state of jth module in the 
ith leg at time, t is given by (1) 

 Sij
t ∈ {θ :θmin ≤ θ ≤ θmax }  (1) 

This makes the robot a collection of state machines, or to put it differently, a state machine of 
state machines. The state of the robot with n legs and m modules per leg at time, t is thus 
given by (2) 

 Rt = {Sij
t : 0 ≤ i < n,0 ≤ j < m}  (2) 

Therefore the problem of motion control of the robot becomes the task of finding optimal 
sequence (OT) of state transitions, which would transform the robot producing desired 
locomotion. 

  OT = R0, R1, R2,  K  , RT
 (3) 

It should not take much imagination to realize the shear magnitude of the search space that 
needs to be explored to find near optimal solution, and thus the need for evolutionary 
computational approach. 

2.3 Robot Simulation 
While it is plausible to evolve motion controller on the physical robot itself, it is nonetheless 
highly impractical as doing so might damage the robot in evaluating the fitness of unknown 
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controllers, not to mention such an approach would be time consuming and unnecessarily 
cause wear and tear to the robot.  
Simulated model (Fig. 4) of the brittle star robot was developed using Open Dynamics 
Engine (ODE version 0.9), which is an open source, high performance library for simulating 
rigid body dynamics (Smith, 2006). In developing the robotic simulation it is important to 
realize that the simulated robot is an approximation of the real robot, and as such choice of 
simulation parameters play a crucial role in determining if and how well the evolved control 
parameters can be implemented on the real robot.  

 
Figure 4. Simulated brittle star robot using Open Dynamics Engine 

In our previous studies (Lal et al., 2006; Lal et al., 2007) we used torque as a parameter to 
control the rotation of the modules, which was simple to implement in ODE simulation. 
Later we realized that torque, as a parameter had no grounding on the physical robot 
because the control of the servomotor through the microcontroller involves varying pulse 
width to control the angle. Thus we have revamped our simulation model to centre on 
phase angle as the primary control parameter for the modules. It is worth mentioning that 
the while the control models presented in the following sections have largely remained 
similar to our previous work, informed choice of parameters have made significant 
difference in the results. 
One of the parameters which influences all the control models presented in the following 
sections deals with the choice of number of states per module. The angular range [-π/3,π/3] 
of the module was discretized into 16 states (0, 1, 2, ..., 15) which provided fairly granular 
control for the control models. 

3. Cellular Automata Based Motion Control 
3.1 Overview 
Historically cellular automata (CA) emerged around 1940’s (Wolfram, 2002) as a quest to 
develop computational mechanisms to resemble information processing systems in nature. 
John von Neumann’s pioneering work in developing models for self-replicating automata 
(Neumann, 1966) set the stage for the future growth of this field. 
Cellular automata consist of a lattice of identical finite state machines (cells) whose state 
changes is governed by some common transition rule. The next state of a cell at time, t+1 is 
determined from the current state of the cell and its neighboring cells at time t. Even the 
simplest rules can result in emergence of interesting patterns over a period of time, as in the 
case of Conway’s game of life which is perhaps the best known two-dimensional cellular 
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automaton used to model basic process in living systems. Crutchfield et al. (2003) treatment 
of evolving CA using GA makes for interesting reading. 
In the field of robotics cellular automata has been used to control self-reconfigurable robots, 
which can autonomously change their shape to adapt to their environment (Bultler et al., 
2001; Stoy, 2006). Furthermore, Behring et al. (2000)  has demonstrated promising use of 
cellular automata as a means to perform path planning using real robot in an environment 
clustered with obstacles. 
In our approach, we modelled the individual modules of the robot as cells in the cellular 
automata lattice. Based on this we incrementally developed three control models for the 
brittle star robot. Genetic algorithm was used to evolve suitable rules for each of the models.  

3.2 Singular Transition Rule for Disjoint Leg Set 
In our initial attempt, the robot (with n = 5 legs and m = 6 modules per leg) was modelled as 
a set of disconnected one-dimensional CA lattice representing the legs of the robot and with 
each cell representing a module. Furthermore we decided to derive a singular CA transition 
rule for all the modules in the robot irrespective of their connection topology. The rational 
behind this was that since the rule would operate on a small neighborhood of modules, 
should any of the modules or legs fail, the overall mobility of the robot should not get 
compromised to a large extent. Furthermore, a single unifying transition rule would make 
the modules truly modular from both hardware and software point of view thus 
maintenance would be a ease in terms of replacement of modules. 
Each cell in the CA framework is representative of a module and it has k = 16 possible states 
to represent the angle of rotation of the module. The neighborhood, η of a cell can 
encompass any number cells in its vicinity. The smaller the neighborhood, lesser the 
communication overhead per cell update. Moreover this also translates into fewer entries in 
the rule table. For this reason we choose the neighborhood of a cell to include only its 
adjacent cells, that is radius, r = 1 (Fig. 5).  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5. Lattice configuration showing states of the modules in the ith leg of the robot. 
Radius r =1 groups 2 cells (modules) adjacent to the current cell to form a neighborhood, η 
which is applied as an input to the transition rule, φ(η). The resulting output is used to 
update the state of the current cell at time, t+1 

To apply the same rule consistently on all the cells, we handle the cells on the edge of the 
lattice with the following boundary conditions for all u {1, 2, … r} 
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As an illustration, for 0th leg with 6 modules and neighborhood radius of 1, the neighbors 
for the cell S00

t  are S05
t  and S01

t . Likewise the neighbors for cell S05
t  are S04

t  and S00
t . 

3.2.1 Genetic Encoding 
There are two key pieces of information, which needs to be encoded in the chromosome; the 
initial states of all the modules and the rule table for working out the state transitions. With 
16 states per cell (4 bits), the first 120 bits of the chromosome is allocated for the initial state 
of the modules. For a neighborhood with a radius r = 1 the number of entries in the rule 
table (Table 1) is 162r+1 = 4096 , thus 16384 bits for encoding the rule table. 
The rule table is encoded in a chromosome as shown in Fig. 6. The output bits are listed in 
lexicographical order of neighborhood. Interestingly, even though the radius is minimum 
possible for cell-cell interaction to take place, the rather large number of states per cell has 
made the search space of possible transition rules phenomenal ( 216504 ). For this reason we 
did not consider increasing the radius. 

Index Neighborhood Output 

0 0000 0000 0000 0010 
1 0000 0000 0001 0100 
2 0000 0000 0010 0000 

 …
     

4096 1111 1111 1111 1101 

Table 1. A sample rule table for (k,r) = (16,1) 

 
Figure 6. Representation of initial states and rule table in a chromosome 

3.2.2 Fitness Function 
The fitness of each chromosome is evaluated by first decoding the rule table it represents. 
The rule is then applied to the simulated model of the brittle star robot for successive state 
transitions (MAX_TRANS) thereby transforming it from initial position, (xi,yi) to the final 
position, (xf,yf). Our primary focus is on forward locomotion of the robot, thus the fitness of 
the chromosome is proportional to the Euclidean distance covered by the robot. 
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3.2.2 Fitness Function 
The fitness of each chromosome is evaluated by first decoding the rule table it represents. 
The rule is then applied to the simulated model of the brittle star robot for successive state 
transitions (MAX_TRANS) thereby transforming it from initial position, (xi,yi) to the final 
position, (xf,yf). Our primary focus is on forward locomotion of the robot, thus the fitness of 
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 F = (x f − xi)
2 + (y f − yi)

2

 (6) 

3.2.3 Genetic Operators 
Based on the fitness of the chromosomes in the population, GA operations; namely selection, 
crossover and mutation are applied to whole population. Firstly selection was performed 
using roulette wheel selection method. In addition the best individual in a generation is 
automatically carried over to the next generation as per the elite selection scheme. The 
selected pairs of chromosomes are crossed over using one-point crossover at randomly 
chosen locus with a crossover probability of PC. Finally, mutation operation involving bit 
flips is applied with a probability of PM to individual genes in chromosomes after the 
selection and crossover operations. 

3.2.4 Simulation Results 
The simulation was carried out over numerous trials using parameters shown in Table 2. In 
each trial, initial population of chromosomes of size (POP_SIZE) was randomly generated 
and GA was executed for a number of generations (MAX_GEN). For each generation, the 
fitness of all the chromosomes in the population is evaluated after which genetic operators 
are applied to the population to create the next generation. 
In evaluating the fitness of a chromosome, first the initial state information encoded in the 
chromosome is used to initialize the simulated robot, and then the encoded transition rule is 
applied for a number of successive transitions (MAX_TRANS) thereby transforming the cell 
lattice. In each transition the object model in the ODE environment is updated accordingly. 
The final position of the robot at the end of MAX_TRANS transitions is used in fitness 
calculation above (6).  
The evolution of transition rules across generations is captured in Fig. 7. As can be expected 
the average fitness of the population increased with passing generation. 

 

Parameter Value 

PC 0.85 

PM 0.15 

POP_SIZE 25 

MAX_TRANS 30 

MAX_GEN 750 

Table 2. Summary of simulation parameters 
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Figure 7. Graph of average and maximum fitness of population against generation for the 
disconnected one-dimensional CA model of the robot 

3.3 Singular Transition Rule for Connected Leg Set 
In this section, we extend the one-dimensional disconnected CA model by connecting 
modules closest to the central disc of the robot (Fig. 8) thus forming a two-dimensional 
structure. The notion of single transition rule for all the modules is adopted for reasons 
described in §3.2. Furthermore the radius describing the neighborhood of a cell is set to 1 
(same as § 3.2). 

 
Figure 8. The two-dimensional CA lattice. The arrows represent the interaction between a cell 
(possibly located somewhere in the middle or on the edge of the lattice) and its neighboring 
cells. Essentially the interaction is similar to the model in §3.2 except modules closest to central 
disc interact with modules in similar position located on the neighboring leg 
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The two neighbors (“right”, R and “left”, L) for a cell at position (i,j) in the n x m lattice is 
given as follows: 

 

R =

S( i+1) j
t if j = 0 and i + 1 < n

S( i+1−n ) j
t if j = 0 and i + 1 ≥ n

Si( j +1−m )
t if j > 0 and j + 1 ≥ m

Si( j +1)
t otherwise
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S( i−1) j
t if j = 0 and i −1 ≥ 0

S( i−1+n ) j
t if j = 0 and i −1 < 0

Si( j−1)
t otherwise
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(8)

 

Using the same procedures and parameters described in §3.2, the simulations were carried 
out using the revised model, the results of which is shown in Fig. 9. Notably the fitness of 
the best chromosome discovered was comparable to that of the previous model. 

 
Figure 9. Graph of average and maximum fitness of population against generation for the 
two-dimensional CA model of the robot 

3.4 Differential Transition Rule for Connected Leg Set 
Building on the earlier models, in this section we present the final CA model, which 
represents the robot using a two-dimensional CA lattice as in the previous section, however 
there are two distinct transition rules for updating the cell states in the lattice. These rules 
are termed as control rule, CR and leg rule, LR. The position of a cell (i,j) in the lattice 
determines which of the two rules would be used to update its state and is given as follows. 

 
Rule =

CR if j = 0
LR otherwise
⎧ 
⎨ 
⎩  

(9)
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Essentially modules closest to the central disc (lead modules) are covered by control rule 
and modules located on other parts of the leg are taken care of by the leg rule. 

3.4.1 Co-evolving the Rules 
Given the differential nature of the rules we decided to employ co-evolutionary algorithm to 
discover the optimal rule set. Co-evolution can be competitive in a nature such as in (Rosin 
& Belew, 1995) where the population includes opponents trying to beat each other in a game 
of Tic-Tac-Toe, or it could be cooperative in nature such as in (Potter & Jong, 2000) where 
populations of match strings collaboratively contribute individual string to form a set of 
binary vectors which is to closely match a target set of binary vectors. 
In our case a population of control rules and another population of leg rules is co-evolved 
cooperatively such that rules from both population need to be combined to control the 
robot. The genotype of individuals in the two population vary slightly in that the 
individuals in the population of control rule encode the initial state of lead modules whereas 
the leg rule individuals encode the initial state of the remaining (non-lead) modules. The 
encoding of state transition rules remain essentially the same as previous CA models. The 
following describes the pseudo code for the co-evolutionary algorithm. 
 
Create random population of control rules PCR and leg rules PLR 
LOOP UNTIL MAX_GEN  

Get best control rule //Rule with the highest fitness; for initial population 
        //best rule is randomly chosen 

LOOP UNTIL MAX_COEVOL_GENERATION 
//Evaluate fitness of individual leg rules  

  LOOP FOR all individuals in PLR 
• Transform lattice model using best control rule and current 

leg rule for MAX_TRANS 
• Get final robot position 
• Calculate fitness, F = (x f − xi)

2 + (y f − yi)
2  

  END LOOP 
  Perform GA operations on PLR  

 END LOOP 
 
Get best leg rule 
LOOP UNTIL MAX_COEVOL_GENERATION 

//Evaluate fitness of individual control rules  
  LOOP FOR all individuals in PCR 

• Transform lattice model using best leg rule and current 
control rule for MAX_TRANS 

• Get final robot position 
• Calculate fitness, F = (x f − xi)

2 + (y f − yi)
2  

  END LOOP 
  Perform GA operations on PCR 

 END LOOP 
END LOOP 
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Essentially modules closest to the central disc (lead modules) are covered by control rule 
and modules located on other parts of the leg are taken care of by the leg rule. 

3.4.1 Co-evolving the Rules 
Given the differential nature of the rules we decided to employ co-evolutionary algorithm to 
discover the optimal rule set. Co-evolution can be competitive in a nature such as in (Rosin 
& Belew, 1995) where the population includes opponents trying to beat each other in a game 
of Tic-Tac-Toe, or it could be cooperative in nature such as in (Potter & Jong, 2000) where 
populations of match strings collaboratively contribute individual string to form a set of 
binary vectors which is to closely match a target set of binary vectors. 
In our case a population of control rules and another population of leg rules is co-evolved 
cooperatively such that rules from both population need to be combined to control the 
robot. The genotype of individuals in the two population vary slightly in that the 
individuals in the population of control rule encode the initial state of lead modules whereas 
the leg rule individuals encode the initial state of the remaining (non-lead) modules. The 
encoding of state transition rules remain essentially the same as previous CA models. The 
following describes the pseudo code for the co-evolutionary algorithm. 
 
Create random population of control rules PCR and leg rules PLR 
LOOP UNTIL MAX_GEN  

Get best control rule //Rule with the highest fitness; for initial population 
        //best rule is randomly chosen 

LOOP UNTIL MAX_COEVOL_GENERATION 
//Evaluate fitness of individual leg rules  

  LOOP FOR all individuals in PLR 
• Transform lattice model using best control rule and current 

leg rule for MAX_TRANS 
• Get final robot position 
• Calculate fitness, F = (x f − xi)

2 + (y f − yi)
2  

  END LOOP 
  Perform GA operations on PLR  

 END LOOP 
 
Get best leg rule 
LOOP UNTIL MAX_COEVOL_GENERATION 

//Evaluate fitness of individual control rules  
  LOOP FOR all individuals in PCR 

• Transform lattice model using best leg rule and current 
control rule for MAX_TRANS 

• Get final robot position 
• Calculate fitness, F = (x f − xi)

2 + (y f − yi)
2  

  END LOOP 
  Perform GA operations on PCR 

 END LOOP 
END LOOP 
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The simulations were carried out again using the same parameters as in §3.2.4, additionally 
MAX_COEVOL_GENERATION was set to 20. The results of search for best control and leg 
rule pair is presented in Fig. 10 & 11. As can be seen the fitness of the controller improved 
compared to the previous control models. This can be attributed to the fact that the 
interaction between the populations within the scope of the co-evolutionary algorithm 
creates greater diversity thus requiring greater adaptation on the part of the individuals in 
the populations. Consequently the stagnation of the search algorithm at local optima that 
was prevalent in the previous simulations was least encountered. 

 

 

 

 

 

  
a) 

 

 

 
b) 
 

Figure 10. Graph of a) maximum fitness, b) average fitness, against generation for the 
control rule 
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a) 

 
b) 

Figure 11. Graph of a) maximum fitness, b) average fitness, against generation for the leg 
rule 

4. Neural network inspired Motion Control 
 While CA-based control architecture produced satisfactory motion some issues remained 
outstanding. In particular due to the inherent nature of cellular automata, the rules obtained 
were tightly coupled with the initial state of the lattice configuration. In other words if the 
initial phase angles of the modules is slightly changed then the resulting motion becomes 
incoherent. Moreover the shear size ( 216504 ) of the search space of possible transition rules 
made the task of learning computationally expensive. The model developed in the following 
sections tries to address these issues. 

4.1 Overview 
Inspired by the information processing ability of biological neurons, the modern day field of 
artificial neural networks, simply referred to as neural networks (NN) has its origins in 1943 
with pioneering work by McCulloch and Pitts (1943) who developed computational model 
of a neuron. NN has been applied in multitude of areas namely pattern classification, 
function approximation, forecasting, optimization and control. While there are numerous 
neural network architectures in existence the fundamental computational model of the 
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neuron essentially remains the same. In a typical NN model the neurons are inter connected 
via synaptic weights. The neuron interacts by transmitting signals to other neurons 
connected to its output depending on the weighted sum of input stimulus to the neuron and 
the activation function. Learning takes place by adjusting the weights such that given an 
input, the output of the NN is as close as possible to the desired output. Interested readers 
are directed to (Jain et al., 1996) as good introductory reference material in neural networks. 
In the literature many notable contributions have been made in the field of robotics and 
control leveraging on GA and NN. Reil and Husbands (2002) successfully simulated bipedal 
straight-line walking using recurrent neural network whose parameters were evolved by 
GA. Porting genetically evolved neural network controller for a hexapod robot from 
simulation model to actual hardware was demonstrated by Gallagher et al. (1996). One of 
the conclusions reached by them was that neural network controller performed extremely 
well in real world in spite of the fact that inertia, noise and delays were not taken into 
account in the simulation.  Hickey et al. (2002) developed a system called creeper featuring 
neural network controller for producing realistic animations of walking figures. The weights 
for the neural network were evolved using GA wherein the fitness of a chromosome 
encoding the weights was related to its performance in controlling the simulated walking 
figure. Application of neural network is not confined to controlling just single robotic agents 
as demonstrated by Lee (2003) in controlling behaviour of multiagent system of simulated 
robots in a predator and prey type environment. Similar to other research work described 
above, GA was used to evolve weights for the neural network behaviour controller. 

4.2 The Control Model 
Neural networks are good at dealing with system parameters whose relationships are not 
easily deducible. Inspired by this, we decided to model the interaction between the modules 
using the principles of NN. It is worth mentioning that the functionality of the model we 
developed though similar to conventional NN has subtle differences that are explained 
below.  
Each of the leg is modelled as a fully connected neural network (Fig. 12) with the modules 
represented as neurons. The modules maintain state information about its current phase 
angle. Furthermore the modules are interconnected via binary weights to model inhibitory 
and excitatory stimulus between them. Formally, wab ∈ {0,1}, where wab represents weight 
between the connection from module a to b. 

 
Figure 12. Conceptual framework for the neural inspired motion control architecture 
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Synchronized propagation of phase information through the network is used to update the 
current state of the modules. The modules closest to the central disc are termed as the lead 
modules. Starting from some initial state, the role of the lead module is to generate cyclic 
pattern in accordance with equation (10). Once the state of the lead module has been 
updated, the states of the remaining modules are then updated sequentially such that the 
module directly next to the lead module is updated first followed by the module next to it 
and so on. 

 Si0
t+1 = (Si0

t +1)  mod  k  (10) 

where k is the number of states per module  
The state of any given non-lead module, Sij in the leg is updated as follows. First the input 
stimulus from the modules closest to the central disc before it is summed. 
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Next an activation function fa  is applied to the summed input to yield the phase angle, or 
in other words the equivalent state information of the module in question.  
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t+1 = fa (Xij
t+1) (12) 

To put it intuitively, equations (11) and (12) allow a module to undergo valid state transition 
using latest state information of modules which underwent state transition just prior to it. In 
summary the state transition of the modules occurs sequentially within a discrete time step.  
Given the rotational nature of the modules we experimented using sinusoidal activation 
function (13) along with the traditional sigmoid activation function (14). It is worth 
mentioning that the parameters chosen for the activation function were done so as to keep 
the rotation of the modules in the allowable range [-π/3,π/3] as shown in Fig. 13. 
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neuron essentially remains the same. In a typical NN model the neurons are inter connected 
via synaptic weights. The neuron interacts by transmitting signals to other neurons 
connected to its output depending on the weighted sum of input stimulus to the neuron and 
the activation function. Learning takes place by adjusting the weights such that given an 
input, the output of the NN is as close as possible to the desired output. Interested readers 
are directed to (Jain et al., 1996) as good introductory reference material in neural networks. 
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well in real world in spite of the fact that inertia, noise and delays were not taken into 
account in the simulation.  Hickey et al. (2002) developed a system called creeper featuring 
neural network controller for producing realistic animations of walking figures. The weights 
for the neural network were evolved using GA wherein the fitness of a chromosome 
encoding the weights was related to its performance in controlling the simulated walking 
figure. Application of neural network is not confined to controlling just single robotic agents 
as demonstrated by Lee (2003) in controlling behaviour of multiagent system of simulated 
robots in a predator and prey type environment. Similar to other research work described 
above, GA was used to evolve weights for the neural network behaviour controller. 
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below.  
Each of the leg is modelled as a fully connected neural network (Fig. 12) with the modules 
represented as neurons. The modules maintain state information about its current phase 
angle. Furthermore the modules are interconnected via binary weights to model inhibitory 
and excitatory stimulus between them. Formally, wab ∈ {0,1}, where wab represents weight 
between the connection from module a to b. 
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Figure 13. Graph of sinusoidal and sigmoid activation functions 

4.3 Evolving Suitable Control Parameters 
For the most part, GA framework was reused from §3 in determining near optimal initial 
states of the lead modules and the weight matrix for each of the legs. The only change to the 
GA framework required is encoding of the chromosome (Fig. 14). Notice unlike CA-based 
control model, the neural network control model requires only the initial state of the lead 
modules to function. 
Compared to §3 the length of the chromosome has significantly decreased as it encodes 4 
bits of initial state and 15 bits of weight matrix per leg. While real number could have been 
used for the weight matrix, in the interest of keeping search space manageable we decided 
just to use binary weights. Notably the search space (295) though significant is manageable in 
comparison with the search space for the CA-based model. 
 
 
 
 

 
Figure 14. Genetic encoding of initial state and weight matrix 

Using the similar procedures and parameters described in §3, the simulations were carried 
out using the revised model. The results obtained (Fig. 15, 16) indicated that the neural 
network model with sinusoidal activation function surpassed all the other models in terms 
of maximizing fitness. 
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Figure 15. Graph of average fitness and maximum fitness of population against generation 
using sigmoid activation function 

 

 
Figure 16. Graph of average fitness and maximum fitness of population against generation 
using sinusoidal activation function 
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5. Experimentation 
In section we analyze the quality of the controllers evolved in terms of the motion 
characteristics produced and robustness of the control system in dealing with failure of 
modules. The following abbreviations have been adopted to refer to the controllers:  

CA1d - One dimensional CA controller (§3.2)  
CA2dSing – Two dimensional CA with singular transition rule (§3.3) 
CA2dDiff - Two dimensional CA with differential transition rule (§3.4) 
NNsig – Neural network controller with sigmoid activation function (§4) 
NNsin - Neural network controller with sinusoidal activation function (§4) 

5.1 Fault Tolerance 
Evolving control parameters using GA is no doubt a time consuming process. Thus it would 
be highly desirable to have a robust control architecture, which can deal with module 
failures without having to be retrained. 
In evaluating the robustness of the proposed models, module failure was simulated by 
configuring the module to be unresponsive to input stimulus thereby maintaining a fixed 
state. Simulation of the robot with a set of failed modules was carried out for 30 state 
transitions. The distance is then measured and used to calculate the degree of mobility (MD) 
defined simply as: 
 

 M D = distance traveled by robot with set of failed modules
distance  traveled  by  robot  without  failed  modules

×100%  (15) 

Failure was induced one by one in all the modules and the corresponding degree of mobility 
of the robot is depicted in Fig. 17. From the results it is apparent that the degree of mobility 
is greatly influenced by the position of the failed module, and the two streams of control 
model seem to handle failure differently. Overall the NN models performed better than CA 
models in the presence of module failure. 
Within the CA models performance degradation was fairly distributed across the spectrum 
of individually failed modules. The two-dimensional models (CA2dSing & CA2dDiff) were 
more affected by the failure of the lead modules as it happens to be the point of connection 
between the legs. Overall CA2dDiff showed greater resilience compared to the other CA 
models. 
Within the NN models the effects of failure of lead modules was noticeable. Needless to say 
the lead module is an important part of the control system as it provides the initial state 
information, and also the state transition of other modules is synchronized with the 
propagation of phase information from the lead module. Thus we can expect the failure of 
lead module would be the major contributor in hindering the overall mobility of the robot.  
Finally, in the single module failure scenario, out of the 30 modules, 15 modules in NNsig 
and 8 modules in NNsin can fail with the robot still retaining 80% of its original mobility. 
Interestingly, for NNsin 6/30 (20%) of the modules can fail without compromising the 
mobility of the robot at all.  
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Figure 17. Graph of degree of mobility against single module failure for all the models 
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5.2 Motion characteristics 
Each of the controllers with best evolved parameters were run on the simulated robot for 30 
state transitions, which is the same as the number of state transitions used by GA in 
evolving the controllers. The displacement of the central disc body of the robot from start to 
finish is depicted in Fig. 18. As can be seen the disc body of the robot did sway from side to 
side which is to be expected from robot of such nature. NNsig had the least amount of 
deviation on the straight-line path from start to finish. Though NNsig was the slowest of the 
lot, it nonetheless produced the smoothest motion. 
 

 
Figure 18. Displacement (cm) of the robot using each of the evolved strategies 

An obvious observation is that the different controllers drove the robot in different 
directions, which would lead one to ponder as to how to get the robot to move in a desired 
direction. Well once the initial heading of the robot using a given controller has been 
determined, the robot can rotate about the centre of its disc body to the desired heading. An 
alternative to this can exploit the modular nature of the robot by swapping the control 
parameters between the legs and hence changing direction of motion. 
In evaluating the fitness of a chromosome, the control parameters represented by the 
chromosome was applied to the simulated robot for MAX_TRANS = 30 state transitions. We 
are interested in knowing whether the results obtained can be extrapolated beyond this 
duration. Thus the motion of the robot using best control parameters discovered by GA was 
simulated beyond MAX_TRANS.  
A clear demarcation in the behaviours of the CA based control models and NN based 
control models is captured in Fig. 19. The CA models peaked off around 30 state transitions 
after which their performance gradually degraded. Observations of the simulated robot 
using CA controller generally showed cyclic behaviour after exceeding MAX_TRANS. The 
NN controllers on the other hand made progress even after exceeding MAX_TRANS, 

Evolutionary Distributed Control of a Biologically Inspired Modular Robot 

 

563 

though it must be pointed out that this rate became slower in the interval after 
MAX_TRANS.  

 

 
Figure 19. Graph of distance travelled against state transition using the best-evolved control 
parameters for each of the control models 

The manner in which the controllers behave is intricately linked with the nature of 
evolutionary algorithm, which produced them. Genetic algorithm or for that matter any 
other evolutionary algorithm provide solution which is highly suited to a specific problem. 
In our case asking GA to evolve controllers to cover a maximum distance within 30 state 
transitions, will do exactly that. If we had used much larger number of state transitions, the 
evolved controllers except for covering greater distance, would display similar 
characteristics as the current controllers. One way to deal with this limitation is to let the 
robot move up till MAX_TRANS, reinitialize the state of the modules, and restart the state 
transitions from the beginning. 
It is remarkable to see how the choice of activation function has influenced the strategy 
evolved by the neural network controller. Observations of state transition of individual 
module under the control of NNsig showed clustering of states, in other words given the 
current state of a module the probability that the next state will be the current state or the 
neighboring state was high. In contrast no such ascertains could be made about NNsin.  The 
strategy employed by NNsin was quite unique compared to other controllers whose 
strategies resembled crawling motion. It involved coiling the legs, followed by lifting the 
disc body and then edging forward while uncoiling the legs and finally easing the disc body 
on to the ground as shown in Fig. 20. 
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Figure 20. Snapshots of the robot’s motion under the control of NNsin 

6. Conclusion 
 The process of evolution by natural selection enables search for best solutions by adapting 
to the problem domain as time passes by. While we have utilized GA to find suitable 
parameters for our control models it is worth mentioning that from a global viewpoint the 
models in turn have evolved from trial and error means of motion control, to CA-based 
control architecture, to the neural inspired motion control model. 
In light of the results, the CA2dDiff control model, whose parameters were derived using 
co-evolutionary approach, came out on top amongst the CA-based control models. 
However, the neural network based models showed better performance in terms of motion 
characteristics as well as exhibiting greater degree of resilience in overcoming scenarios 
involving failure of modules. The NN model with the sinusoidal activation function 
maximized the fitness function by covering the greatest distance, on the other hand the NN 
model with sigmoid activation function exhibited smoother motion characteristics. 
Though the results are promising, this however does not imply the end of the road in the 
evolution of suitable controllers for the robot. There is still a lot that can be done to improve 
the robustness of the robot. One of the ideas is to leverage off the host-parasite analogy in 
coevolving a population of controllers with a population of test failure scenarios. 
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Evolutionary algorithms are goal driven. This makes them wonderful problem solving tools 
in that one has to describe the general framework of what the solution looks like and it does 
the rest by adaptively piecing the details. Being focused only on the end goal in terms of 
maximizing a fitness function is not always the best approach, as sometimes the route taken 
to achieving the goal matters more the end goal. In our case rather than focusing on 
maximizing the distance covered in a given number of state transitions, it is perhaps 
worthwhile exploring the nature of state transitions and seeking for specific states, which 
have the most influence in reaching the end goal. To this effect, we are considering markov 
model and reinforcement learning as future research options. 
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1. Introduction 
The purpose of our research is to achieve a method of intuitive motion design that could be 
used by people who have no specialized knowledge of robotics in order to operate 
humanoid robots. Currently, as a result of the research conducted by Nishiwaki et al., stable 
walking of humanoid robots can be generated in real time (Nishiwaki et al., 2002). This 
method focuses primarily on walking, but it can easily be expanded to include any type of 
motion which is conducted on the same plane and with a level centre of mass. Nakaoka et 
al., using the method of walking motion generation devised by Nishiwaki, succeeded in 
capturing the motions of people dancing and enabling humanoid robots to mimic them 
(Nakaoka et al., 2003). In order to convert the motion expression obtained by capturing 
those motions into movement that could be realized by humanoid robots, they analyzed the 
primitive aspects of the leg motions. This made it possible to specify the primitive elements 
and the parameters, and to dynamically reproduce the leg movements performed in 
dancing in a stable manner. However, designing motion using the method devised by 
Nakaoka et al.  requires a motion capturing system. It also requires people who can express 
the motions to be captured. Because of that, motion generation becomes a large-scale 
undertaking. 
On the other hand, various methods have been proposed as intuitive methods for 
generating movements to be executed by humanoid figures in 3D-CG (3D computer 
graphics). These include the UT-Poser method proposed by Yamane and Nakamura. 
(Yamane & Nakamura, 2002), which uses pins to fix links and drags movable links, making 
it possible to generate any desired pose. There is also the Interactive Evolutionary 
Computation (IEC) (Takagi, 1998) method by Wakaki and Iba (Wakaki & Iba, 2002), in 
which any desired motion can be created simply by selecting a motion displayed on the 
screen. In motion design for humanoid robots, however, unlike in computer graphics, 
movements need to be generated that are actually feasible under the physical limitations 
imposed by the real world. For example, there are limits to the joint angles that can be 
expressed by humanoid robots, and when the robots come in contact with the ground, the 
soles of their feet have to be horizontal (we will explain the difficulties by examples in 
section 2.2). In order to apply motion generated using computer graphics with humanoid 
robots, this method has to be modified. 
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The purpose of our research is to achieve a method of intuitive motion design that could be 
used by people who have no specialized knowledge of robotics in order to operate 
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walking of humanoid robots can be generated in real time (Nishiwaki et al., 2002). This 
method focuses primarily on walking, but it can easily be expanded to include any type of 
motion which is conducted on the same plane and with a level centre of mass. Nakaoka et 
al., using the method of walking motion generation devised by Nishiwaki, succeeded in 
capturing the motions of people dancing and enabling humanoid robots to mimic them 
(Nakaoka et al., 2003). In order to convert the motion expression obtained by capturing 
those motions into movement that could be realized by humanoid robots, they analyzed the 
primitive aspects of the leg motions. This made it possible to specify the primitive elements 
and the parameters, and to dynamically reproduce the leg movements performed in 
dancing in a stable manner. However, designing motion using the method devised by 
Nakaoka et al.  requires a motion capturing system. It also requires people who can express 
the motions to be captured. Because of that, motion generation becomes a large-scale 
undertaking. 
On the other hand, various methods have been proposed as intuitive methods for 
generating movements to be executed by humanoid figures in 3D-CG (3D computer 
graphics). These include the UT-Poser method proposed by Yamane and Nakamura. 
(Yamane & Nakamura, 2002), which uses pins to fix links and drags movable links, making 
it possible to generate any desired pose. There is also the Interactive Evolutionary 
Computation (IEC) (Takagi, 1998) method by Wakaki and Iba (Wakaki & Iba, 2002), in 
which any desired motion can be created simply by selecting a motion displayed on the 
screen. In motion design for humanoid robots, however, unlike in computer graphics, 
movements need to be generated that are actually feasible under the physical limitations 
imposed by the real world. For example, there are limits to the joint angles that can be 
expressed by humanoid robots, and when the robots come in contact with the ground, the 
soles of their feet have to be horizontal (we will explain the difficulties by examples in 
section 2.2). In order to apply motion generated using computer graphics with humanoid 
robots, this method has to be modified. 
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In our paper, the desired motion is designed using IEC as an intuitive method of motion 
design for humanoid robots and is aimed at people with no specialized knowledge of 
robotics and with no large-scale equipment. The aim is to achieve stable motions by 
following the desired ZMP (i.e., zero moment points). Because the motion generated via IEC 
is not necessarily the optimum motion, some form of optimization is necessary. Particularly 
in cases where the motion involves contact with an object that produces a reaction force, 
such as kicking a ball, optimization is necessary because of the reciprocity that occurs 
between the ball travel distance and the stability of the robot. For instance, Wolff and 
Nordin proposed an EC-based learning method in order to acquire stable biped walking for 
a simulated humanoid robot (Wolff & Nordin, 2003). However, this method requires a 
specialized gait controller manually developed to produce the initial population. On the 
other hand, in our approach, we can create the initial population from the motions 
generated via IEC. 

 
Figure 1. The flow of the experiment 

In our research, we have used a dynamics simulator and carried out optimization using a 
genetic algorithm (GA) of the motions designed using IEC. Fig. 1 shows an overview of the 
experiment, which consists of two phases. In the first, IEC is used to evolve robot 
behaviours: users evaluate visually displayed robot motions that are generated with 
kinematic and stability constraints. In the second phase, GA is used to optimize the 
behaviour obtained from phase 1, by using the dynamics simulator. 
This paper describes how successfully EC is applied to the generation of real motions for a 
humanoid robot. More precisely, we empirically show the following points by several 
experiments: 
• IEC is effectively applied to designing the intuitive motions of a humanoid or a group 

of humanoids, e.g., kicking behaviour and cooperative dance. 
• GA can be used to stabilize the motions generated by the above IEC-based method.  
• The effectiveness of our approach is demonstrated by testing the generated motions 

with a real robot, i.e., HOAP-1. 
The rest of this paper is organized as follows. In Section 2, we describe the experimental 
environment and the difficulties of generating humanoid's motions. IEC-based method is 
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proposed to avoid these difficulties. Their experimental results are shown in Section 3. Then, 
we explain how generated motions are optimized by means of GA in section 4. Thereafter, 
we discuss the results in Section 5 and give conclusion in Section 6. 

2. Motion design for Humanoid Robot 
2.1 Humanoid Robot and its Simulator 
In our research, we have used the HOAP-1 (Humanoid for Open Architecture Platform) 
robot manufactured by Fujitsu Automation, as shown in Fig. 2. Motions were controlled by 
specifying the joint angles of the 20 joints of the entire body every 0.002 seconds. The 
characteristics of the HOAP-1 are noted below: (1) Height: 483 [mm], Weight: 5.9 [kg]. (2) 
The internal interface between the hardware and software is available for public use. (3) For 
movable parts, each leg had six degrees of freedom and each arm had four degrees of 
freedom, for a total of 20 degrees of freedom on the left and right sides. (4) The robot had the 
following functionalities: a joint angle sensor, a 3-axis acceleration sensor, a 3-axis gyro 
sensor and two foot load sensors. 

 
Figure 2. The HOAP-1 

OpenHRP (Kanehiro et al., 2004) is used as the dynamics simulator. It is a software platform 
for humanoid robotics, and consists of a dynamics simulator, view (camera) simulator, 
motion controllers and motion planners of humanoid robots. 

2.2 Difficulties of generating motions by using 3D-CG 
When designing motions for a humanoid, it is essential to consider the contact with other 
objects and the external forces such as gravity so that the robots can move in a real 
environment. On the other hand, in case of 3D-CG humanoid figure, the motion design is 
more highly flexible, because the real-world constraints do not necessarily apply. Fig. 3 
shows the typical design result of a kicking motion by means of 3D-CG, in which IEC was 
applied to generating keyframes of humanoid animations according to (Wakaki & Iba, 
2002).  We determined the motion of an avatar used in H-Anim in such a way that the 
amount of rotation of the joints could be obtained from the genes from IEC. In this design 
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example, we ignored gravity or forces of floor repulsion and fixed the position of the waist 
links. In the figures, (a) shows the keyframes of the designed kick motion. (b) gives the 
motion sequence between the first and second key frames, whereas (c) is the same motion 
sequence simulated considering the gravities and the repulsion force. As can be seen from 
the figures, the robot fell down when he raised his foot. This is because of the ignorance of 
external forces such as gravity or repulsion forces when designing motion by simulation. 
However, it is usually very difficult to include all the influences of these external forces 
beforehand for simple simulation. Therefore, the traditional 3D-CG technique has serious 
limitation to the application of designing robot motions in a real environment. The next 
section describes how IEC can generate stable motions by using ZMP calculation. 

 
Figure 3. Applying 3D-CG method 

3. Motion design using IEC 
3.1 IEC-based motion design for a humanoid robot 
Fig. 4 shows an overview of the motion design using IEC. The system provides the user with 
the motions generated using IEC. The design is created by the user looking at these motions 
and evaluating them. Everything that requires any specialized knowledge about humanoid 
robots, such as kinematics calculation, is done internally by the system, so the motions can 
be designed simply by having the user look at the screen and evaluate the motions. 
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Figure 4. The IEC algorithm 

3.2 Expressing motion 
In our experiment, we have used the keyframe animation technique, which is often used 
with 3D-CG as a method of expressing motion. With keyframe animation, motion is 
expressed as the combination of a pose and a timeframe, and interpolation of the time 
between the poses is carried out to produce the animation. In (Wakaki & Iba, 2002), Wakaki 
et al. created the animation by creating the joint angle values for the entire body of the 
humanoid figure using interactive GA or interactive GP. With humanoid robots, if the joint 
angle values are set without taking the conditions of the support leg into consideration, 
there is very little possibility of generating an individual robot that will not fall down. With 
that in mind, we propose a method for specifying poses and an interpolation method, which 
together satisfy the conditions such that the humanoid robot will not fall down. 

3.3 Pose Definition 
Let us consider the process of assigning numeric values to poses in terms of keyframes. The 
weight of the robot has to be supported, and also important is the question of how to 
express the positions and attitudes of legs, because they might bump into or interfere with 
each other. If the poses likely to be taken by the humanoid robot are grouped based on the 
relationship of the feet to the floor, there are three cases to be considered: when both feet are 
in contact with the floor, and when one foot (right or left) is on the floor. If the position of 
the ankle of the support leg is determined, the state positions and attitudes that will keep 
the humanoid robot from falling over are limited, so the position and orientation of the 
ankle of the support leg should be set as the reference for poses of the entire body. 
The position for the landing point of the support leg, as shown in Fig. 5, is decided based on 
the polar coordinates ),( θr  that use the support leg ankle position from the prior keyframe 

as a reference. The orientation is determined by the parameterφ . In order to prevent 
interference between the feet, the origin of the coordinates is offset from the ankle position 
of the support leg by the amount of the waist link, perpendicular to the orientation of the 
ankle. However, because the size of r that can be realized by means of θ  is different, r  is 
defined within a range solved by inverse kinematics. The ankle attitude is specified such 
that the sole of the foot is horizontal. This parameter is effective in cases when the support 
leg is changing, such as when shifting from one leg on the ground to both feet on the 
ground, or from the right foot on the ground to the left foot on the ground.  
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Figure 5. Specifying the ankle position of the support leg 

The ankle of the swing leg is specified as shown in Fig. 6. The position of the ankle is 
specified using a cylindrical coordinate system ),,( hr θ . In this coordinate system, the 
origin is the position offset from the support leg ankle position by the amount of the waist 
link, perpendicular to the orientation of the ankle. Additionally, the ankle attitude is 
specified based on the roll angle, pitch angle and yaw angle. If the two feet are close 
together, or if the position of the swing leg ankle is near the floor, the feet may bump into 
each other in some cases, depending on the attitude of the ankle. In a case such as this, we 
restricted the attitude of the ankle to avoid collision. If both feet are in contact with the 
ground, this parameter is invalid. 
 

 
Figure 6. Specifying the position of the swing leg ankle 

For the arms, which do not have to support the weight of the humanoid robot, we specified 
an arm joint angle with a total of eight degrees of freedom for the left and right arms 
together. For the waist link, we specified the height and the attitude. 
The attitude was provided by the roll angle, pitch angle and yaw angle, using the support 
leg ankle link as a reference. When both feet were in contact with the ground, the ankle link 
of the right foot was used as a reference. 
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Table 1 shows a summary of the parameters used to decide the poses. Maximum and 
minimum values were determined for each parameter in advance, and these were handled 
by being normalized at [0, 1]. Because stabilization was the highest priority, the maximum 
and minimum values of the elements were set lower than the limit values. 

 Element name Degrees of freedom 
(a) Type of pose 1 
(b) Landing position and direction of support leg 3 
(c) Swing leg ankle-link position 3 
(d) Swing leg ankle-link attitude 3 
(e) Arm joint angle 8 
(f) Waist-link height 1 
(g) Waist-link attitude 3 

Table 1. Pose parameters 

3.4 Converting from a pose to motion 
For the arms, which do not need to support the weight of the robot, the joint angles were 
smoothly interpolated using the natural cubic spline method. In converting the poses to 
motion, the interpolation has to be carried out under the condition that the calculation ZMP 
is not outside the actual support polygon, as explained below. 
The centre of pressure of the floor reaction force in that state is called the ZMP 
(Vukobratovic & Stepanenko, 1972). A "support polygon", as shown in Fig. 7, can be defined 
as a convex closure that is the convex hull formed by the set of contact points of the robot 
and the floor. The left part of Fig. 7 shows the case in which both feet are on the floor, and 
the right part shows one foot in contact with the floor.  

             
Figure 7. Support polygon 

If the ZMP ends up being outside the actual support polygon, however, the robot will fall 
down. With that in mind, in order to prevent the robot from falling down in our experiment, 
we can correct the provided poses when interpolating them so that the ZMP resulting from 
the calculation of the physical model would not be outside the support polygon. The leg 
motions are derived according to the following sequence: 
• Decide the landing position  
• Derive the centre of mass position by the desired ZMP  
• Calculate the support leg joint angles 
First, the landing position of the support leg is decided. This derivation is based on (a) Type 
of pose and (b) Landing position and direction of the support leg. When the landing 
position is decided, the support polygon is also calculated. When one foot is on the floor 
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Evolutionary Motion Design  for Humanoid Robots 

 

573 

Table 1 shows a summary of the parameters used to decide the poses. Maximum and 
minimum values were determined for each parameter in advance, and these were handled 
by being normalized at [0, 1]. Because stabilization was the highest priority, the maximum 
and minimum values of the elements were set lower than the limit values. 

 Element name Degrees of freedom 
(a) Type of pose 1 
(b) Landing position and direction of support leg 3 
(c) Swing leg ankle-link position 3 
(d) Swing leg ankle-link attitude 3 
(e) Arm joint angle 8 
(f) Waist-link height 1 
(g) Waist-link attitude 3 

Table 1. Pose parameters 

3.4 Converting from a pose to motion 
For the arms, which do not need to support the weight of the robot, the joint angles were 
smoothly interpolated using the natural cubic spline method. In converting the poses to 
motion, the interpolation has to be carried out under the condition that the calculation ZMP 
is not outside the actual support polygon, as explained below. 
The centre of pressure of the floor reaction force in that state is called the ZMP 
(Vukobratovic & Stepanenko, 1972). A "support polygon", as shown in Fig. 7, can be defined 
as a convex closure that is the convex hull formed by the set of contact points of the robot 
and the floor. The left part of Fig. 7 shows the case in which both feet are on the floor, and 
the right part shows one foot in contact with the floor.  

             
Figure 7. Support polygon 

If the ZMP ends up being outside the actual support polygon, however, the robot will fall 
down. With that in mind, in order to prevent the robot from falling down in our experiment, 
we can correct the provided poses when interpolating them so that the ZMP resulting from 
the calculation of the physical model would not be outside the support polygon. The leg 
motions are derived according to the following sequence: 
• Decide the landing position  
• Derive the centre of mass position by the desired ZMP  
• Calculate the support leg joint angles 
First, the landing position of the support leg is decided. This derivation is based on (a) Type 
of pose and (b) Landing position and direction of the support leg. When the landing 
position is decided, the support polygon is also calculated. When one foot is on the floor 
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(Figure 8), the desired ZMP is taken as the centre of mass position of the support polygon. 
The waist-link height is the same as the one in the previous keyframe, and the waist-link 
attitude is upright. Next, the ankle position and attitude of the swing leg are decided based 
on (c) Swing leg ankle-link position and (d) Swing leg ankle-link attitude. 

 
Figure 8. Converting from a pose to motion: when one foot is on the floor 

When both feet are in contact with the floor (Fig. 9), the desired ZMP is decided based on (f) 
Waist-link height. Next, the waist-link attitude is derived from (g) Waist-link attitude. 

 
Figure 9. Converting from a pose to motion: when both feet are on the floor 

3.5 Dynamic Balance 
In order to determine the centre of mass trajectory that will satisfy the desired ZMP 
trajectory, as in the motion generation method used by Nakaoka et al. (Nakaoka et al., 2003), 
our method uses the fast generation method of motion pattern that follows the desired ZMP 
proposed by Nishiwaki et al. (Nishiwaki et al., 2002). 
On a discrete system, supposing all the segments are restricted to be translated horizontally 
in the same distance, the following equation is acquired: 
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where zmpx  is a difference between a calculated ZMP and a desired ZMP, x  is a translation 

distance of centre of mass to realize the desired ZMP, it  is time at frame i, h  is height of 

centre of mass, tΔ  is time per one frame. This equation is about x-axis, and similar equation 
applies to y-axis. This equation is expressed by information from 3 consecutive frames. These 
kinds of equations are solved as tridiagonal simultaneous linear equations. This method 
cannot figure out a result which completely follows the desired ZMP trajectory in one 
calculation because the constraint that all the segments translate parallel in the same distance is 
actually impossible. However, by iterating the calculation, a converged result is acquired. 
After that, the waist-link position is calculated from the centre of mass position. The support 
leg joint angles are decided using inverse kinematics so that the relationship between the 
waist-link position and ankle position is satisfied. 

3.6 Setting the evolution calculation 
When carrying out motion design using IEC, it is conceivable that the poses and times for all of 
the keyframes could be searched for at one time, but the large number of degrees of freedom in 
the joints of humanoid robots may make the search range too huge. For this reason, we 
progressively generate each pose and time by IEC, according to the following method. 

 Element name Degrees of freedom 
(c) Swing leg ankle-link position 3 
(d) Swing leg ankle-link attitude 3 
(e) Arm joint angle 8 
(f) Waist-link height 1 
(g) Waist-link attitude 3 

Table 2. Elements of GTYPE: IEC 

The real-valued GA is used to optimize the 18 parameters (shown in Table 2) of the pose of 
the final time. Thus, GTYPE consists of 18 real values.  In most cases, the landing position 
can be determined from the travelling direction of the robot. Deciding the landing position 
by IEC prevents the convergence of the other parameters. We indicate the parameters of the 
landing position by using a simple GUI instead of IEC. The position ),( θr  can be specified 

by clicking in the predetermined feasible area, and the direction )(φ  can be changed by 
dragging the footstep. 
The motion calculation is carried out as follows: 
1. A new keyframe is added to the motion, and the pose is randomly generated.  
2. The poses are converted to the motion. 
3. The motion is shown to the user. 
4. The user evaluates the individuals. The design is terminated, if a sufficient pose is 

obtained.  
5. The next-generation is created. Then, return to step 2. 
Figure 10 shows a snapshot of our IEC-based motion design system. The user looks at the 
motions displayed on the screen and uses the slider under each pose to provide an 
evaluation value. In the displayed motions, the calculated joint angles have been played 
back using forward kinematics, and are not the result of a dynamics simulation. 
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can be determined from the travelling direction of the robot. Deciding the landing position 
by IEC prevents the convergence of the other parameters. We indicate the parameters of the 
landing position by using a simple GUI instead of IEC. The position ),( θr  can be specified 

by clicking in the predetermined feasible area, and the direction )(φ  can be changed by 
dragging the footstep. 
The motion calculation is carried out as follows: 
1. A new keyframe is added to the motion, and the pose is randomly generated.  
2. The poses are converted to the motion. 
3. The motion is shown to the user. 
4. The user evaluates the individuals. The design is terminated, if a sufficient pose is 

obtained.  
5. The next-generation is created. Then, return to step 2. 
Figure 10 shows a snapshot of our IEC-based motion design system. The user looks at the 
motions displayed on the screen and uses the slider under each pose to provide an 
evaluation value. In the displayed motions, the calculated joint angles have been played 
back using forward kinematics, and are not the result of a dynamics simulation. 
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Figure 10. Evaluation screen for IEC 

3.7 Stability of generated motions 
We provide a stability comparison between the proposed method and the 3D-CG method 
described in section 2.2. In this experiment, randomly generated motions were evaluated in 
the dynamics simulator. The motions were expressed by three keyframes. The first and third 
keyframes were fixed upright postures, and only the second keyframe was randomly 
generated. After interpolating the keyframes, the motions were evaluated by whether the 
robot fell down or not in the dynamics simulator.  

Method Number of success Number of failures Success rate (%) 
3D-CG method 9 991 1 
Proposed method:
total 974 28 97 

Proposed method:
both feet 326 8 98 

Proposed method:
right foot 326 8 98 

Proposed method:
left foot 322 12 96 

Table 3. Success rate of randomly generated motions 
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The experimental result is shown in Table 3. The success rate of the motion generated by 3D-
CG method is very low. So if 3D-CG method is applied to motion design for a humanoid 
robot, all the individuals must be inspected using the dynamics simulator. Moreover, it is 
usually very difficult to evolve such highly-fatal individuals using ordinary Evolutionary 
Computation.  
On the other hand, the proposed method generates stable motions with a much higher rate 
than the 3D-CG method. ZMP errors and interferences during the interpolation period 
between the keyframes were observed as causes of the failed motions for the proposed 
method. Both of them can be detected during the interpolation stage. Therefore, the 
proposed method enables the effective generation of stable motions. 

3.8 Evolved behaviours of a humanoid robot 
Figure 11 shows the simulation result for a kicking motion. The elements that were searched 
for were only the types of poses and the position of the right ankle, which was the swing 
leg. All the other parameters were fixed. Moving slowly, the robot was able to achieve a 
kicking motion without falling down, although the ball travelled only a short distance. With 
the kicking motion, the robot came in contact with the ball as well as with the floor, so there 
was offset between the ZMP that was obtained through the calculation using IEC and the 
actual ZMP. The stronger the reaction force from the ball, the larger the offset became. 
 
 
 
 

 
Figure 11. Example of motion design: Kicking 

Another example is the cooperation dance of multiple robots. The dance of each robot was 
created with the above-mentioned method (see Figure 12). Although the robot moved 
slowly, the dance, which included the elements of a shift in the centre of mass and a tilting 
of the upper body, was carried out by the actual robots. With the simulator, the generated 
motion was stable without adding any particular changes. With the actual robots, however, 
when the dance was executed by the three HOAP-1 robots, one of the robots was unstable 
when lifting its feet. When the motions were modified so that the feet were not lifted as 
high, all three robots demonstrated the stable motion shown in Fig. 13. The learning process 
of cooperative behaviours among humanoid robots is described in details in (Inoue et al., 
2004, 2007). 
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Figure 12. Example of motion design: A single dance 

 

 

 

 
Figure 13. Example of motion design: Cooperative dance 
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4. Motion optimization using a GA 
In the previous section, motions were generated through IEC according to the relation 
between the support foot and ZMP. However, generated motions were not necessarily 
stable. This is because the precondition for the stability, i.e., supporting polygon or external 
forces, is dynamically changing, especially when a robot is in contact with some object 
which is not a floor. In order to solve this difficulty, we employ real-valued GA for the sake 
of optimizing the generated motions in terms of the stability. This section describes two 
successful examples, i.e., optimizing a kicking motion and a sitting motion. 

4.1 Optimizing a sitting motion 
In order for a humanoid robot to sit on a box from a standing position, he has to move his 
gravity centre from his foot back to the contact place of the box and his waist link. Thus, it is 
very difficult to design by using only IEC. 
 

 
Figure 14. Sitting motion: Initial Pose, Final Pose 

Suppose that two keyframes shown in Fig. 14 have been generated from IEC. Fig. 14 shows 
an initial standing position, whereas a robot finally bends his hip and knee joints at 90 
degrees in Fig. 14. 
We use GTYPE encoding the following items: 
• the angles of the hip joint, the knee joint and the ankle joint for the intermediate 

position and the final position 
• the time step for the intermediate position 
• the time step for the final position 
The fitness value is derived in the following way: 

 ),exp(2)exp())sin(exp( maxmax rVfitness −+−+−= θ  (2) 

where maxθ , maxV , r  are defined as follows: 

• Maximum lean of chest link during the motion ( maxθ )  

• Maximum velocity of chest link during the motion ( maxV )  
• Distance between waist link and surface of box ( r ) 
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Figure 13. Example of motion design: Cooperative dance 
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The terms of ))sin(exp( maxθ−  and )exp( maxV−  are expression for evaluating the 

stability, whereas )exp( r−  represents how successfully the task is achieved. In the above 

definition, )exp( r−  is multiplied by two for the purpose of equalizing the two evaluation 
criteria. 
Fig. 15 shows the evolved motion in a typical run. As can be seen from the third and fourth 
snapshots, the robot turns his angle joint and bends his body so that he can sit while keeping 
his gravity centre within the support polygon. The fourth and fifth snapshots show the 
contact of the corner of the waist parts with the box. In the fifth and sixth snapshots, the 
robot moves its gravity centre to the box while turning round the corner of the waist parts, 
as a result of which the robot can successfully achieve the sitting task. 
Figure 16 plots the waist position in x and z coordinates for the best evolved individual and 
the linear interpolation method. The linear interpolation is commonly used in robotics for 
the sake of interpolating poses, e.g., Sony SDR-4X (Kuroki et al., 2003). Initial position 
corresponds to the upper right corner, whereas final position is on the lower left corner. 
Dots are plotted every 0.2 second so that the slower the moving velocity, the narrower the 
interval between the two dots. 

 
Figure 15. Sitting motion: best individual 

Note that the slope of the best individual's curve is decreasing, which means that robot 
motions are changing gradually from vertically to horizontally. In the left corner, the slope 
is suddenly changed. This is the branching point when the robot moves its weight from the 
support polygon of its foot back to the box surface. The vertical distance of the waist link at 
that time was less than 5[mm] for the best individual, whereas it was about 20[mm] for the 
linear interpolation. The intervals between two dots are relatively wider for the linear 
interpolation, which means the motion velocity is faster. On the other hand, the narrow 
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intervals of the best individual reflect the slow motions, which can be observed in the fifth 
and sixth snapshots in Fig. 15. 
 
 

 
Figure 16. Sitting motion: Position of waist link 

4.2 Optimizing a kicking motion 
The kicking motion created using IEC in the previous section was carried out slowly, so that 
the ball did not travel a great distance. 
In order to increase the distance travelled by the ball, the speed at which the tip of the foot is 
moving at the instant it contacts the ball has to be increased. However, the following 
elements, which reduce the stability, also increase as the speed of the tip of the foot 
increases: 
• The reaction force from the ball 
• The raising moment of the foot 
Thus, we try to increase the distance travelled by the ball by using the real-valued GA to 
search for the poses in a keyframe and the pose times as explained below. The four 
keyframes of the kicking motion created using IEC, shown in Figure 11, were provided as 
the initial conditions. Three new keyframes were also added, in which the right foot was in 
the intermediate position of each pose, so searching was done with a total of seven 
keyframes. In this experiment, in order to obtain smooth motions, we have interpolated the 
intervals between keyframes using the natural cubic spline method. 
Using real-valued GA, we searched for swinging of the arms in the forward and backward 
directions, raising of the right foot, and swinging of the upper body in the forward and 
backward directions. The GTYPE used in our experiment has the eight real elements shown 
in Table 3 for each keyframe. Because the operation targeted five keyframes, excluding the 
first and last keyframes, and the time of the last keyframe, a total of 41 real-value parameters 
were optimized. 
For the position of the ankle link, global coordinates ),,( zyx  were used as the GTYPE 
elements. Because of the usage of global coordinates, the positions specified for the ankle 
link are sometimes unlikely to be feasible, but in those cases a lethal gene results. 
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For each individual, a dynamics simulation was carried out using OpenHRP, and the results 
were used to evaluate the robot. The fitness value was provided using the following 
equation: 

 )),exp(1()exp( max rVfitness −−+−=  (3) 

where the maximum value for the chest-link velocity ( maxV ) and the ball travel distance ( r ) 

were used as the evaluation. maxV  is the penalty in relation to the instability of the motion, 
and should be as small as possible. The fitness value for any robot that fell down was set to 
be 0. 

Element name Degrees of freedom 

Time 1 

Waist-link attitude 2 

Arm joint angle 2 

Ankle-link position 3 

Table 4. Elements of GTYPE: kicking 

Fig. 17 shows the fitness transition for the best individual with generations. A significant 
increase is observed in the distance travelled by the ball from the 10th to the 20th 
generation, with an accompanying increase in the fitness value. The stability decreased soon 
after that. Then, the stability subsequently recovered. 
 
 

 
Figure 17. Fitness transition for the kicking motion 

Fig. 18 shows the best individual at the initial generation (ball travel distance = 0.17 [m]). 
Fig. 19 shows the best individual after 120 generations (ball travel distance = 2.91 [m)). The 
numbers of Fig. 18 and Fig. 19 show the times (sec.) of keyframes. 
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Figure 18. Best individual at the initial generation 

 

 
Figure 19. Best individual after 120 generations 

The initial generation largely comprised motions without much variety that were performed 
at the same overall pace. The 120th generation, on the other hand, included varied motions 
that had the best individual slowly raising its foot upward from 0 seconds to 2.5 seconds 
and then slowly returning its foot to the floor from 3.0 seconds to 4.4 seconds, followed by 
rapid motions such as swinging its foot from 2.5 to 3.0 seconds. Because of this, the travel 
distance expanded from 0.19 [m] to 2.91 [m], or by approximately 17 times. 
 

 
Figure 20. Variation of chest-link velocity 

Figure 20 shows the chest-link velocity of x-axis. After the 120th generation, the robot 
learned to swing his leg so fast that the chest-link velocity was increased after the contact 
with the ball. Especially, the increase became large when the robot landed his foot on the 
floor. This is considered as a side effect of the fast swing. However, the robot never fell 
down because of the obtained motion that cancelled the moment by having the right hand 
swing down as the right foot swung forward, which is something that humans do(from 1.2 
to 3.5 seconds in Fig. 19). 
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For each individual, a dynamics simulation was carried out using OpenHRP, and the results 
were used to evaluate the robot. The fitness value was provided using the following 
equation: 

 )),exp(1()exp( max rVfitness −−+−=  (3) 

where the maximum value for the chest-link velocity ( maxV ) and the ball travel distance ( r ) 

were used as the evaluation. maxV  is the penalty in relation to the instability of the motion, 
and should be as small as possible. The fitness value for any robot that fell down was set to 
be 0. 

Element name Degrees of freedom 

Time 1 

Waist-link attitude 2 

Arm joint angle 2 

Ankle-link position 3 

Table 4. Elements of GTYPE: kicking 

Fig. 17 shows the fitness transition for the best individual with generations. A significant 
increase is observed in the distance travelled by the ball from the 10th to the 20th 
generation, with an accompanying increase in the fitness value. The stability decreased soon 
after that. Then, the stability subsequently recovered. 
 
 

 
Figure 17. Fitness transition for the kicking motion 

Fig. 18 shows the best individual at the initial generation (ball travel distance = 0.17 [m]). 
Fig. 19 shows the best individual after 120 generations (ball travel distance = 2.91 [m)). The 
numbers of Fig. 18 and Fig. 19 show the times (sec.) of keyframes. 
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Figure 18. Best individual at the initial generation 

 

 
Figure 19. Best individual after 120 generations 

The initial generation largely comprised motions without much variety that were performed 
at the same overall pace. The 120th generation, on the other hand, included varied motions 
that had the best individual slowly raising its foot upward from 0 seconds to 2.5 seconds 
and then slowly returning its foot to the floor from 3.0 seconds to 4.4 seconds, followed by 
rapid motions such as swinging its foot from 2.5 to 3.0 seconds. Because of this, the travel 
distance expanded from 0.19 [m] to 2.91 [m], or by approximately 17 times. 
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5. Discussion 
5.1 Optimization using Multi-objective GA 
In Section4, GA was successfully applied to optimizing the humanoid motions. However, 
the task is essentially multi-objective optimization. For instance, in case of kicking, we have 
to consider the trade-off between the stability of the robot and the ball distance. Therefore, 
we have apply Multi-objective GA (MOGA) (Fonseca & Fleming, 1993) with two fitness, i.e., 
the chest-link velocity ( maxV ) and the ball travel distance ( r ). We empirically derive the 
velocity when the robot falls down and set the value as the velocity limitation of the chest 
link ( limitV ). Rank-based fitness assignment method and niche-formation method are 

employed to determine the fitness for maximizing ( maxlimit VV − ) and r . Roulette 
selection is also used according to the fitness values. 

 
Figure 21. Fitness values of best individuals for Simple GA and Pareto-optimal individuals 
for MOGA 

Fig. 21 shows the performance difference between simple GA and MOGA, in which 30 
individuals were evolved for 50 generations. Best individuals at every generation are shown 
as the ''× '' dots for simple GA, whereas Pareto-optimal individuals are plotted as '' + '' dots 
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for MOGA. As can be seen from the figure, the chest-link velocity is smaller for MOGA 
when the robot tries to kick a ball at the same travel distance. This shows that MOGA, if 
applied effectively, is more suitable for designing humanoid motions. We will work on this 
topic, i.e., the extension of MOGA to a more complex task, for future research. 

5.2 Future research 
Currently, because the stability is not compensated using the controller of the actual robots, 
the motion range is restricted by the instability of the motion caused by the differences 
between the individuals. A future issue will be to compensate the stability using the actual 
robots, and thus to expand the range of motions that are feasible for the actual robots. In 
optimizing the kicks, the torque was not limited in the present experiment, so the results 
could not be applied to the actual robots without modification. In the future, our goal will be 
to apply these results to the actual robots, taking elements such as torque limits and angular 
velocity limits into consideration.  

6. Conclusion 
Through IEC, we proposed a motion design method for humanoid robots which does not 
need any specialized robotics knowledge, such as kinematics or dynamics. As an example, 
the designed dance motions were confirmed using the actual robots, and kicking motions 
were confirmed using a dynamics simulator. At the same time, however, in order to realize 
motions that deviate from the presuppositions of the physical model, the motions used with 
IEC were evolved using a GA. 
In case of designing a sitting motion, it was possible to find the stable behaviour by 
searching for a space of joint angle trajectories. A kicking motion was set as a task, and the 
distance travelled by the ball was improved on a dynamics simulator. In addition, since the 
task is a multi-objective optimization, we empirically found MOGA successfully applicable 
to designing the motion. 
Also, the ball travel distance and the stability, which we used as standards for evaluation, 
have a trade-off relationship with each other. In order to determine the optimum solution 
based on these two competing target functions, we would like to carry out optimization 
using a somewhat larger real-valued GA. Our future works include the application to more 
complicated tasks in consideration of physical constraints. 

7. References 
Fonseca, C.M. & Fleming, P.J. (1993). Genetic algorithms for multiobjective optimization: 

formulation, discussion and generalization. Proceedings of the Fifth International 
Conference on Genetic Algorithms, pp 416-423, Morgan Kaufmann 

Inoue, Y.; Tohge, T. & Iba, H. (2007). Cooperative transportation system for humanoid 
robots using simulation-based learning, Applied Soft Computing, Vol. 7, No.1, pp 
115-125 

Inoue, Y.; Tohge, T. & Iba, H. (2004). Learning to acquire autonomous behavior - 
cooperation by humanoid robots, Proceedings of the Genetic and Evolutionary 
Computation Conference, pp 1394-1399 

Kanehiro, F.; Hirukawa, H. & Kajita, S. (2004). Open architecture humanoid robotics 
platform, Journal of Robotics Research, Vol.23, No.2, pp 155-165, October 



Frontiers in Evolutionary Robotics 

 

584 

5. Discussion 
5.1 Optimization using Multi-objective GA 
In Section4, GA was successfully applied to optimizing the humanoid motions. However, 
the task is essentially multi-objective optimization. For instance, in case of kicking, we have 
to consider the trade-off between the stability of the robot and the ball distance. Therefore, 
we have apply Multi-objective GA (MOGA) (Fonseca & Fleming, 1993) with two fitness, i.e., 
the chest-link velocity ( maxV ) and the ball travel distance ( r ). We empirically derive the 
velocity when the robot falls down and set the value as the velocity limitation of the chest 
link ( limitV ). Rank-based fitness assignment method and niche-formation method are 

employed to determine the fitness for maximizing ( maxlimit VV − ) and r . Roulette 
selection is also used according to the fitness values. 

 
Figure 21. Fitness values of best individuals for Simple GA and Pareto-optimal individuals 
for MOGA 

Fig. 21 shows the performance difference between simple GA and MOGA, in which 30 
individuals were evolved for 50 generations. Best individuals at every generation are shown 
as the ''× '' dots for simple GA, whereas Pareto-optimal individuals are plotted as '' + '' dots 

Evolutionary Motion Design  for Humanoid Robots 

 

585 

for MOGA. As can be seen from the figure, the chest-link velocity is smaller for MOGA 
when the robot tries to kick a ball at the same travel distance. This shows that MOGA, if 
applied effectively, is more suitable for designing humanoid motions. We will work on this 
topic, i.e., the extension of MOGA to a more complex task, for future research. 

5.2 Future research 
Currently, because the stability is not compensated using the controller of the actual robots, 
the motion range is restricted by the instability of the motion caused by the differences 
between the individuals. A future issue will be to compensate the stability using the actual 
robots, and thus to expand the range of motions that are feasible for the actual robots. In 
optimizing the kicks, the torque was not limited in the present experiment, so the results 
could not be applied to the actual robots without modification. In the future, our goal will be 
to apply these results to the actual robots, taking elements such as torque limits and angular 
velocity limits into consideration.  

6. Conclusion 
Through IEC, we proposed a motion design method for humanoid robots which does not 
need any specialized robotics knowledge, such as kinematics or dynamics. As an example, 
the designed dance motions were confirmed using the actual robots, and kicking motions 
were confirmed using a dynamics simulator. At the same time, however, in order to realize 
motions that deviate from the presuppositions of the physical model, the motions used with 
IEC were evolved using a GA. 
In case of designing a sitting motion, it was possible to find the stable behaviour by 
searching for a space of joint angle trajectories. A kicking motion was set as a task, and the 
distance travelled by the ball was improved on a dynamics simulator. In addition, since the 
task is a multi-objective optimization, we empirically found MOGA successfully applicable 
to designing the motion. 
Also, the ball travel distance and the stability, which we used as standards for evaluation, 
have a trade-off relationship with each other. In order to determine the optimum solution 
based on these two competing target functions, we would like to carry out optimization 
using a somewhat larger real-valued GA. Our future works include the application to more 
complicated tasks in consideration of physical constraints. 

7. References 
Fonseca, C.M. & Fleming, P.J. (1993). Genetic algorithms for multiobjective optimization: 

formulation, discussion and generalization. Proceedings of the Fifth International 
Conference on Genetic Algorithms, pp 416-423, Morgan Kaufmann 

Inoue, Y.; Tohge, T. & Iba, H. (2007). Cooperative transportation system for humanoid 
robots using simulation-based learning, Applied Soft Computing, Vol. 7, No.1, pp 
115-125 

Inoue, Y.; Tohge, T. & Iba, H. (2004). Learning to acquire autonomous behavior - 
cooperation by humanoid robots, Proceedings of the Genetic and Evolutionary 
Computation Conference, pp 1394-1399 

Kanehiro, F.; Hirukawa, H. & Kajita, S. (2004). Open architecture humanoid robotics 
platform, Journal of Robotics Research, Vol.23, No.2, pp 155-165, October 



Frontiers in Evolutionary Robotics 

 

586 

Kuroki, Y.; Blank, B.; Mikami, T.; Mayeux, P.; Miyamoto, A.; Playter, R.; Nagasaka, K.; 
Raibert, M.; Nagano, M. & Yamaguchi, J. (2003). Motion creating system for a small 
biped entertainment robot. Proceedings of the 2003 IEEE/RSJ Intl. Conference on 
Intelligent Robots and Systems, pp 1394-1399 

Nakaoka, S.; Nakazawa, A.; Yokoi, K. & Ikeuchi, K. (2003). Leg motion primitives for a 
humanoid robot to imitate human dances. Proceedings of Sixth International 
Conference on Humans and Computers(HS2003), August 

Nishiwaki, K.; Kagami, S.; Kuniyoshi, Y.; Inaba, M. & Inoue, H. (2002). Online generation of 
humanoid walking motion based on a fast generation method of motion pattern 
that follows desired ZMP, Proceedings of the 2002 IEEE/RSJ Intl. Conference on 
Intelligent Robots and Systems, EPFL, Lausanne, Switzerland, pp 2684-2689 

Takagi, H. (1998), Interactive evolutionary computation - cooperation of computational 
intelligence and human kansei, Proceedings of 5th International Conference on Soft 
Computing and Information/Intelligent Systems, pp 41-50, October 

Vukobratovic, M. & Stepanenko, J. (1972). On the stability of anthropomorphic systems, 
Mathematical Biosciences, Vol. 15, pp 1-37 

Wakaki, H. & Iba, H. (2002). Motion design of a 3D-CG avatar using interactive evolutionary 
computation, Proceedings of 2002 IEEE international Conference on Systems, man and 
Cybernetics (SMC'02). IEEE Press 

Wolff, K. & Nordin, P. (2003). Learning biped locomotion from first principles on a 
simulated humanoid robot using linear genetic programming. Proceedings of the 
Genetic and Evolutionary Computation Conference, pp 495-506 

Yamane, K. & Nakamura, Y. (2002). Synergetic cg choreography through constraining and 
deconstraining at will, Proceedings of International Conference on Robotics and 
Automation, pp 855-862, May 

 



Frontiers in Evolutionary Robotics 

 

586 

Kuroki, Y.; Blank, B.; Mikami, T.; Mayeux, P.; Miyamoto, A.; Playter, R.; Nagasaka, K.; 
Raibert, M.; Nagano, M. & Yamaguchi, J. (2003). Motion creating system for a small 
biped entertainment robot. Proceedings of the 2003 IEEE/RSJ Intl. Conference on 
Intelligent Robots and Systems, pp 1394-1399 

Nakaoka, S.; Nakazawa, A.; Yokoi, K. & Ikeuchi, K. (2003). Leg motion primitives for a 
humanoid robot to imitate human dances. Proceedings of Sixth International 
Conference on Humans and Computers(HS2003), August 

Nishiwaki, K.; Kagami, S.; Kuniyoshi, Y.; Inaba, M. & Inoue, H. (2002). Online generation of 
humanoid walking motion based on a fast generation method of motion pattern 
that follows desired ZMP, Proceedings of the 2002 IEEE/RSJ Intl. Conference on 
Intelligent Robots and Systems, EPFL, Lausanne, Switzerland, pp 2684-2689 

Takagi, H. (1998), Interactive evolutionary computation - cooperation of computational 
intelligence and human kansei, Proceedings of 5th International Conference on Soft 
Computing and Information/Intelligent Systems, pp 41-50, October 

Vukobratovic, M. & Stepanenko, J. (1972). On the stability of anthropomorphic systems, 
Mathematical Biosciences, Vol. 15, pp 1-37 

Wakaki, H. & Iba, H. (2002). Motion design of a 3D-CG avatar using interactive evolutionary 
computation, Proceedings of 2002 IEEE international Conference on Systems, man and 
Cybernetics (SMC'02). IEEE Press 

Wolff, K. & Nordin, P. (2003). Learning biped locomotion from first principles on a 
simulated humanoid robot using linear genetic programming. Proceedings of the 
Genetic and Evolutionary Computation Conference, pp 495-506 

Yamane, K. & Nakamura, Y. (2002). Synergetic cg choreography through constraining and 
deconstraining at will, Proceedings of International Conference on Robotics and 
Automation, pp 855-862, May 

 



Frontiers in  
Evolutionary Robotics

Edited by Hitoshi Iba

Edited by Hitoshi Iba

This book presented techniques and experimental results which have been pursued 
for the purpose of evolutionary robotics. Evolutionary robotics is a new method for 
the automatic creation of autonomous robots. When executing tasks by autonomous 

robots, we can make the robot learn what to do so as to complete the task from 
interactions with its environment, but not manually pre-program for all situations. 
Many researchers have been studying the techniques for evolutionary robotics by 

using Evolutionary Computation (EC), such as Genetic Algorithms (GA) or Genetic 
Programming (GP). Their goal is to clarify the applicability of the evolutionary 

approach to the real-robot learning, especially, in view of the adaptive robot behavior 
as well as the robustness to noisy and dynamic environments. For this purpose, 

authors in this book explain a variety of real robots in different fields.

Photo by Ociacia / iStock

ISBN 978-3-902613-19-6

Frontiers in Evolutionary Robotics

ISBN 978-953-51-5829-5


	Frontiers in Evolutionary Robotics
	Preface
	Contents
	1. A Comparative Evaluation of Methods for Evolving a Cooperative Team
	2. An Adaptive Penalty Method for Genetic Algorithms in Constrained Optimization Problems
	3. Evolutionary-Based Control Approaches for Multirobot Systems
	4. Learning by Experience and by Imitation in Multi-Robot Systems
	5. Cellular Non-linear Networks as a New Paradigm for Evolutionary Robotics
	6. Optimal Design of Mechanisms for Robot Hands
	7. Evolving Humanoids: Using Artificial Evolution as an Aid in the Design of Humanoid Robots
	8. Real-Time Evolutionary Algorithms for Constrained Predictive Control
	9. Applying Real-Time Survivability Considerations in Evolutionary Behavior Learning by a Mobile Robot
	10. An Evolutionary MAP Filter for Mobile Robot Global Localization
	11. Learning to Walk with Model Assisted Evolution Strategies
	12. Evolutionary Morphology for Polycube Robots
	13. Mechanism of Emergent Symmetry Properties on Evolutionary Robotic System
	14. A Quantitative Analysis of Memory Usage for Agent Tasks
	15. Evolutionary Parametric Identification of Dynamic Systems
	16. Evolutionary Computation of Multi-robot/agent Systems
	17. Embodiment of Legged Robots Emerged in Evolutionary Design: Pseudo Passive DynamicWalkers
	18. Action Selection and Obstacle Avoidance using Ultrasonic and Infrared Sensors
	19. Multi-Legged Robot Control Using GA-Based Q-Learning Method With Neighboring Crossover
	20. Evolved Navigation Control for Unmanned Aerial Vehicles
	21. Application of Artificial Evolution to Obstacle Detection and Mobile Robot Control
	22. Hunting in an Environment Containing Obstacles:A Combinatory Study of Incremental Evolution and Co-evolutionary Approaches
	23. Evolving Behavior Coordination for Mobile Robots using Distributed Finite-State Automata
	24. An Embedded Evolutionary Controller to Navigate a Population of Autonomous Robots
	25. Optimization of a 2 DOF Micro Parallel Robot Using Genetic Algorithms
	26. Progressive Design through Staged Evolution
	27. Emotional Intervention on Stigmergy Based Foraging Behaviour of Immune Network Driven Mobile Robots
	28. Evolutionary Distributed Control of a Biologically Inspired Modular Robot
	29. Evolutionary Motion Design for Humanoid Robots



