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Preface
The self-organizing map is an unsupervised neural network first described by the Finnish
scientist Teuvo Kohonen. By a self-organizing adaptation process this neural network learns
to map the input space onto a discretized representation which preserves the topology and
reflects the probability distribution of the input. This book is about how the original selforganizing map as well as variants and extensions of it can be applied in different fields. In
fourteen chapters, a wide range of applications of the Self-Organizing Map is discussed. To
name a few, these applications include the analysis of financial stability, the fault diagnosis
of plants, the creation of well-composed heterogeneous teams and the application of the
self-organizing map to the atmospheric sciences.
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Chapter 1

Graph Mining Based SOM: A Tool to Analyze Economic
Stability
Marina Resta
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/51240

1. Introduction
Living in times of Global Financial Crisis (GFC) has offered new challenges to researchers and
financial policy makers, in search of tools assuring either to monitor or to prevent the incur‐
rence of critical situations. This issue, as usual, can be managed under various perspectives.
Under the economic profile, two basic strands emerged: various contributions debated on
the central role of systemic risk in conditioning countries financial fragility; a second vein
concerned the role (either in positive or negative sense) of financial sector on economic
growth. Provided the relevance for our work, we will discuss each of them in a deeper way.
For what it concerns the first aspect, there are several definitions of systemic risk (see for in‐
stance: [1]; [2], [3] and [4]), but there is not any widely accepted definition for it. Nevertheless,
we agree with the position of [5] who claimed that systemic risk can be identified by the pres‐
ence of two distinct elements: an initial random shock, as the source of systemic impact, and a
contagion mechanism (such as the interbank market or the payment system), which spread the
negative shock wave to other members of the system. Along this vein, a growing body of em‐
pirical research has already bloomed: [6] suggested a network approach to analyze the impact
of liquidity shocks into financial systems; a similar approach was followed by [7] discussing
the case of United Kingdom, Boss [8] for Austria, and [9] for Switzerland; more recently Sora‐
maki et. al. (2012) developed a software platform1 that employs graphs models for various pur‐
poses, including to monitor financial contagion spreading effects.
A second related point concerns the evaluation of how financial sector can condition coun‐
tries' economic growth. There is a general agreement in financial economics literature about
1 Financial Network Analysis (fna): free web version available at: http://www.fna.fi/products/list.
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the existence of a link between bankruptcies and the business cycle. However, the same does
not apply when one is asked to identify the methods and the variables by which bankrupt‐
cies and the business cycle interact. Basic streams of research moved along four directions. A
number of papers focused on the application of discriminant analysis over a bunch of ac‐
counting variables (see for instance: [10], [11], [12]; [13]). A second group of papers (see
among the others: [14]) employs the methodology initiated by [15], who used logistic regres‐
sion models (logit) on macroeconomic variables. A third strand focuses on duration models,
i.e. models that measure how long the economic system remains in a certain state. This is the
line joined, for example, by [16], and [17]. Finally, there is a plenty of (more or less) sophisti‐
cated econometric techniques aided to estimate bankruptcies by means of macroeconomic
variables. Interested readers may take a look to [18], and [19].
From all the above research streams dealing with crisis and financial (in)stability we extract
three discussion issues. As first remark, our review highlighted that in general, in all periods of
crisis there is always a strong financial component. As second remark, we may observe that the
economic literature addressed the analysis mainly by means of either macroeconomic or ac‐
counting data. Finally, we want to focus on a methodological issue: quantitative papers gener‐
ally studied the problem by means of econometric techniques; only over the past decade soft
computing methods (namely: graphs models) have become of some interest for economic re‐
searchers and policy makers. Starting from this point, we think that there is enough room to
add something newer towards the following directions: (i) studying the emergence of instabil‐
ity by way of financial markets data; (ii) using a hybrid approach combining graphs models to‐
gether with non-linear dimension reduction techniques, in detail: with Self Organizing Maps
[20]. To such purpose, it aids to remember that Self Organizing Maps (SOM) are nowadays a
landmark among soft computing techniques, with applications which virtually span over all
fields of knowledge. However, while the use of SOM in robotics, medical imaging, characters
recognition, to cite most important examples, is celebrated by a consistent literature corpus (in‐
terested readers may take a look to [21], [22], and [23]), economics and financial markets seem
relatively less explored, with some notable exceptions (from the pioneering works of [24], [25]
to, more recently, [26] and [27]). Such lack of financial applications is quite non-sense, provid‐
ed the great potential that relies on this kind of technique.
The rationale of this contribution is to offer some insights about the use of SOM to explore how
financial markets organize during critical periods i.e. deflation, recession and so on. Some‐
thing similar has been already discussed in [28] and [29], who deal with the use of SOM as sup‐
port tool for Early Warning Systems (EWS), alerting the decision maker in case of critical
economic situations. However, the present contribution goes one step forward under various
points of view. The first element of innovation relies on the examined data. We studied the sit‐
uation of markets characterized by different levels of (in)stability, but instead of using either fi‐
nancial or macroeconomic indicators as it is generally done in literature, we employed
historical time-series of price levels for every enterprise quoted in the related stock exchanges,
and we then trained a SOM for each market. A second innovative item relied on the use of the
so obtained SOM best matching units, to build the corresponding Minimum Spanning Tree
(MST). In this way we were able to capture both the clusters structure of every market and to
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analyze the impact of emerging patterns over the economic situation of the country. This was
done both in a static way, i.e. by observing the situation with data referring to a fixed one year
long period (from December 2010 to December 2011), and in a dynamic way, by comparison of
MST obtained for each countries with data extracted by means of a 300 days long moving win‐
dow over a time interval of overall length of 3000 days (approximately ten years).
Our major findings may be then summarised as follows: (i) using SOM we got an original rep‐
resentation of financial markets; (ii) by building from SOM winning nodes the corresponding
MST it was possible both to emphasize the relations among various quoted enterprises, and to
check for the emergence of critical patterns; (iii) we provided a global representation of coun‐
tries financial situation that generates information that can be of help to policy makers, in or‐
der to realize more efficient interventions in periods of higher instability.

2. Methodology
As stated in Section 1, we examined financial markets data by means of a hybrid technique
which assumes the joint use of both SOM and graphs formalism. In order to assure a better
understanding of this framework, we will recall some basic definitions and notational con‐
ventions for both the aforementioned tools.
2.1. Self Organizing Maps: Basic principles
A Self Organizing Map (SOM) is a single layer neural network, where neurons are set along
an n-dimensional grid: typical applications assume a 2-dimensions rectangular grid, but
hexagonal as well as toroidal grids are also possible. Each neuron has as many components
as the input patterns: mathematically this implies that both neuron and inputs are vectors
embedded in the same space. Training a SOM requires a number of steps to be performed in
a sequential way. For a generic input pattern x we will have:
1.

to evaluate the distance between x and each neuron of the SOM;

2.

to select the neuron (node) with the smallest distance from x. We will call it winner neu‐
ron or Best Matching Unit (BMU);

3.

to correct the position of each node according to the results of Step 2., in order to pre‐
serve the network topology.

Steps 1.- 3. can be repeated either once or more than once for each input pattern: a good
stopping criterion generally consists in taking a view to the so called Quantization Error
(QE), i.e. a weighted average over the Euclidean norms of the difference between the input
vector and the corresponding BMU. When QE goes below a proper threshold level, say for
instance 10-2 or lower, it might be suitable to stop the procedure.
In this way, once the learning procedure is concluded, we get an organization of SOM which
takes into account how the input space is structured, and projects it into a lower dimension‐
al space where closer nodes represent neighboring input patterns.

3

4

Applications ofand
Self-Organizing
Developments
ApplicationsMaps
of Self-Organizing Maps

2.2. Graphs models: A brief review and some notational conventions
In order to understand how graphs theory can be used in clusters analysis, it is worth to re‐
view some basic terminology.
From the mathematical point of view, a graph (network) G = (V,E) is perfectly identified by
a (finite) set V, and a collection E ⊆ V ×V, of unordered pairs {u, v} of distinct elements from
V. Each element of V is called a vertex (point, node), and each element of E is called an edge
(line, link). Edges of the form (u,u), for some u ∈ V, are called self-loops, but in practical ap‐
plications they typically are not contained in a graph.
A sequence of connected vertices forms a path; the number n of vertices, (i.e. the cardinality
of V), defines the order of graph and it is denoted by |V|:=n. In a similar way, the number m
of edges (the cardinality of E), is called the size of the graph and denoted by: |E|:= m. Finally,
the number of neighbors of any vertex v ∈ V in the graph identifies its degree.
Moreover, the graph G will be claimed to be:
• directed, if the edges set is composed of ordered vertex (node) pairs; undirected if the edge
set is composed of unordered vertex pairs;
• simple, if it has no loops or multiple edges;
• acyclic if there is not any possibility to loop back again from every vertex; cyclic if the
contrary holds.
• connected, if there is a path in G between any given pair of vertices, otherwise it is disconnected;
• regular, if all the vertices of G have the same degree;
• complete, if every two distinct vertices are joined by exactly one edge;
• a path, if consisting of a single path.
• bipartite, if the vertex–set can be split into two sets in such a way that each edge of the
graph joins a vertex in first set to a vertex in second;
• a tree, if it is connected and it has no cycles. If G is a connected graph, the spanning tree in
G will be a subgraph of G which includes every vertex of G and is also a tree. The mini‐
mum length spanning tree is called Minimum Spanning Tree (MST).
Our brief explanation highlights that Minimum Spanning tree is nothing but a particular
graph with no cycles, where all nodes are connected and edges are selected in order to mini‐
mize the sum of distances.
Graphs representation passes through the building of the adjacency matrix, i.e. the matrix
that marks neighbor vertexes with one, and with zero not adjacent nodes. Figure 1 provides
an explanatory example.
In a number of real world applications there is the common habit to use graphs theory for‐
malism, representing the problem data through an undirected graph. Each node is associat‐
ed to a sample in the feature space, while to each edge is associated the distance between
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nodes connected under a suitably defined neighborhood relationship. A cluster is thus de‐
fined to be a connected subgraph, obtained according to criteria peculiar of each specific al‐
gorithm. Algorithms based on this definition are capable of detecting clusters of various
shapes and sizes, at least for the case in which they are well separated. Moreover, isolated
samples should form singleton clusters and then can be easily discarded as noise in case of
cluster detection problems.

Figure 1. From left to right: the adjacency matrix (a) for an undirected graph, and the corresponding graph (b). The
ones in the matrix indicate the existence of a connection among nodes, while zeroes mean no connection.

With this in mind, one can easily understand that coping SOM (that satisfy topology preser‐
vation features) to graphs (that do not require any a priori assumption about the input space
distribution) should result in a very powerful tool to analyze data domains.
2.3. A hybrid model combining SOM to MST
SOM achieves a bi-dimensional representation of the input domain, maintaining unchanged
the basic relations among neighbor patterns: closer points in their r-dimensions (r>>2) initial
space are still nearer one to each other in the SOM grid; in addition, they are projected into a
space where relations can be easily visualized and understood. However, sometimes this
cannot be enough.
Consider the issue to represent basic relations among quoted societies in a market (for exam‐
ple: in the Italian market). Figure 2 shows SOM, once the relations among Italian quoted
companies have been learned.
Here we have a SOM assuring an overall good performance, in terms of quantization error
(QE<10-3), but the winner nodes are even too much closer than desired, thus making difficult
to understand the effective significance of their closeness.
Moving one step forward, we suggested a hybrid procedure that combines together SOM
and MST (see also [31]). The idea by itself is not totally newer: [32], for instance, suggested a
variant of SOM where neighborhood relationships during the training stage were defined
along the MST; [33], and, more recently, [34] applied a MST to SOMs to connect similar no‐
des with each other, thus visualizing related nodes on the map. In all cited cases this was
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done by calculating the square difference between neighbor units on the trained map, and
using this value to color the edge separating the units.

Figure 2. SOM representation of Italian quoted companies.

In a likewise manner, we applied a clustering procedure whose main steps can be summar‐
ized as follows:
1.

Define a SOM M (made of a number n of neurons w) over the input space and run it.

2.

For each input sample extract the corresponding BMU. We set:
a.

B = {w : w ∈ M ∧ w is a BMU}

(1)

3.

Build the correlation matrix C among the nodes belonging to B.

4.

Use C as starting point to compute the MST. In particular, since C is symmetric, one can
consider only the lower (L) or Upper (U) triangular part of the matrix, and:
i.

sort the elements of L (U) in decreasing order, thus moving from L to the list
Lord (from U to Uord).

ii.

ii.Set the coordinates in C of the first element of Lord (Uord) as those of the first
two nodes of the MST.
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iii.

For each element in Lord (Uord) add the corresponding couple from C to MST;
in particular, if the graph is still acyclic (i.e. no loops are added to MST), then
hold the inserted link, otherwise discard it.

iv.

Repeat step iii. until all the elements in Lord (Uord) have been examined, and
then stop the procedure

The result is a filtering of available information, letting only more significant patterns to
emerge.

3. Experimental settings and results discussion
Our work is aimed to demonstrate how a fully data-driven approach can be helpful to ana‐
lyze complex financial situations in quite an intuitive way, thus making SOM-MST a very
reliable tool also for policy makers.
We performed both static and dynamic analyses, as we are going to explain. As starting
point for the static analysis we selected a market and for each quoted enterprise we took all
available price levels (pl) from December 2010 to December 2011. In this way for the generic
i-th stock (i=1,…,N, where N is the overall number of quoted enterprises) we got the timeseries S

(i )

= { pvk (i )} with length T-1, being:
pvk (i ) = log

plk +1(i )
plk (i )

, k = 1, ‧ , T - 1

(2)

The transformation described in (2) turns price levels into price log-returns: this is a com‐
mon practice in empirical financial studies to avoid any trend effect in data. The final result
was a matrix Σ of dimensions N × T-1, containing T-1 log-returns for each quoted enterprise
(for an overall number of N). As final step, we performed on Σ the procedure we explained
in Sec.2.3, coping SOM to MST.
The dynamical procedure is similar to the static one, but instead of considering last year
sample for each stock, we examined a number of fixed length samples, going back in time
(when possible) up to ten years. In practice, assuming as starting point t=3000 the day Dec.
30 2011, we build for each stock the block B1 going from t=2701 to t=3000; the block B2 with
data from t=2401 to t=2700; and so on towards the block B10 that goes from t=1 to t=300. In
practice, instead of having a single block of data to analyze, in the dynamical procedure we
can monitor the situation of the country with different sets of data. Moreover, taking ad‐
vantage of the networks representation, one can have a look to graphs statistics for every
year and to compare them over the ten years time horizon.
We applied our methodology to the German and Spanish markets. Our choice obeys to a
precise motivation: we have examined countries characterized by different levels of (in)sta‐
bility: at the end of 2011 Spanish financial equilibrium seemed heavily compromised, while
Germany still maintained its leading role in Europe.
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4. Results and discussion
Before going to separately discuss various cases, we will spend a few words about some
common features shared by our simulation study.
Starting from the static case, we examined German, Italian and Spanish markets from 30 De‐
cember 2010 to 30 December 2011. For each market we considered data of quoted enterpris‐
es, transforming them according to the formula given in (2). Table 1 highlights some basic
details concerning the markets we have considered.

Country

Idx

NrS

MD

Germany

CDAX

207

207 × 245

Spain

IGBM

85

85 × 245

Table 1. Markets main features.

The column Country reports the name of the countries whose assets have been examined,
while Idx indicates the name of the national market index that has been employed to pick up
quoted stocks; NrS is the number of stocks we included for every market; finally MD high‐
lights input matrix dimensions in our simulation study. In particular, we referred to the
CDAX (Composite Deutscher Aktienindex) index for the German market, and the IGBM (Index
General de Bolsa Madrid) index in the case of Spain. As a straightforward observation, one can
argue that the overall number of quoted enterprises in those markets should be higher than
the one we have reported in the third column of Table 1. However, for sake of comparison
among graphs, we needed to eliminate from the markets those stocks for which it was not
possible to go back in time enough (at least 600 days, approximately corresponding to two
years and half of market tradings).
4.1. The case of Germany
Applying our procedure led us to obtain the skeleton framework of the German stock ex‐
change that is shown in Figure 3.
Our procedure found out 14 clusters. At first glimpse the clusters seem to be natural, in the
sense discussed in [35], i.e.:
• each node is member of exactly one group;
• each node has many edges to other members of its group;
• each node has few or even no edges to nodes of other groups.
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Figure 3. German Market topology, as resulting in the static case. Natural clusters are highlighted with different colors.

This cluster structure is partly due to the filtering procedure operated on SOM BMUs af‐
ter the learning stage, but the resulting organization makes sense also if we look at the
statistical features of the clusters (Table 2) as well as at their composition, by industrial
reference sector (Table 3).
CL. ID.

mu

std

sk

ku

SR

CL01

0.0001270

0.045235

1.651532

411.3881

0.281%

CL02

0.0002923

0.055717

10.48408

2521.463

0.525%

CL03

0.0001208

0.143701

9.605624

906.0551

0.084%

CL04

0.0002904

0.056795

10.3774

2448.29

0.511%

CL05

0.0003361

0.056718

10.14951

2386.374

0.593%

CL06

0.0004759

0.057566

11.4447

2608.218

0.827%

CL07

0.0003254

0.056369

10.4055

2471.74

0.577%

CL08

0.0003683

0.05673

10.54512

2485.83

0.649%

CL09

0.0003223

0.056334

10.14833

2402.134

0.572%

CL10

0.0004811

0.057746

11.11191

2515.727

0.833%

CL11

0.0002920

0.05616

10.06927

2395.238

0.520%

CL12

0.0005635

0.058396

11.85686

2655.044

0.965%

CL13

0.0002770

0.058349

11.88501

2663.531

0.475%

CL14

0.0003343

0.056866

10.46831

2462.213

0.588%

Table 2. Statistical properties of the network of German stocks in the period December 2010-December 2011.
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We examined basic clusters statistics: mean (mu), standard deviation (std), skewness (sk),
and kurtosis (ku). We also evaluated the Sharpe Ratio of every cluster (SR):
SR =

mu - rf
std

where rf is the risk free rate, and mu, std are as above described. According to financial liter‐
ature, SR is a profitability index that measures how much attractive a risky investment is
with respect to a riskless investment with return equal to rf: the ratio, in fact, opposes the
excess of return (upper side of the ratio) to the excess of risk the investor assumes in charge
when/if he decides to move his money from the riskless asset (whose standard deviation is
zero) to the riskier one (lower side of the ratio), whose standard deviation is greater than
zero. The beauty of SR stands in the fact it can be easily interpreted, giving an idea about the
general attractiveness/profitability of the companies included in each group; at the same
time, if we assume rf=0, the index turns to be the reciprocal of the coefficient of variation and
it has also a (quite) trivial statistical interpretation.
The analysis of the results evidenced that all clusters have positive mean, relatively low var‐
iability, and good profitability (with the exception of CL01 and CL03 whose Sharpe Ratio is
the lowest over all examined cases). Besides, companies returns are positively skewed.
Moving to Table 3, we checked whether companies tend to aggregate according to the sector
they belong to or not, as well as if clusters composition may have affected the results that we
have shown in Table 2.
Sector

CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

CL09

CL10

CL11

CL12

CL13

CL14

Mkt

0.00

7.14

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

7.14

7.69

0.00

0.00

B&F

6.67

14.29 30.77 16.67 42.86

6.67

13.04 21.43

4.76

7.14

21.43

7.69

23.08

9.09

HI

0.00

7.14

7.69

0.00

0.00

0.00

4.35

0.00

9.52

14.29

0.00

15.38

0.00

4.35

Serv

20.00

0.00

0.00

0.00

0.00

6.67

4.35

15.00

9.52

0.00

14.29

0.00

15.38

9.09

Fash

13.33

0.00

0.00

16.67

0.00

13.33

5.88

0.00

0.00

7.14

0.00

7.69

15.38

0.00

HT

0.00

0.00

7.69

25.00 14.29

0.00

9.52

0.00

9.52

28.57

7.14

0.00

15.38 27.27

HC

13.33 14.29

0.00

8.33

14.29

6.67

17.39 27.28

9.52

14.29

0.00

0.00

0.00

0.00

Log

20.00 14.29 15.38

8.33

0.00

0.00

4.35

0.00

0.00

0.00

21.43

0.00

4.35

4.52

Lux

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

5.00

0.00

0.00

0.00

0.00

4.52

Hou

13.33

7.14

7.69

8.33

14.29 13.33

8.70

7.14

4.76

0.00

7.14

0.00

7.69

0.00

Comp

0.00

14.29

0.00

8.33

0.00

0.00

4.52

0.00

0.00

7.14

14.29

7.14

0.00

9.09

Re. Serv

0.00

0.00

0.00

0.00

0.00

6.67

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

F&D

0.00

7.14

7.69

0.00

0.00

0.00

9.52

0.00

0.00

0.00

0.00

0.00

7.69

0.00

En

0.00

7.14

7.69

0.00

0.00

20.00

0.00

7.14

14.29

7.14

0.00

0.00

0.00

9.09

Ent

0.00

0.00

0.00

0.00

7.14

6.67

0.00

0.00

2.50

7.14

0.00

30.77

0.00

0.00
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Sector

CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

CL09

CL10

CL11

CL12

CL13

CL14

0.00

0.00

7.14

0.00

7.14

6.67

0.00

0.00

10.00

0.00

0.00

7.69

4.14

0.00

Imp/Exp 0.00

0.00

0.00

0.00

0.00

0.00

4.35

0.00

0.00

0.00

0.00

0.00

0.00

9.09

PU

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

4.52

0.00

4.79

TCom

0.00

7.14

8.24

0.00

0.00

0.00

0.00

0.00

13.33

0.00

7.14

0.00

6.89

0.00

Auto

6.67

0.00

0.00

0.00

0.00

0.00

9.52

0.00

2.50

0.00

0.00

7.14

0.00

9.09

Gard

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

Man

6.67

0.00

0.00

8.33

0.00

13.33

4.52

7.14

4.76

7.14

0.00

4.28

0.00

0.00

Press

Table 3. Clusters percentage composition according to the reference industrial sector.

In general, clusters did not show an exclusive, but rather a dominant composition. Looking at
Table 3, in fact, CL01 exhibits a dominant percentage of companies from both Services (Serv)
and Logistics (Log) sector (20%), CL02 is equally divided into firms belonging to Banking and
Finance (B&F), Health-Care (HC), Logistics and Components (Comp) sectors which share the
same 14.29% percentage. B&F dominates (30%) cluster CL03 as well as CL05 (42.86%), CL11
(21.43%), and CL13 (23.08%). Hi-Tech companies (HT) are preferably grouped into clusters
CL04 (25%) and CL10 (28.57%). Companies working in the Health Care sector (HC) are more
numerous in clusters CL07 and CL08 (17.39% and 27.28% respectively). Finally, clusters CL06
and CL09 have their most representative elements in societies of energy sector (En) (20% and
14.29%), while CL14 is dominated by Heavy Industry (HI) companies.
This seems to suggest that despite of the variety of sectors represented in German Stock Ex‐
change, only a reduced number of them (i.e. clusters dominant sectors) may be considered
the very driving engine of the German economy. Such information together with the one re‐
trieved by looking at the Sharpe Ratio scores has strengthened the belief that Hi-Tech and
Energy are, at present, the most challenging areas for investors in German market.
As a counterpart, we observed that there is a plenty of sectors2 whose incidence on clusters
composition is lower, or better, they did not seem to cluster anyway. If this sounds reasonably
for some niche-wise sectors (Luxury and Gardening, to make some examples), this is more sur‐
prising for other sectors (mainly Automotive and Telecommunications) that are worldwide
known as strengths of German economy. This evidence, however, is somewhat aligned to the
policy strategy that the German government has adopted in most recent times.
We can then conclude that Germany did not particularly suffer for the critical situation com‐
mon to greater part of European countries. The role played by both Hi-Tech and Energy sec‐
tors has been probably a key issue. However, from now on Germany should carefully
monitor the state of B&F companies that are those that actually are performing worse. Other
2 Fashion (Fash), Luxury Goods (Lux), Housing (Hou), Retail Services (Ret Serv.), Food and Drinking (F&D), Entertrain‐
ment (Ent), Press (Press), Import/Export (Imp/Exp), Public Utilities (PU), Telecommunications (TCom), Automotive (Au‐
to), Gardening (Gard) and Manifacturing (Man).
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sectors like F&D, Hou, Press, and Auto need to be constantly checked as well since they
seem to be in a stage whose evolution (towards either better or worse phases) is uncertain.
At this point it makes sense to test whether or not the actual snapshot we have captured for
Germany is the result of either a strategic issue, or a kind of natural evolution from previous
situations. To do this we performed a dynamical analysis going back in time from December
2011 to December 2001. As explained in Section 3, we scanned data by means of a moving win‐
dow, thus obtaining 10 matrices of dimensions 207×300, where 207 is the number of companies
included into the simulation and 300 is the number of log-returns we took for each of them.
In order to make the discussion as clear as possible, we focused on the analysis of the peri‐
ods: 2004-2005 and 2007-2008. The period 2004-2005, in fact, is a starting point of some
symptoms anticipating the world financial crisis; while the period 2007-2008 is generally ac‐
knowledged as the one where deepest effects of the crisis were felt.
Figure 4 shows the market skeleton frame obtained for the German Stock Exchange in
the periods 2007-2008 and 2004-2005 respectively. Tables 4-7 detail basic statistics and
clusters composition.

Figure 4. German market topology in 2008 (a) and 2004 (b).

CL.ID

mu

std

sk

ku

SR

CL01

0.0003094

0.057005

10.44936

2451.638

0.543%

CL02

0.0003942

0.057219

10.25497

2390.428

0.689%

CL03

0.0002678

0.05579

9.94812

638.8266

0.480%

CL04

0.0002824

0.056436

10.02534

2373.059

0.500%

CL05

0.0003270

0.056945

10.9984

2587.711

0.574%
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CL.ID

mu

std

sk

ku

SR

CL06

0.0002756

0.055918

10.00477

2389.595

0.493%

CL07

0.0002644

0.055723

10.02986

2411.497

0.475%

CL08

0.0004753

0.058852

11.32831

2525.394

0.808%

CL09

0.0003157

0.056422

10.36997

2460.894

0.559%

CL10

0.0005666

0.059179

11.77725

2602.168

0.957%

CL11

0.0005439

0.058084

11.26676

2532.204

0.936%

CL12

0.0003427

0.056806

10.10251

2371.656

0.603%

CL13

0.0004168

0.057255

10.66783

2490.513

0.728%

Table 4. Clusters percentage composition for the German market in the period 2007-2008.

CL.ID

mu

std

sk

ku

SR

CL01

0.0003849

0.056505

10.48629

2485.513

0.681%

CL02

0.0004037

0.057215

1.653466

2378.495

0.706%

CL03

0.0008787

0.061519

12.6148

2713.425

1.428%

CL04

0.0002657

0.055689

9.951796

2394.033

0.477%

CL05

0.0003660

0.056965

10.57433

2485.67

0.642%

CL06

0.0003745

0.056659

10.46166

2471.775

0.661%

CL07

0.0003209

0.056475

10.12393

2390.405

0.568%

CL08

0.0001570

0.045558

1.733983

413.5084

0.345%

CL09

0.0003237

0.056749

10.47651

2469.166

0.570%

CL10

0.0003062

0.056178

10.10382

2404.7

0.545%

CL11

0.0005619

0.058529

11.85308

2648.211

0.960%

Table 5. Clusters percentage composition for the German market in the period 2004-2005.

Sec.

CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

CL09

CL10

CL11

CL12

CL13

Mkt

0.00

0.00

0.00

8.33

0.00

0.00

4.35

0.00

11.76

0.00

0.00

8.33

0.00

B&F

23.81

8.33

15.38

0.00

22.22

0.00

17.39

37.50

11.76

7.69

14.29

8.33

36.36

HI

4.76

0.00

0.00

8.33

0.00

6.29

0.00

0.00

12.75

0.00

0.00

0.00

0.00

Serv

0.00

8.33

7.69

8.33

0.00

7.14

4.35

12.50

0.00

0.00

0.00

0.00

7.14

Fash

4.76

8.33

7.69

8.33

5.56

7.14

4.35

12.50

5.88

15.38

0.00

16.67

0.00

HT

4.76

12.00

7.69

0.00

0.00

21.43

4.35

0.00

11.76

23.08

21.43

25.00

9.09

HC

0.00

16.67

8.33

0.00

16.67

0.00

0.00

0.00

0.00

15.38

0.00

0.00

0.00
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Sec.

CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

CL09

CL10

CL11

CL12

CL13

Log

4.76

0.00

8.33

16.67

0.00

7.14

4.35

12.50

0.00

0.00

0.00

0.00

4.75

Lux

0.00

8.33

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

7.14

0.00

Hou

19.05

0.00

7.69

0.00

5.56

7.14

8.70

12.50

5.88

0.00

14.29

8.33

9.09

Comp

4.76

0.00

0.00

8.33

0.00

0.00

4.00

0.00

0.00

7.69

0.00

0.00

9.09

Ret Serv 0.00

0.00

0.00

0.00

0.00

5.00

0.00

0.00

11.76

0.00

4.21

0.00

0.00

F&D

4.76

0.00

7.69

8.33

5.56

0.00

16.67

0.00

0.00

0.00

0.00

8.33

4.75

En

4.76

0.00

4.76

0.00

16.67

0.00

9.20

0.00

0.00

0.00

0.00

0.00

4.76

Ent

0.00

0.00

0.00

8.33

0.00

7.14

0.00

7.14

5.88

23.08

14.29

0.00

0.00

Press

4.76

0.00

8.33

8.33

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

7.14

Imp/Exp 0.00

16.67

3.94

8.33

0.00

7.14

0.00

0.00

0.00

0.00

7.14

0.00

0.00

PU

4.76

1.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

TCom

0.00

0.00

7.69

0.00

0.00

7.14

12.41

0.00

16.67

7.69

7.69

0.00

0.00

Auto

9.52

12.00

0.00

8.33

11.11

7.14

5.90

5.36

5.88

0.00

16.67

16.67

9.09

Gard

0.00

0.00

0.00

0.00

0.00

3.00

0.00

0.00

0.00

0.00

0.00

1.19

0.00

Man

4.76

8.33

4.76

0.00

16.67

7.14

4.00

0.00

0.00

0.00

0.00

0.00

0.00

Table 6. Clusters percentage composition during the period 2007- 2008.

Sec.

CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

CL09

CL10

CL11

Mkt

0.00

6.25

12.50

6.67

0.00

6.25

0.00

0.00

0.00

0.00

0.00

B&F

20.00

12.50

0.00

0.00

18.18

25.00

41.67

35.00

0.00

40.00

14.29

HI

0.00

0.00

7.50

16.80

5.00

0.00

0.00

0.00

16.43

0.00

0.00

Serv

0.00

6.25

0.00

0.00

9.09

0.00

0.00

10.00

0.00

10.00

0.00

Fash.

10.00

25.00

0.00

6.67

0.00

6.25

0.00

5.00

0.00

0.00

14.29

HT

10.00

0.00

12.50

26.67

18.18

0.00

8.33

0.00

14.29

0.00

41.43

HC

5.00

0.00

0.00

0.00

0.00

12.50

0.00

0.00

0.00

0.00

0.00

Log

0.00

18.50

0.00

0.00

10.00

0.00

8.33

20.00

0.00

0.00

12.00

Lux

0.00

0.00

12.50

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

Hou

10.00

6.25

0.00

6.67

0.00

5.50

8.33

0.00

41.43

0.00

0.00

Comp

0.00

11.50

0.00

6.67

0.00

6.25

0.00

5.00

0.00

0.00

0.00

Ret Serv

0.00

0.00

10.00

0.00

0.00

0.00

0.00

0.00

0.00

15.00

0.00

F&D

0.00

0.00

0.00

6.67

0.00

6.25

0.00

5.00

0.00

0.00

0.00

En

10.00

0.00

7.50

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00
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Sec.

CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

CL09

CL10

CL11

Ent

0.00

6.25

25.00

6.67

0.00

12.50

0.00

0.00

0.00

10.00

7.14

Press

0.00

0.00

0.00

0.00

10.00

0.00

0.00

10.00

0.00

10.00

0.00

Imp/Exp

0.00

0.00

0.00

9.86

0.00

0.00

0.00

0.00

5.71

0.00

5.00

PU

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

5.00

0.00

TCom

0.00

7.50

0.00

0.00

0.00

0.00

16.67

0.00

0.00

0.00

0.00

Auto

30.00

0.00

12.50

6.67

9.09

12.50

16.67

10.00

15.00

0.00

0.00

Gard

5.00

0.00

0.00

0.00

10.00

0.00

0.00

0.00

0.00

0.00

0.00

Man

0.00

0.00

0.00

0.00

10.00

7.00

0.00

0.00

7.14

10.00

3.00

Table 7. Clusters percentage composition during the period 2004- 2005.

In both cases cluster statistics evidence (once again) positive mean and skewness, and lower
variability. The Sharpe Ratio is generally higher than that evidenced in the static analysis.
Looking at clusters composition, we primarily observe that, moving from one period to an‐
other, it did not maintain unchanged. However, it has been possible to isolate dominant sec‐
tors. In particular, in the period 2007- 2008, B&F companies prevail in five over thirteen
clusters (CL01, CL03, CL07, CL08 and CL13); HC and Imp/Exp firms share dominance in
CL02; Hi-Tech is the dominant sector in cluster CL06, CL10, CL11 and CL12. Finally, Logis‐
tics and TCom societies are concentrated in CL04 and CL09 respectively. Coping such re‐
sults to the values of Sharpe Ratio, it seems possible to claim that good performances are
mainly due to the leading activity of the High-Tech sector. Besides, by comparison with the
performances discussed in the static analysis, Germany gave the impression to have suf‐
fered for the global crisis with some delay.
2004-2005

2007-2008

2010-2011 (NETG3)

(NETG1)

(NETG2)

Average Degree

1.990

1.989

1.990

Density

0.010

0.011

0.010

Modularity

0.767

0.757

0.755

Table 8. Measures of network organization. A comparison among German market topologies during the periods
under examination. NET.

Most interesting results, in our opinion, come by the analysis of the period: December 2004-De‐
cember 2005. The first element to highlight is that in this case we have only 11 clusters (versus
13 in the period: 2007-2008, and 14 in the period: 2010-2011). For what is concerning clusters
composition now we have: B&F companies dominating clusters CL01, CL05, CL06, CL07,
CL08, and CL10; fashion sector prevails in CL02, entertainment companies in CL03, housing
societies in CL09, while Hi-Tech is the king of remaining clusters (CL04, CL05 and CL11). If we
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compare the results to those we have previously discussed, it is quite clear that during the ob‐
served period we have been witnesses of various companies reactions to the crisis: while HiTech as well as financial companies maintained similar behaviors (and this is confirmed by the
tendency to be clustered together), companies in other sectors did not group in any way. A pos‐
sible explanation might stay in some policy action made by the national government, in order
to address the economy, and to protect sectors with higher exposure.
To conclude, the joint use of SOM and MST makes also possible to analyze the results from a
network (graphs theory) perspective. To such aim, Table 8 shows some relevant measures of
network organization for the German market in the periods under examination.
Before discussing the values, we briefly explain the meaning of the observed variables. The
Average Degree (AD) expresses the average number of ties of the networks nodes and
measures how much immediate is the risk of nodes for catching whatever is flowing
through the network. In the examined cases higher scores should mean an exposure to
abrupt changes in the market arrangement. However, the AD values we have obtained are
low and very similar one to each other. The Graph Density (GD) measures how close the
network is to be complete: since a complete graph has all possible edges, its GD will be 1:
the lower this value, the farther the graph is to be complete. The values in our nets are at
least the same and lower. Both NetG1, NetG2 and NetG3 are far to be complete. Note that
the reason is in the filtering procedure acted by MST on SOM that cleaned the original map
from lesser significant ties. The Modularity, on the other hand, is a concept close to that of
clustering, since it examines the attitude to community formation in the net, and it is then
strictly related to the possibility to disclose clusters in a net. In order to be significant, values
need to be higher than 0.4. This threshold has been largely exceeded in all examined nets.
4.2. The case of Spain
As done for Germany, we begin by the static analysis during the period: December 2010-De‐
cember 2011. Our procedure identified eight clusters, as shown in Figure 5.

Figure 5. Skeleton framework of the Spanish stock exchange in the period: 30 December 2010 - 30 December 2011.
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CL.ID

mu

std

sk

ku

SR

CL01

0.0004

0.023

-1.803

189.280

1.9%

CL02

0.0005

0.022

-1.400

175.611

2.4%

CL03

0.0005

0.022

-1.235

162.575

2.4%

CL04

0.0005

0.022

-1.353

169.223

2.4%

CL05

0.0005

0.022

-1.209

161.611

2.3%

CL06

0.0005

0.023

-1.321

164.853

2.3%

CL07

0.0006

0.022

-1.345

180.364

2.8%

CL08

0.0004

0.023

-1.705

179.979

1.8%

Table 9. Basic statistics for clusters in the Spanish stock exchange. The reference period is: Dec. 2010 - Dec. 2011.

At the first glance cluster statistics are not as dramatic as to justify the present critical situation
of the Spanish market: mean is positive and so the Sharpe Ratio is. Obviously it is quite low,
and hence it can be explained as a signal of overall reduced market profitability. Nevertheless,
a warning comes matching mean to skewness. Skewness, in fact, is negative: under this light
the positivity of the mean can be justified only by the presence of bursts (and hence speculative
movements), like viewing at the Spanish market behavior (Fig 6) over the past year confirms.

Figure 6. The behaviour of Spanish market (log returns) in the period December 2010-December 2011.

Fig 6, in fact, shows the log returns dynamics in the Spanish market in the period December
2010-December 2011. It sticks out immediately the spiky nature of the observed time series.
Moving to the analysis of clusters composition (Table 10), by comparison to the situation
discussed for Germany a number of sectors is now missing3. In addition, companies in the
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B&F sector are widely disseminated and dominate five over eight clusters. In the remaining
three clusters Housing (Hou) and Paper Factories (Pap, a new entry with respect to what al‐
ready seen for Germany) have a dominant position.
The aforementioned clusters structure suggests a key to understand present financial in‐
stability in Spain: the highest number of financial companies in the market makes it weak
and prone to speculation (as the bursts one can see by looking at Fig 6 confirms in turn).
One the other hand, since the Housing sector has been the driving engine of the global
crisis, it is reasonable that its higher influence in the Spanish market composition has neg‐
atively conditioned its behaviour.

Aero

CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

0%

0%

14.29%

0.00%

0%

0%

0%

0%

Agr

0%

0%

7.14%

0.00%

0%

0%

0%

0%

Auto

0%

0%

0.00%

0.00%

11.11%

0%

0%

0%

B&F

40%

22.22%

21.43%

12.50%

11.11%

44.44%

0.00%

20%

Chem

0%

0%

7.14%

0.00%

0.00%

11.11%

10%

0%

En

10%

11.11%

14.29%

12.50%

0.00%

11.11%

10%

0%

F&D

10%

11.11%

0.00%

0.00%

22.22%

22.22%

10%

10%

Fas

10%

0%

0%

12.50%

0%

0%

0%

10%

Hi

10%

0%

0%

0%

0%

0%

0%

10%

Hou

10%

22.22%

7.14%

0.00%

22.22%

0%

20%

0%

It

0%

0%

0%

12.50%

0%

0%

0%

0%

Log

0%

0%

0%

12.50%

0%

0%

0%

0%

Lux

0%

11.11%

0%

0%

11.11%

0%

0%

0%

Pap

0%

0.00%

0.00%

25.00%

0%

11.11%

10%

10%

Pharm

0%

11.11%

7.14%

0%

0%

0%

10%

10%

Pu

0%

0%

7.14%

0%

0%

0%

0%

0%

Tcom

10%

0%

0%

12.50%

0%

0%

20%

0%

Ter

0%

0%

7.14%

0%

22.22%

0%

10%

30%

Transp

0%

11.11%

7.14%

0%

0%

0%

0%

0%

Table 10. Cluster percentage composition for Spain in the period December 2010-December 2011.

Replicating for Spain the analysis we have already performed for Germany, suggests a num‐
ber of additional issues to be discussed. Figure 7 shows the market organization in the peri‐
ods: 2007-2008 and 2004-2005, while Tables 11-14 report the corresponding basic statistics
and clusters composition.
3 This is the case, for instance, of Imp/Exp, Ret. Serv., and High Tech.
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Figure 7. Skeleton framework of Spanish market in the periods: 2007-2008 (a), and 2004-2005.

CL.ID

mu

std

sk

ku

SR

CL01

0.00142

0.018

1.156

14.442

8%

CL02

-0.00023

0.016

0.702

13.033

-1.5%

CL03

-0.00028

0.026

-10.400

354.521

-1.1%

CL04

0.0014

0.020

0.948

7.377

7.1%

CL05

-0.0005

0.025

-0.267

13.392

-2.1%

CL06

0.0009

0.017

0.375

4.462

5.3%

CL07

0.0015

0.024

7.952

185.964

6.2%

CL08

0.0002

0.022

-0.122

14.941

0.7%

Table 11. Clusters statistics for Spain in the period: 2007-2008.

CL.ID
CL01

mu

std

sk

ku

SR

-0.00006

0.021

1.888

19.464

CL02

0.00150

0.018

1.327

18.261

8.4%

CL03

-0.00019

0.021

0.209

2.673

-0.09%

CL04

0.0012

0.015

0.782

6.485

7.7%

CL05

0.0013

0.017

0.939

7.531

7.6%

CL06

-0.0006

0.026

-11.489

396.951

-2.1%

CL07

0.0014

0.029

6.702

132.794

5%

CL08

-0.0001

0.024

-0.249

12.979

-0.5%

Table 12. Clusters statistics for Spain in the period: 2004-2005.

-0.3%
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CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

Aero

14%

0%

0.00%

12.50%

0%

0%

0%

0%

Agr

0%

0%

0.00%

0.00%

0%

0%

9%

0%

Auto

0%

0%

8.33%

0.00%

0.00%

0%

0%

0%

B&F

0%

0.00%

33.33%

25.00%

22.22%

22.22%

18.18%

36%

Chem

0%

0%

0.00%

0.00%

0.00%

11.11%

9%

9%

En

29%

18.18%

0.00%

12.50%

0.00%

0.00%

18%

0%

F&D

14%

9.09%

16.67%

12.50%

0.00%

11.11%

18%

0%

Fas

0%

0%

8%

0.00%

11%

11%

0%

0%

Hi

0%

0%

0%

0%

0%

11%

9%

0%

Hou

14%

9.09%

8.33%

12.50%

33.33%

0%

0%

9%

It

0%

0%

0%

0.00%

11%

0%

0%

0%

Log

0%

0%

8%

0.00%

0%

0%

0%

0%

Lux

0%

9.09%

0%

0%

0.00%

0%

0%

9%

Pap

14%

9.09%

8.33%

0.00%

0%

0.00%

9%

9%

Pharm

0%

18.18%

0.00%

0%

0%

0%

0%

18%

Pu

0%

0%

0.00%

13%

0%

0%

0%

0%

Tcom

14%

9%

0%

12.50%

0%

11%

0%

0%

Ter

0%

9%

8.33%

0%

22.22%

22%

9%

0%

Transp

0%

9.09%

0.00%

0%

0%

0%

0%

9%

Table 13. Cluster percentage composition for Spain in the period 2007-2008.

Looking to Table 11, basic statistics for 2008 highlight a situation that cannot be interpreted
in an precise way: clusters CL01, CL04, CL06, and CL07 have positive mean, skewness and
Sharpe Ratio, CL08 has positive mean and SR, CL03 and CL05 has gone negative, while
CL02 is a hybrid of all above states, with negative mean and SR, and positive skewness. Go‐
ing back to 2004, Table 12 sees two clusters (CL06, CL08) negative both in mean, SR and
skewness, two negative only in mean and SR (CL01, CL03), and all remaining clusters with
positive statistics.
The turning point to understand the crisis of Spain is in clusters composition. While in 2004
(Table 14) the Spanish market exhibited a strongest component in the Energy sector, this dis‐
appeared when we look to Table 13 that shows market organization in 2008. The snapshot
we took by looking at this period, shows a market dominated by banks (i.e. an exposure to
speculation), as well as by sectors like luxury goods, and fashion that did not assure any
protective shield in period of global crisis.
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CL01

CL02

CL03

CL04

CL05

CL06

CL07

CL08

Aero

0%

8%

0.00%

0.00%

10%

0%

0%

0%

Agr

0%

0%

0.00%

10.00%

0%

0%

0%

0%

Auto

0%

0%

0.00%

0.00%

0.00%

8%

0%

0%

Bkf

17%

33.33%

11.11%

20.00%

0.00%

41.67%

0.00%

26%

Chem

0%

25%

0.00%

10.00%

0.00%

0.00%

0%

0%

En

0%

16.67%

22.22%

10.00%

10.00%

0.00%

13%

5%

F&D

0%

0.00%

11.11%

20.00%

10.00%

16.67%

38%

0%

Fas

17%

0%

11%

0.00%

10%

0%

13%

0%

Hi

0%

8%

0%

10%

0%

8%

0%

0%

Hou

0%

0.00%

11.11%

0.00%

10.00%

8%

13%

26%

It

0%

0%

0%

0.00%

0%

0%

0%

5%

Log

0%

0%

0%

0.00%

0%

8%

0%

0%

Lux

17%

0.00%

0%

0%

0.00%

0%

0%

5%

Pap

17%

0.00%

11.11%

0.00%

30%

0.00%

0%

0%

Pharm

17%

0.00%

0.00%

0%

0%

0%

0%

16%

Pu

0%

0%

0.00%

10%

0%

0%

0%

0%

Tcom

0%

0%

0%

0.00%

20%

0%

13%

5%

Ter

0%

8%

22.22%

10%

0.00%

8%

13%

5%

Transp

17%

0.00%

0.00%

0%

0%

0%

0%

5%

Table 14. Cluster percentage composition for Spain in the period 2004-2005.

Moving the attention towards networks statistics (Table 15), we may observe that the values
of NETS2 and NETS3 are quite similar; conversely, they differ from those referring to the
first period under examination (NETS1). In the attempt to give the data an economic inter‐
pretation, we can say that NETS2 and NETS3 mirror a steady situation. Moreover, looking
to Density values the Spanish market gives the impression of a place where each company is
undertaking its own way. Such de-clustering orientation confirms the present exposure of the
country to external speculation attacks.
2004-2005

2007-2008

2010-2011

(NETS1)

(NETS2)

(NETS3)

Average Degree

1.75

1.974

1.974

Diameter

16

19

22

Density

0.25

0.026

0.026

Modularity

0.132

0.697

0.701

Table 15. Measures of network organization. A comparison among market topologies during the periods under
examination.
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5. Conclusion
In this chapter we provided an example of how to use Self Organizing Maps (SOMs) as a
tool to analyze financial stability.
We moved from row data (price levels) of quoted enterprises to provide a snapshot of coun‐
tries financial situation, and then we applied a hybrid procedure coping together SOMs and
Minimum Spanning Tree (MST). We checked our approach on two markets featuring differ‐
ent levels of (in)stability: the German and the Spanish Stock Exchange.
Our study made us possible to highlight most important relations among quoted societies,
as well as the natural clusters that tend to be created into those markets.
In particular, in the case of Germany we captured the country situation in three periods
(2004-2005, 2007-2008 and 2010-2011). The study suggested that the German government
was able to pay attention to warning signals emerging from the market. In this way Germa‐
ny applied measures that allowed it to face last year critical situation. Protecting sectors with
a strength tradition and promoting the challenge in emerging sectors Germany played a
game that seems to maintain the country at the marginal side of current global crisis.
On the other hand, the case of Spain suggests the existence of a weak market dominated by
banks that has been highly exposed to investors speculation. Local governors neither did
take into account in the right way alerting signals or did apply correction/protection meas‐
ures. In a positive sense our procedure highlighted some direction towards which policy
makers could operate in order to reduce instability.
To conclude the joined SOM-MST approach seems able to suggest proper recipes that gov‐
ernments might consider in order to address their policy efforts.
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1. Introduction
In this chapter, we consider neuron societies where there are many different types of interactions. In
one society, a neuron is connected with others only by the distance between two neurons. In another
one, a neuron is connected with others by similarity between neurons, and so on. We here choose a
special case where the interaction between neurons is weighted by the distance between them. This
simplification aims to apply the new method to the creation of self-organizing maps. With this research,
we expect new types of self-organizing maps to appear, ones which take into account the interactions
between neurons.
The self-organizing map (SOM) [1] is one of the most well-known techniques in neural networks. In
particular, the SOM is commonly used for the visualization of complex data. Contradictorily, one of
the main problems of the SOM is that it is difficult to represent final SOM knowledge. This is because
self-organizing maps are generally only concerned with competition and cooperation between neurons,
without due attention being paid to visualization in the course of learning. Thus, there have been many
attempts to visually represent SOM knowledge [1], [2], [3], [4], [5], [6], [7], [8], [9]. However, it is
still presently difficult to visualize SOM knowledge clearly; thus, the present study is an additional
attempt at clearly visualizing SOM knowledge. The hypothetical improved visualization is possible
by enhancing the characteristics common to neurons based upon their interactions. In addition, our
method can be used to control the degree of interaction or cooperation, which contributes to the better
visualization of SOM knowledge.
We applied our method to the analysis of Japanese automobile production for a period of twenty years.
The automobile industry underwent drastic changes during these years due to severe competition in
the development of environmentally friendly and fuel-efficient cars, and in reducing production costs.
However, because of the lack of the methods to clarify the overall characteristics of the automobile
industry, it has been difficult to clarify the main characteristics of automobile production. Our method
is expected to focus upon the important characteristics of the automobile industry through social
interaction, because two neurons with similar outputs interact with each other. Even if the conventional
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0
Figure 1. Social interaction from an initial state (a) to a final state (d).

SOM does not create interpretable representations, our method can be used to create interpretable
representations by controlling the degree of interaction.
In Section 2, we explain a concept of social interaction and how to compute social interaction. Then,
we apply the method to the self-organizing maps. We define the KL-divergence between neurons
in interaction and usual neurons. By minimizing the KL-divergence, we derive the optimal outputs
and connection weights. In Section 3, we present the experimental results applied to the extraction
of characteristics of automobile production from the period of 1993 to 2011 in Japan. We first
determine the optimal representation to maximize mutual information between neurons and input
patterns. Then, we try to interpret connection weights. In the discussion section, we try to interpret
the final representations based on the events and incidents of this period.

2. Theory and computational methods
2.1. Social interaction
In this chapter, we consider societies formed by the interaction of neurons. Suppose that two neurons’
outputs are represented by v j and vm , respectively as shown in Figure 1. Then, the interaction is defined
by the product of two neurons’ outputs:
interact jm = v j vm .

(1)

In addition, the distance between two neurons should be considered. Now, suppose that the distance is
represented by h jm . Then, the interaction is modified as
interact jm = v j h jm vm .

(2)
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The output from the jth neuron is defined by the sum of all interaction of the jth neuron and computed
by
M

interact j =

∑

v j h jm vm .

(3)

m =1

The relative output after the interaction becomes
interact j
M
∑m=1 interactm

q( j) =

(4)

Then, we suppose that neurons gradually transform from an initial state of society without interaction in
Figure 1(a) to a final state with interaction in Figure 1(d). Thus, we should develop a method to model
this transformation. Now, let p( j) denote the relative output without the interaction of the jth neuron.
Then, this neuron must imitate the corresponding neuron with interaction. The difference between two
types of neurons can be defined by the KL-divergence:
M

D=

p( j)

∑ p( j) log q( j) .

(5)

j =1

A society of neurons is formed by minimizing this KL-divergence. By minimizing this divergence, the
relative output p( j) becomes closer to the output after the interaction.

2.2. Application to SOM
Let us apply the concept of a society of neurons to the self-organizing maps. The sth input pattern of
total S patterns can be represented by xs = [ x1s , x2s , · · · , x sL ] T , s = 1, 2, · · · , S. Connection weights
into the jth neuron of total M neurons are computed by w j = [w j1 , w j2 , · · · , w jL ] T , j = 1, 2, . . . , M.
Then, the jth neuron’s output can be computed by
vsj


1 s
T
s
∝ exp − (x − w j ) Λ(x − w j ) ,
2


(6)

where xs and w j are supposed to represent L-dimensional input and weight column vectors, where L
denotes the number of input units. The L × L matrix Λ is called a "scaling matrix," and the klth element
of the matrix denoted by (Λ)kl is defined by

(Λ)kl = δkl

1
, k, l = 1, 2, · · · , L.
σα2

(7)

where σα is a spread parameter and defined by
σα =

1
.
α

(8)
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Let us consider the following neighborhood function usually used in self-organizing maps:



h jc ∝ exp −

� r j − r c �2
2σγ2



,

(9)

where r j and rc denote the position of the jth and the cth unit on the output space and σγ is a spread
parameter. Using this neighborhood function, we have

interactsj

M


1 s
T
s
= ∑ h jm exp − (x − w j ) Λ(x − w j ) .
2
m =1


(10)

The relative output of the jth neuron with interaction can be obtained by

q( j | s) =

interactsj
M
s
∑m
=1 interactm

.

(11)

Let p( j | s) denote the relative output from the jth neuron without interaction; then KL divergence is
defined by

D=

S

M

s =1

j =1

p( j | s)

∑ p(s) ∑ p(s) p( j | s) log q( j | s) .

(12)

By minimizing this divergence, we have


q( j | s) exp − 21 (xs − w j ) T Λ(xs − w j )

.
p∗ ( j | s) =
M
1 s
T Λ(xs − w )
(
x
−
w
)
q
(
m
|
s
)
exp
−
∑m
m
m
=1
2

(13)

Then, by substituting p( j | s) for p∗ ( j | s) , we have the well-known free energy function [10], [11]
F = −2σα2



M
1 s
T
s
q
(
j
|
s
)
exp
−
p
(
s
)
log
(
x
−
w
)
Λ
(
x
−
w
)
.
∑
∑
j
j
2
s =1
j =1
S

(14)

By differentiating the free energy, we can have connection weights

wj =

∑Ss=1 p∗ ( j | s)xs
.
∑Ss=1 p∗ ( j | s)

(15)
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3. Experiments
3.1. Data description and network architecture
The automobile industry has undergone drastic changes these days because of the increasing interest
in environmental problems and severe competition between different automobile manufacturers around
the world. In particular, the Japanese automobile industry has undergone major changes in developing
advanced technologies and lowering the costs of manufacturing. In advanced technologies, much focus
has been upon more fuel-efficiency automobiles, like electric, hybrid, and fuel cell vehicles. In addition,
the high appreciation of the Japanese yen has made it impossible to produce automobiles with lower
costs in Japan. Thus, it is certain that these drastic changes have been observed in the production
and sales of automobiles in Japan. However, it has been difficult to extract the overall characteristics
from complex automobile production and sales data. We here focus upon the analysis of automobile
production and try to show the main characteristics of the production over these twenty years.
The total data for automobile production ranged between the years 1993 and 2011. The numbers of
variables were eight, namely, standard, small, and mini passenger cars; standard, small, and mini trucks;
and large and small buses. The data was normalized to range between zero and one. We examined
what kinds of characteristics could be obtained by visualizing the data by our method and compared the
results with those by the conventional SOM. Figure 2 shows the network architecture for the automobile
data. In the network, we had eight input units, corresponding to the eight variables used. The number of
neurons in the output layer was 288 (24 × 12). We used the large size of the network to clearly visualize
the final results.

Figure 2. Network architecture for the automobile data.
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3.2. Optimal representation and mutual information
The social interaction method can produce many different types of networks by taking into account the
degree of interaction and competition. The degree of interaction can be changed through the parameter
α. Thus, we must choose an appropriate representation among them. One of the possibilities is to use
mutual information between neurons and input patterns. When this mutual information is increased,
neurons tend to contain more information on input patterns. Mutual information can be defined by

I (α) =

S

M

s =1

j =1

∑ p(s) ∑ p(s) p( j | s; α) log

p( j | s; α)
.
p( j; α)

(16)

One of the problems with this mutual information is that it increases constantly when the Gaussian
width decreases or the parameter α increases, as shown in Figure 3(a). Thus, we must assign a constant
value to the parameter α. Note that in actual learning, the parameter α was changed from one to ten,
and the parameter was fixed only for computing mutual information. Figure 3(b) shows this mutual
information when the parameter α was set to 1/10. As can be seen in the figure, mutual information
increased initially and reached its highest point when the parameter α was 4. Then, mutual information
gradually decreased. Though mutual information increased when the parameter α was increased in
Figure 3(a), the actual mutual information did not increase when the parameter α was increased from
4 in Figure 3(b). Thus, we can say that when the parameter α was 4, we could obtain an optimal
representation which had the maximum amount of information on input patterns.
Figure 4 shows the U-matrices when the parameter α was changed from 1 (a) to 10 (i). When the
parameter α was 1 in Figure 4(a), the centralized class boundary was too huge. When the parameter
α was 2, the huge class boundary became smaller, see Figure 4(b). When the parameter α was further
increased to 3 in Figure 4(c), a class boundary in warmer colors on the upper side of the matrix became
clearer, and other class boundaries began to appear on the lower side of the matrix. When the parameter
α was 4 in Figure 4(d), the class boundary on the upper side of the matrix became the clearest and
the other boundaries on the lower side became much clearer. Then, when the parameter α was further
increased from 5 in Figure 4(e) to 10 (i), the class boundaries began to gradually deteriorate. These
results corresponded to those of mutual information in Figure 3(b). When mutual information was
4, we could obtain maximum information, and then mutual information gradually decreased. When
mutual information reached its maximum, the clearest representation in Figure 4(d) could be obtained.

3.3. Interpretation of optimal representation
We interpret the optimal representation with maximum mutual information when the parameter α was
4. Figure 5 shows the U-matrix and labels with class boundaries when the parameter α was 4. As shown
in Figure 5(1), a clear class boundary in warmer color could be detected on the upper side of the matrix.
Additionally, several minor class boundaries were located on the lower side of the matrix. From these
boundaries and labels in Figure 5(2), the data was classified into three classes (periods). The first period
(a) represented the production from 1993-1998. The second period ranged between 1999 and 2006, and
the third period between 2007 and 2011. In the third period, the period between 2007 and 2008 and the
year 2011 were separated from the period in the middle. In addition, we can see that in the first and the
third periods, the data were arranged from right to left. On the other hand, in the second period, the data
were arranged from left to right.
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Figure 3. Mutual information as a function of the parameter α (a) and with a fixed value (1/10) of the parameter α (b).

Figure 6 shows connection weights from the eight variables. As shown in Figure 6(a3), in the second
and third periods, the production of mini-cars was very large, shown in warmer colors. On the other
hand, standard, small and mini trucks were more heavily produced in the first period, in Figure 6 (b1),
(b2) and (b3). In the third period, standard passenger cars and small buses were produced largely,
represented by warmer colors in Figure 6(a1) and (c2). In addition, for all variables, the parts on the
left hand at the bottom were very low in dark blue. This means that the production of automobiles was
the lowest around 2011.
Figure 7 shows connection weights in nine typical neurons located and shown on the map in Figure
5(2). In the first period, the production of small passenger cars and trucks was large and the levels
of production decreased gradually from (a3) to (a1). In the second period, the production gradually
increased. In particular, the production of mini-cars increased from left (b1) to right (b3). In the
beginning of the third period, in Figure 7(c3), the production of standard passenger cars and small buses
were much higher than that of any other type of cars. However, the production decreased gradually in
Figure 7(c2). Finally, in 2011, shown in Figure 7(c1), though overall production was very low, the
production of mini-cars remained relatively higher.
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Figure 4. U-matrices when the parameter α was changed from 1 (a) to 10 (i).
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Figure 5. U-matrices (1) and labels (2) when the parameter α was 4.

3.4. Comparison with SOM and PCA
We here compare the results of our method with those obtained by the standard SOM and PCA. Figure 8
shows the U-matrix and labels by the conventional SOM. We used the SOM toolbox for the experiments
[4]. As can be seen in Figure 8(a), two class boundaries in warmer colors appeared on the upper side
and the lower left hand side of the matrix, but they were rather ambiguous. Labels in Figure 8(b) show
that the class boundaries in Figure 8(b) corresponded to those in Figure 5(2).
Figure 9 shows information contained in the jth neuron on the input neurons. Let p(k | j) denote the
relative output of the kth input neuron for the jth neuron; then, information for the jth neuron on the
input neurons is defined by
L

Ij = log L +
where

∑ p(k | j) log p(k | j),

(17)

k =1

p(k | j) =

w jk
.
L
∑l =1 w jl

(18)
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Figure 6. Connection weights from all variables when the parameter α was 4.

Figure 9 shows this information computed by the social interaction (a) and SOM (b). As shown in
Figure 9(a), we could see three classes on the map by the social interaction. On the other hand, by
the SOM, as in Figure 9(b), boundaries between three classes were not always clear. On the lower
left hand side of the maps by the social interaction and SOM, neurons with the highest information
on input neurons appeared. This part corresponded to year 2011, where only mini-car was produced
largely. This proves that the year 2011 showed the most explicit characteristic of all periods. Namely,
the number of mini cars was much larger than any other cars in terms of production.
Figure 10 shows the results of PCA applied to data itself (a), connection weights by the conventional
SOM (b) and social interaction (c). With the PCA applied to the data itself, seen in Figure 10(a), three
classes were observed but they were extensively overlapping. Figure 10(b) shows the results of PCA
applied to the connection weights by the conventional SOM. Though three classes could be observed,
many weights were scattered between boundaries. Finally, when the social interaction was used in
Figure 10(c), the classes were clearly separated.
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Figure 7. Connection weights into six typical neurons in Figure 5(2).
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Figure 8. U-matrix (a) and labels (b) by the conventional SOM.

Figure 9. Information content of neurons on input neurons by social interaction (a) and SOM (b).

3.5. Discussion
3.5.1. Summary of Results
Let us summarize the main results of the automobile production. In 2000s, the automobile production
gradually decreased as shown in Figure 7(a3) to (a1). In the second period (the beginning of 1990s),
the production inversely increased, and in particular, the production of mini-cars increased as shown
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Figure 10. Results of PCA analysis applied to the data (a), connection weights by SOM (b) and those by social interaction (c).

in Figure 7(b3) to (b1). Then, in the beginning of the third period (2007 and 2008), the production of
standard passenger cars and small buses increased significantly, shown in Figure 7(c3). The production
then decreased again in Figure 7(c2). Finally, in 2011, only the production of mini-cars maintained
relatively high production rates, while all the other types of car showed rather low production rates, as
shown in Figure 7(c1).
3.5.2. Explaining by Actual Events
These characteristics can be explained by the two important factors occuring in these periods: the
revised regulation law for mini cars and the economic crisis called the "Lehman shock."
First, the class boundary between the first and second period could be explained by the revised
regulation law for mini cars in 1998. In the first period, all types of cars were being produced equally,
except standard and mini-cars and small buses. In the 2000s, only the production of mini-cars increased,
albeit gradually. We examined the events and incidents around this boundary period, and found that
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the automobile regulation by the Japanese government was revised in 1998. In the revision of the
safety regulation for the mini-cars in 1998, the size of mini-cars became larger and the safety levels
became higher, obtaining performance comparable to that of larger cars. Because of this revision of the
regulation, the Japanese automobile market was drastically changed around 1998.
Second, the third period was explained by the economic crisis of 2008. We could observe the high
production in standard passenger cars and small buses in the beginning of the third period in Figure 7(c3)
around 2007 and 2008. In this period, we recognized the well-known "Lehman Shock" phenomenon
following the economic crisis, which damaged the Japanese automobile industry. In particular, the
increase in the production of standard passenger cars in this period was one of the main causes of
troubles in the automobile industry.
3.5.3. Implication for Automobile Industry
Considering these results and facts, we can point out two factors concerning the automobile industry,
namely, policy and planning.
First, one important factor in the development of automobile industry is the policy for the industry.
It is necessary to guide the industry through the effective and industrial policy, conceptualized and
implemented by the government. In our experimental results, the revised regulation law for the
mini-cars drastically changed the market, leading to a sharp increase in the production of mini cars.
Second, production should be more carefully planned. The increase in production in the beginning of
2000s had long lasting negative effects on the automobile industry. We observed that the production in
the beginning of 2000s was focused on mini cars, meaning that smaller cars were generally preferred.
Despite this, standard passenger cars were largely produced in the beginning of the period. Even if the
majority were for export purposes, more restrained production should have been expected, which would
have led to lessened damages from the economic crisis.
3.5.4. Problems of the method
Though our method has shown better performance in visualization, we should point out two problems,
namely, optimality and topological preservation.
First, we used mutual information to obtain optimal representations. In other words, mutual information
was used to choose the optimal values of the parameter α. When mutual information increases, neurons
tend to respond very specifically to input patterns. By increasing mutual information, representations
become simpler. However, one of the problems is that we did not increase this mutual information, but
rather decreased KL-divergence. Thus, we need to examine the relation between KL-divergence and
mutual information more carefully.
Second, we should examine the relations between visualization and topological preservation. We have
shown that the method worked better to clarify class boundaries. When visualization can be improved,
it may happen that topological relations cannot be maintained. This is because better visualization
enhances some parts of input patterns, reducing topological preservation. However, we have not yet
finished examining the relations between the improved performance and topological preservation. Even
if the performance in visualization is improved, if topological relations are not preserved, then the
reliability of the final maps decreases. Thus, we should more precisely examine the relationship between
visual performance and topological preservation.
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3.5.5. Possibilities of the Method
The main possibilities of the method are summarized by two points, namely, flexibility and new
self-organizing maps.
First, one of the main beneficial characteristics of our method is its flexibility. Fundamentally, we aim
to create a general theory of social interaction. For that, we must take into account many types of
interactions. For simplification, social interaction is supposed to be the product of two neurons; thus, in
this study, only the distance between two neurons was taken into account. However, it is easy to include
any kind of interaction only by substituting the present probabilities q( j | s) by new ones. For example,
we can imagine a case where even if the distance between neurons is very large, they still may strongly
be connected with each other. We can take into account this kind of interaction.
Second, we can create new types of self-organizing maps based upon the social interaction. As
mentioned above, our method can create a variety of interactions between neurons. Based upon these
different types of interaction, it is possible for networks to self-organize, leading to characteristics
different from those by the conventional SOM. If we take into account the different types of cooperation
between neurons, new types of self-organizing maps can be created.

4. Conclusion
In this chapter, we proposed a new type of information-theoretic method in which neurons are supposed
to form a society. In this society, the interaction of neurons is the product of all neighboring
neurons’ outputs weighted by their distance. The individual neuron tries to imitate this interaction
as much as possible. The difference between neurons with and without interaction is computed by the
KL-divergence. By minimizing the KL-divergence, we can obtain the optimal outputs of the neuron and
the free energy. By differentiating the free energy, we can obtain the re-estimation rules for connection
weights.
We applied our method to the data of the production of Japanese automobiles during the period of
1993 and 2011. We can summarize the final results from two points of view. Technically, the new
method showed better performance in clarifying class boundaries, compared with the conventional
SOM. Explicit class boundaries were due to the interaction of neurons, similar neurons interacting
strongly with each other in terms of distance and firing rates. Second, the strong class boundaries
were traced back to the important events or incidents which occurred in the period. For example, the
class boundary between the first and the second period was due to the revision of regulation law for
mini-cars. Thanks to this revision, the number of mini-cars in production increased gradually. In the
third period, a significant production increase at the beginning of the period was accompanied by a
decrease in production of other models, with only mini-cars being largely produced in the end. This
period was well explained by the economic crisis in 2008.
Though there are some problems such as optimality and topological preservation, as explained in the
discussion section, we have shown that it is possible to create different types of neuron societies, where
different kinds of interaction can be implemented.
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Chapter 3

Using Wavelets for Feature Extraction and Self
Organizing Maps for Fault Diagnosis of Nonlinear
Dynamic Systems
Héctor Benítez-Pérez, Jorge L. Ortega-Arjona and
Alma Benítez-Pérez
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/50235

1. Introduction
Fault diagnosis has been established in two main approaches: model-based fault diagnosis
and model-free fault diagnosis. Present paper focuses on the later, mainly as an extension of
the approach proposed in [17]. The challenge here is to classify faults at early stages, with an
accurate response. However, as the term model-free implies, a model for the plant is not
available neither for fault-free nor for fault-present scenarios. The objective, thus, is to classi‐
fy faults based on system’s response and the related signal analysis, in terms of dilation and
shift decomposition, as obtained by a wavelets approach. So, self-organizing maps (SOM)
are proposed as a powerful nonlinear neural network to achieve such a fault classification.
Several strategies have been proposed for feature extraction using wavelets. For instance,
[1] presents a wavelet packet feature extraction, based on the analysis and measure of a
“distance” between the energy distribution of some signal classes and the proper classifi‐
cation by the use of fuzzy sets. Alternatively, [2] proposes the use of wavelets as a strat‐
egy of parametric system identification, giving prime emphasis to wavelet properties and
parameter relations. The idea of using wavelets for fault classification is a powerful proce‐
dure for feature extraction of several scenarios, even in the case of frequency and power
shifts. [3] and [4] have explored this approach for process system, in which practical re‐
sults are satisfactory, regardless of the classification. Moreover, several other strategies us‐
ing wavelets have been proposed for abnormal signal detection, like that presented in [5],
in which a parasitic wavelet transform is proposed. Further research in the same direction
is followed in [6], in which a cubic spline methodology is proposed for the boundary
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problem, although the results of this approach tend to be just local, linear models. An al‐
ternative strategy for auto-correlation and signal discovery is proposed in [7], following
some multi-class wavelet support vector machines. In all these methodologies, wavelets
are used as a technique for feature extraction; however, none of the above have presented
any enhancement for pattern classification. Here, an enhancement for pattern classifica‐
tion is proposed, in order to isolate different scenarios.
On the other hand, the use of neural networks for feature extraction only presents the disad‐
vantage of inherent data uncertainties and large quantity of necessary data. Different pro‐
posals have previously explored similar strategies. For example, [8] proposes feature
extraction using local parametric models, giving valuable results; however, there is a draw‐
back of a bounded system response. This strategy for fault diagnosis integrates an ART2A
network and a Kohonen neural network. The objective is to combine both strategies in order
to generate two subsystems capable of overcoming glitches and redundant data representa‐
tions [8]. Both subsystems, based on the ART2A topology and the Kohonen neural network,
are used to perform a learning strategy. This strategy allows on-line fault diagnosis, with the
inherent uncertainty of SOM variation due to the plasticity-stability dilemma. A fundamen‐
tal work has been introduced in [9], in which an extended review is provided regarding top‐
ics related to sensors patterns and stability-plasticity trade-offs, inherent to an ART2A
network. Interesting comments have been included about how a time window data can be
monitored, in order to identify abnormal situations, as well as how data should be treated in
terms of normalization, time scaling, and filtering, and their comparison prior to declare a
winner selection. Further developments are addressed in [10], focusing on the use of a paral‐
lel ART2A network approach, based on a wavelet decomposition in which clustering is de‐
fined in the wavelet domain, although it is not proposed for a dynamical system.
Feature extraction for dynamical systems based on wavelets presents the advantage of scale
decomposition, allowing several possibilities of fault detection depending on the scale of the
fault. Similarly, fault detection can be easily engaged if a source of information is decom‐
posed into several fruitful components. These components are taken as parameter vectors,
where several signal conditions are highlighted depending on the resolution. Further, these
components need to be combined in a fair strategy, in order to classify similar behaviors. To
do so, the use of SOM is proposed, in which each vector is processed as a consecutive input.
The result of this classification gives a number of selected patterns, depending on the learn‐
ing rate, and regarding a time window. Nevertheless, using this technique, the plasticity-sta‐
bility dilemma is still not solved.
As stated before, feature extraction presents an inherently extrapolated method to determine
several characteristics (like geometry differences) related to the monitored signal, based on a
scale factor. The most typical characteristics are those related to frequency and phase modi‐
fication, which are multiplicative faults in terms of fault detection. Amplitude change is de‐
tected on the general modification from wavelets scales, and the consequent change on the
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selected patterns. The importance of the methodology is the capacity for fault isolation at
unknown scenarios, with enough time to pursue modification in terms of system safety. In
this sense, time response is determined in terms of the sampled window and the classifica‐
tion of current analyzed data. It is necessary to establish a feasible relationship among the
sampling window, the time taken to process information, and the accuracy to classify a par‐
ticular scenario. This can be achieved by following a frequency analysis of some selected
scenarios, in order to find such a relationship. However, this is a non-homogeneous strategy
for any scenario. Further work needs to be done in terms of data analysis and sampling ca‐
pabilities to recognize scenarios, either known or unknown.
Based on this extensive review, the current approach divides the process of fault isolation
using SOM techniques into a two stages process. The first stage is a basic construction of the
map, as pattern clusters, using SOM. The second stage is a labeling process that identifies
scenarios of the system. Following this, the current approach proposes the classification of
time-varying faults within a bounded time window, using the wavelet decomposition inher‐
ent response. The objective, hence, is to establish an approach for fault localization, based on
feature extraction and clustering, by considering diverse fault-present and fault-free scenar‐
ios. The novelty of this approach is on signal classification for time varying scenarios, under
unknown consideration. The proposed system is limited to certain signals conditions, such
as coupled noise and frequency response. In this case, frequency dispersion should be
bounded, regardless of time variance. The main advantage of this approach is related to
fault isolation through signal decomposition, and classification in a bounded time response.

2. Background
2.1. The Wavelet Transform
Wavelet transform (WT) is an alternative method for processing transient, non-stationary
signals simultaneously in time-scale domains [11]. Wavelets are used to decompose a signal
into different scale factors. Wavelet approach provides a more natural description of the sig‐
nal, in terms of a composition of a set of “typical signals”, or wavelets. In fact, the WT is the
correlation between a signal and a set of basic wavelets, proposed from a basic “mother
wavelet” h(t), chosen in order to analyze a specific transient signal of finite energy. Thus, a
complete orthogonal set of “daughter wavelets” h a,b (t) is generated from h(t) by two opera‐
tions: a dilation a and shift b.
Formally, the dilation and shift, as wavelet coefficients of the signal, are defined by:
∞

∫

*
(t)dt
W S (a, b) = s(t)h a,b
−∞

(1)
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where s(t) is the current signal, and the function h a,b (t) defined as:
h a,b(t) = a −1/2h

( t −a b )

(2)

The information used in this approach is based on both a and b, as expansion coefficients.
Commonly, the mother wavelet is considered as a Daubechies signal. The wavelets automat‐
ically adapt to the different components of a signal, using a small window (large scale) to
search for brief high-frequency components, and large window (low scale) to look for long
lived, low-frequency components. The shape of low- and high-frequency components is de‐
termined by the mother wavelet. A further and deeper revision of the wavelet technique
may be found in [12].
Wavelets can be represented using a function ψ, and the familyℑof expanded and translated
wavelets are expressed as :

{

ℑ = ψ j,n (t ) =

1
2j

ψ

(

)

t − 2 jn
: j, n ∈ Z
2j

}

(3)

which performs an orthogonal baseL2 ⊄ . Orthonormal wavelets are obtained by expanding
this by a factor 2 j , allowing variations of the signal in a 2− j resolution. The construction of
these bases permits the study of multi-resolution of a signal. Formally, the approximation of
a function with a resolution 2− j is defined as an orthogonal projection over a spaceV j ⊂ L2 ⊄
The space Vj groups every possible approximation with resolution 2− j . Remember that an
orthogonal projection from function f is a function f j ∈ V j which is minimized f − f j .
Definition. (Multi-Resolution) A family of closed subspaces {V j : j ∈ Z } of L 2 ⊄ is a multi-resolution
approximation, if it satisfies the following properties:
i.

For j, k ∈ Z , f (t ) ∈ V j  f (t − 2 j k ) ∈ V j

ii.

For j ∈ Z ,V j+1 ⊂ V j

iii.
iv.

For j ∈ Z , f (t ) ∈ V j  f
+∞

j=−∞
+∞

lim V j = ∪ V j = L2 ⊄
j→−∞

vi.

j+1

lim V j = ∩ V j = {0}
j→+∞

v.

( 2t ) ∈ V

j=−∞

there isθsuch that{θ (t − n ) : n ∈ Z }is a Riesz base of V0 .

Property (i) states that the subspace Vj is invariant in any translation proportional to scale 2 j

Property (ii) is causal, since the resolution 2− j owns the necessary information to calculate a
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raw resolution 2− j−1. If the functions are dilated in Vj by 2, then the details are amplified by a
factor of 2. So (iii) defines an approximation of a raw resolution when the resolution 2− j
tends to be cero. (iv) implies that all the details have been lost, meaning that the projection
of signal f over the space Vj when j → + ∞is zero:
lim PV j f
j→+∞

= 0.

(4)

On the other hand, if the resolution2− j tends to+∞property (v) forces that the approximation
of the signal converges to the original signal:
lim f − PV j f
j→−∞

= 0.

(5)

Finally, the existence of a Riesz base {θ (t − n ) : n ∈ Z } of V0 provides a discretization theorem.
Function θ can be interpreted as a cell with unitary resolution. To compute several resolu‐
tions of signal, it is necessary then to compute the orthogonal components over different
spaces {V j : j ∈ Z } of L2 ⊄ According to the definition of a Riesz base, there are A,B > 0 that if
f ∈ V0, it may be decomposed as:

f (t) =

+∞

∑

n=−∞

a n θ (t − n )

(6)

with
A f

2

≤

+∞

∑ |a n |2≤ B

n=−∞

2

f

(7)

This last expression guarantees that the expansion of the signal over {θ (t − n ) : n ∈ Z } is nu‐
merically stable.
The approximation of f in the resolution 2− j is defined as the orthogonal projection PV j f over

Vj. To compute this projection, an orthogonal base should be find over the space Vj. Hence,
the following theorem allows for an orthogonal Riesz base{θ (t − n ) : n ∈ Z }, and it builds an
orthogonal basis for each space Vj where dilation and transferring over a function ϕ, named
scale.
Theorem (Goswami Jaideva, 1999). Being {V j : j ∈ Z } an approximation of multi-resolution and ϕ a
scale function, where the Fourier Transformation is:
^ (ω) =
φ

^ (ω)
θ

( ∑ | θ^ (ω + 2kπ) | )
+∞

k=−∞

2

1/2

(8)
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Defining
φ j,n (t) =

2
2

j

φ

( t2− n )

(9)

j

Then the family{θ j,n : n ∈ Z }is an orthonormal base ofV j ∀ j ∈ Z
Demonstration
The objective is to build an orthonormal base, and therefore, a function φ ∈ V0. Now, this
function is expanded in terms of the Reisz base {θ (t − n ) : n ∈ Z }:
+∞

∑

φ (t ) =

k=−∞

a n θ (t − n )

(10)

Computing the Fourier transform for this last function, it is obtained that:
^ (ω )
^ (ω ) = ^a(ω )θ
φ

(11)

wherea^is a Fourier series with period 2π and finite energy; ^a is expressed in terms of the or‐
thogonal condition of {φ (t − n ) : n ∈ Z } into the Fourier dominion, being φ̄ (t ) = φ *( − t ) It is nec‐
essary that for any n, p ∈ Z :
φ (t − n ), φ (t − p ) =

∫

+∞

−∞

φ (t − n )φ *(t − p )dt = φ ∗ φ̄ ( p − n ) = δ n

(12)

If the Fourier transform is obtained from this, it determines the following equation:
+∞

∑

k=−∞

^ (ω + 2kπ ) | 2 = 1
|φ

(13)

^ (ω ) | 2, and therefore:
On the other hand, the Fourier transform of φ (t ) ∗ φ̄ (t ) is | φ
^a(ω ) =

1

( ∑ | θ^ (ω + 2kπ) | )
+∞

2

1
2

(14)

k=−∞

To find an approximation of f over the space Vj, it is necessary to expand the function in
terms of the orthogonal base from the scale function:
PV j f =

+∞

∑

n=−∞

f , φ j,n φ j,n

(15)

Using Wavelets for Feature Extraction and Self Organizing Maps for Fault Diagnosis of Nonlinear Dynamic Systems
http://dx.doi.org/10.5772/50235

where the inner products are:
aj n = f , φ j,n

(16)

giving a discrete approximation of scale 2j. This last equation can be expressed as the convo‐
lution product:

an =

∫

+∞

−∞

f (t )

1
2j

φ

(

)

t − 2 jn
dt = f * φ̄ j (2 j n )
2j

(17)

^ is typically concentrated in
with φ̄ j (t) = 2− j φ (2− j t ).The energy of the Fourier Transform φ
^ *(2 j ω ) of φ̄ (t ) concentrates its
− π, π , and as a consequence, the Fourier Transform 2 j φ
j
energy in the interval − 2− j π, 2− j π . Then, the discrete approximation is aj n , as a low pass
filter of function f, from sampling 2j.
2.2. Self Organizing Maps (SOM)
The purpose of Kohonen’s SOM is to capture the topology and probability distribution of some
input data (Figure 1) [13][14]. First, a topology of SOM is defined as a rectangular grid [15].
Different types of grid may be used to represent data, although the one shown in Figure 2
presents a homogenous response suitable for noise cancellation.
The neighborhood function regarding a rectangular grid, such as this one, is based on a set
of bi-dimensional Gaussian functions, as described by Equation 18.

(

h (i1, i2) = exp − 0.5 *

(i1win − i1)2 + (i2win − i2)2
σ2

)

(18)

where i 1 and i 2 represent the indices of each neuron, and σis the standard deviation of each
Gaussian distribution, which determines how the neighbor neurons of a winner neuron are
modified. Each neuron also has a weight vector (wij ), which represents how the actual neu‐
ron is modified by an input updating. Thus, h(i 1 ,i 2 ) is the Gaussian representation that al‐
lows for modifications of neighbor neurons of a SOM.
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Figure 1. Topology Network of a SOM.

Equation 20 is the basis of the SOM. In this equation, the weight matrix is updated based
on the bi-dimensional indexing, namely h(i 1 ,i 2 ). This equation is used during training
(offline) stage of the SOM. Moreover, this bi-dimensional function allows the weight ma‐
trix to be updated in a global way, rather than just to update the weight vector associated
to a winner neuron.

Figure 2. Index Grid for noise cancellation.

For updating the SOM, an inner product is performed between the weight matrix W and the
input vector (I), in order to define a winner neuron. Having calculated this product, the
maximum value is determined by the comparison between each scalar from resultant vector.
This value is declared as the winner, just as in the technique known as “the winner take all”.
The related bi-dimensional index (Figure 2) is calculated in order to determine how the
weight matrix is modified.
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The updating process of the weight matrix is performed as shown by Equation 19.
wjnew = wjold + η * h (i1, i2) * (I − wjold )

(19)

whereη represents a constant value equals to 0.7. This parameter can be tuned as a learning
parameter. Here, I represents the current input vector.

3. Main approach
The proposed organization for the actual model is shown in Figure 3. The model is divided
into two stages: first, it is performed offline, where the SOM is trained; second, the fault di‐
agnosis procedure is performed online.
Persistant Input

Obs

Plant

Feature
Extraction
Wavelets

Output

SOM
(Learning Stage)

Feedback of 100 Epochs
Figure 3. Organization for the model.

The SOM is trained offline, following the output signal, which is decomposed into sever‐
al levels, as proposed by wavelets feature extraction scales. The observed dynamical sys‐
tem decomposition should perform this regarding its input, by considering a diversity of
frequencies. The decomposition is proposed for several wavelets scales as feature extrac‐
tion, where just one is chosen based on repeatability in similar scenarios, either faultpresent or fault-free.
Several parameters need to be tuned for the SOM and wavelet feature extraction, such as:
• Length of the sampling window k.
• Number of wavelet decomposition levels.
• Learning value η.
• Vigilance threshold β.
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During the offline stage, the SOM is trained based on known fault-present and fault-free sce‐
narios with a local decomposition wavelet strategy, using a mother wavelet known as Dau‐
bechies 4. This means that four decomposition levels (scales) are produced. The Daubechies
4 is a wavelet particularly chosen here due to the case study response, as it is discussed later.
For fault-free scenarios, four decomposed levels have a particular powerful response, being
different of the fault-present scenarios, as shown in the next section. In this case, similar pat‐
terns are stated to occur when a bounded fault scenario is presented. In both, fault-free and
fault-present cases, and for four levels, Daubechies 4 presents a trustable response.
Current data has a pre-treatment as input/output responses from the plant. Input and out‐
put are locally normalized before they are processed by wavelets, to extract certain features.
To take the advantage of this situation, it is necessary that the learning law of the SOM is
suitable to perform an accurate response with respect to the case study.

Sampling Window

Wavelet Feature
Extraction

SOM Learning Stage

Time
Figure 4. Three steps of the offline stage.

Sampling Window

Wavelet Feature
Extraction

SOM
Classification

Decision Making

Time
Figure 5. Three steps of the online stage.

Three steps are defined during the offline stage, as shown in Figure 4, in terms of data proc‐
essing: first, a sampling window of input and output data is taken and normalized; next,
this information is processed by the wavelet module, to perform feature extraction; finally,
the local matrix is classified by the SOM in learning mode. In this case, it is necessary to pro‐
vide with enough information and a diversity of scenarios (fault-present and fault-free) to
the SOM, in order to ensure a suitable fault identification.
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w

w

w

w

Sampling Time
Window

Sampling Time
Window

Sampling Time
Window

Sampling Time
Window

Time
Selected Patterns and Produced
Results

Figure 6. Results produced during the online stage.

Data Taken by Sampling
Window

Normalized Local Data

Wavelet Feature Extraction

SOM Network Classification

Figure 7. Proposed main procedure for the model-free fault diagnosis.

During the online stage, the SOM does not perform any learning procedure. The compari‐
son between already classified patterns against current scales vectors, produced by wave‐
lets, is performed by an inner product, where the minimal value obtained amongst all
patterns is defined as the winner, and compared with β. If the winner value is smaller
than β, this is a correct winner; otherwise, the SOM is not capable of performing this
comparison. The value β is called error, for the purposes of model evaluation. Similarly to
the offline stage, the online stage takes four major steps, as shown in Figure 5, in order to
produce a result. The main difference, thus, is that here SOM does evaluate the resultant
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local model, generated by wavelet feature extraction. The decision making module inher‐
ent in SOM determines if this classification is valid or not. Notice that for the current pur‐
poses, time consumption is neglected.
The results of the online stage are produced every w sampling time windows, which is
the time taken by the application in order to produce a result (Figure 6). Such a time win‐
dow w becomes crucial in terms of the frequency of the plant. Further, the sampling win‐
dow is a multiple of inherent period of the system. In fact, the plant response during
fault-present and fault-free scenarios need to be bounded to this parameter, in order to
guarantee a reliable response.
The main procedure followed here is shown in Figure 7, in which the normalized, local preprocessing stage is executed per local sample data; after that, the wavelet feature extraction
is performed as data decomposition. The results related to different levels are processed by
the SOM per level, where just one would be the winner, and learned by the SOM.

4. The case study
The case study is integrated by a system, as it is shown in Figure 8. It consists of a multipleinput, single-output (MISO) system, with a PID controller, and a switching fault injection
procedure. As it may be noticed, the dynamics of this plant tends to be quite slow in com‐
parison with the occurrence of faults, according to the dynamics of the plant and the fault
scenarios. This characteristic is crucial for the construction of the local model and the feature
extraction, in order to produce a fruitful fault diagnosis procedure. Case study is linear and
modeled through model-based techniques; however, when a fault is present, its dynamics
becomes nonlinear. This nonlinear behavior tends to be extremely difficult to be diagnosed
by classical strategies, like for example, unknown input observers [8]. This scenario has been
presented for local system identification techniques and for a global classification strategy,
in order to have an accurate fault diagnosis strategy [16]. However, the strategy is depend‐
ent on the persistent excitation of certain frequency responses. Alternatively, the proposed
strategy here overcomes such a frequency dependency, since the only obvious dependency
is the sampling period. This strategy is based on the sensibility of the feature extraction
strategy, which uses Daubechies 4 wavelets (db4).
The dynamics of the case study are expressed as vectors of the state space representation:
k1= [0.1; -20.000];
e=[0; 0.001];
b=[1.8000 -2.1000; 0.9000 0.8600];
A=[1.1000 0; 0 2.1000];
c=[0 1];
where A, b, c, and e belong to the case study model, and k1 to the PID controller. The types
of faults are:
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Fault 1: Backlash of 0.01, followed by a dead zone between {-0.1 0.1}
Fault 2: Backlash of 0.91, followed by a dead zone between {-0.3 0.4}
For this case study, the parameters to be tuned (such as β, η, a, b and k) are bounded to spe‐
cific ranges:
0.01β0.99
0.01η0.99
where η =0.1952 for this case study
2a, b6
k = 10
in
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Figure 8. Schematic diagram of the system for the case study.

These ranges are arbitrarily fixed, since there is no further information regarding these val‐
ues. In order to obtain certain selection according to fault presence and dynamic system re‐
sponse, a testing (response) from the tuples integrated by the combination of these values is
performed, as shown in the next section. Notice that the pattern selected by the SOM is a
representation of the most suitable approximation of current feature extraction, that is, a
model of the current response.

5. Case study results
The present results are referred in terms of pattern construction and feature extraction, con‐
sidering several known fault-present and fault-free scenarios. Regarding this, Figure 9
shows the output response of the benchmark during a fault-free scenario. The response of
the system is inherently stable, due to the inner local control. In this case, the sampling time
window has a duration of 10 seconds, representing a period of system response. This re‐
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sponse produces the level decomposition presented in Figure 10, in which four wavelet lev‐
els are used to decompose the data. Since response is fairly stable, the main differences
amongst levels are not significant neither regarding to power, nor regarding to frequency
selection. Based on this approximation, the selected patterns should be similar, equidistant,
and close related; otherwise, an unknown response has appeared.

Figure 9. Fault-free response for the current example.

Figure 10. Wavelets feature extraction for fault-free scenario.
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Figure 11. SOM for the fault-free scenario.

Figure 12. Selected patterns per level for the fault-free scenario. The winner patterns are at the first level.

The fault-free scenario shows the response of a damped system, in which four decomposed
levels tends to be similar in terms of power values. For this scenario, the patterns are classi‐
fied by the SOM as shown in Figure 11. The total number of patterns is 125, from which 55
patterns are “zoom” (enlarged) patterns with a similar power response, given the wavelets
feature extraction. Remember that Daubechies 4 has been selected for feature extraction,
since this wavelet is stable enough in terms of feature extraction repetition for same scenar‐
ios. In Figure 11, the amplitude of 55 patterns reflects a similar response amongst them.
Moreover, there is a region around patterns 30 to 45, whose amplitude is close to zero. No‐
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tice that the pattern response tends to be similar through time. In Figure 12, the related pat‐
terns per level are classified by the SOM for this fault-free scenario. In this case, level 1
presents most of the variations with respect to the observer scenario. This is reflected by the
number of created patterns regarding the rest of the levels: level 1 proposes 125 patterns,
while the rest of the levels propose mostly 2.
Figure 13 presents the response of the system and the selected patterns that vary from 0.1 to
0.8, in magnitude terms, presenting a close relation between the winner patterns. It is inter‐
esting to observe that the most selected pattern has a magnitude of 0.6.

Figure 13. Fault-free scenario and selected patterns for the case study.

For the fault-present scenario, two types of faults are injected to the system (see Section
4). First, let us consider Fault 1, which is an increment of sudden amplitude, as shown in
Figure 14. In this case, the fault scenario is presented from 400 to 800 seconds, and it is
related to a 10% increment of the amplitude. A detail of the response for this scenario is
shown in Figure 15. Observe that the system response presents just an oscillation, and not
a clear stage of fault condition. However, the expected response is not desirable according
to system dynamics.
Figure 16 shows the features extraction results for this scenario. In this case, power values
are modified around 500 seconds, in comparison with the fault-free response (Figure 10).
This difference is a clear modification of phase around the 500 seconds. This slight phase
modification is the result of the increment of amplitude for this fault scenario. Regarding
the patterns that are classified by the SOM for this fault scenario, the number of patterns
simply does not augment, but the feature extraction results are different. This is shown in
the amplitude of the patterns and the selected patterns, especially in pattern number 15,
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which clearly exposes the presence of the fault. In Figure 16, the first level presents a very
noticeable difference between the two responses of the whole scale presentation. More‐
over, the response in terms of patterns classified by the SOM tends to increase, but it is
still stable (Figure 17).

Figure 14. System response during fault present scenario.

Figure 15. Detail of the response for the first fault present scenario.
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Figure 16. Wavelets feature extraction for the fault present scenario.

Figure 17. SOM for the fault present scenario.

For the case second fault scenario, Fault 2, Figure 18 shows a detail of the output response of
the system, in which an oscillation tends to be larger than that present in the first fault sce‐
nario. Although, this behavior is quite erratic, the case study is still measurable, as shown in
Figure 19. In this figure, the patterns are selected and quite defined in terms of the presence
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of the fault in fast response. There is a small magnitude variation around patterns 2 to 3, at
the beginning of the fault scenario, which is resolved at the fifth sampling window. The val‐
ues of the selected patterns in terms of magnitude are quite defined around 3, which is clear‐
ly different in comparison with the other two previous scenarios.

Figure 18. Detail of the response for the second fault present scenario.

Figure 19. General response for the second fault present scenario and the selected pattern.
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Figure 20 shows the selected patterns per level, which present an increment in the number
of patterns. Now, the first level has 200 patterns, while the rest of three levels have around
80 patterns. Moreover, the amplitude of learned and winner patterns are around 0.15 for the
first level, and close to zero for the second, third, and fourth levels, in the majority of
learned patterns (red patterns).

Figure 20. Selected patterns per level for the second fault present scenario.

Figure 21. Current output response for the fault-present and fault-free scenarios.
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Figure 21 shows a combination of the three scenarios: the fault-free scenario from time 0 to
400 seconds, the first fault scenario from 400 to 700 seconds, and the second fault scenario
from 1100 to 1500 seconds, and again from 2000 to 2500 seconds. From this combination,
several patterns have been selected, as shown by the upper diagram of Figure 21. These se‐
lected patterns, depicted with their amplitude, show a clear definition of the three fault sce‐
narios: the fault-free scenario is related to the patterns measured at 0.7, the first fault-present
scenario is related with the two patterns measured at 0.4 and 0.9, respectively, and the sec‐
ond fault-present scenario is related with the three patterns whose values are 1.4, 1.6 and
2.0. The richness is quite obvious in this scenario, due to the oscillation present in it.

Figure 22. Selected patterns per wavelet levels for the three scenarios.

Finally, Figure 22 shows the levels of the four wavelets, depicted as learned patterns, in
which the first level has 190 winner patterns, while the other three levels have 60 winner
patterns. Observe that the richness of the combined winner patterns determines a clear clas‐
sification of the patterns, as shown in Figure 21. Moreover, the current amplitude is quite
similar and rich for the first level, as presented in the three scenarios.

6. Concluding remarks
The present work shows a strategy for fault diagnosis based on local feature extraction and
global system classification, in which different parameters play an important role in this
condition monitoring proposal. The number of samples with respect to sampling window,
the learning and vigilance parameters, and the number of extracted features has been tuned
by an extensive review of every possible scenario. This approach enhances the capabilities of
the simple use of a neural network for pattern classification. This strategy has shown an al‐
ternative for classification of abnormal situations, with no information from current case
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study as state space response. Furthermore, pattern databases have been constructed, based
on several selected scenarios, which have been obtained offline per scenario. This initial in‐
formation is basic in order to obtain an accurate model of the system under study. This strat‐
egy shows how model-free techniques can be implemented for fault diagnosis, and the need
of a large amount of data, as well as the extensive review of multiple parameters. The main
contribution here is the use of several pre-processing data stages, in order to conform suita‐
ble and accurate information to be processed by the neural network. In addition, a database
of several scenarios needs to be used for a trustable fault diagnosis strategy. In fact, it is nec‐
essary to define a heuristic index that allows the differentiation between scenarios. Here, the
use of one specific time frequency distribution approach over the rest of the current algo‐
rithms is pursued. Moreover, this strategy could address a proper dynamic non-linear sys‐
tem for online classification of unknown scenarios.
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1. Introduction
The beef cattle production system is the set of technologies and management practices, ani‐
mal type, purpose of breeding, breed group and the eco-region where the activity is devel‐
oped. The central structure in the beef cattle production chain is the biological system of
beef production, including the stages of creation (cow-calf production, stocker production,
feedlot beef production) and their combinations. The cow-calf phase is the less profitable ac‐
tivity and the one that has the higher risk. However, it supports the entire structure of the
production system.
Although it is undeniable that a systemic view in agriculture is important, it is not yet estab‐
lished in the Brazilian agricultural research. In this study, by using a non parametric techni‐
que known as Data Envelopment Analysis (DEA) and Self-Organizing Maps (SOMS), we
intend to cluster cattle breeders of some Brazilian municipalities. The objective is to group
the farmers according to their efficiency profiles regarding the decisions related to the com‐
position of their production systems, which are focused on the cow-calf phase. The farmers’
decisions have direct impacts on the expenditures and on the income reached.
Efficiency is a relative concept: we compare the amount produced by a productive unit or
firm given the available resources, to the maximum quantities that would have been pro‐
duced with the same amount of resources. There are different approaches to measure effi‐
ciency. The so-called parametric methods assume a pre-defined functional relationship
between resources (inputs) and products (outputs). These methods usually use averages to
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determine the amount that would have been produced. The non-parametric approaches,
among which DEA, do not make any assumption about the functional form of the relation‐
ship between inputs and outputs. DEA assumes that the maximum that could have been
produced is obtained in the sample under evaluation, by observing the firms that better per‐
form. DEA was initially presented in [1] and computes the efficiency of productive units, the
so-called decision making units (DMUs). The DMUs, here the farms, use the same types of
inputs to produce the same sort of outputs, and this set must be homogenous.
Mathematically and in the presence of multiple inputs and multiple outputs, efficiency is the
ratio between the weighted sum of outputs and the weighted sum of inputs. In the DEA ap‐
proach, each firm chooses the most appropriate set of weights with the view to maximize
that ratio. This choice is neither arbitrary nor subjective, as it is based on some restrictions.
The result of the ratio must mean efficiency, i.e., it must be a number between 0 and 1. Thus,
it is necessary that the weights that a firm chooses when applied to itself and to the others
(in total of k firms) cannot give a number bigger than one. These considerations are set in a
mathematical programming problem that formalizes the DEA model. In this context, we
may say that DEA scores are a benevolent measure of efficiency.
SOMS are a special case of neural networks. In the literature we can find some papers that
discuss the joint use of neural networks and data envelopment analysis. SOMS are often
used with DEA to perform an ex-ante clustering, in order to allow DEA to evaluate only ho‐
mogeneous units. For instance, in [2] Neural Networks and DEA were used to determine if
the differences among efficiency scores were due to environmental variables or to the man‐
agement process. The use of Neural Network for clustering and benchmarking container ter‐
minals was done in [3]. In [4], authors used Kohonen self-organizing maps to cluster
participating countries in the Olympics and then applied DEA for producing a new ranking
of participating teams. In references [5, 6] they used the back propagation neural network
algorithm to accelerate computations in DEA. In [7] authors applied Neural Networks to es‐
timate missing information for suppliers evaluation using DEA. In [8], SOMS were used to
cluster the CEDERJ distance learning centers before applying DEA models to assess the effi‐
ciency of these centers. The differences between the clusters were taken into account by a
homogenization of the centers for the purpose of comparing them in one single cluster.
In this chapter we propose a different approach. SOMS are used for ex-post evaluation, as
discussed in [9]. In our approach we first perform a DEA evaluation and then we cluster the
DMUs into groups based on DEA efficiencies. In our case we compute the farmers’ efficien‐
cy profiles and the SOMS are used to group the DMUs according to their common character‐
istics. The efficiency profiles are derived from the DEA cross-efficiency matrix. In the crossevaluation approach [10] each DMU is assessed by its own set of multipliers as well as by
the other DMUs’ multipliers. Thus, the column vector of efficiencies calculated for each
DMU in the cross-evaluation matrix is assumed as the efficiency profile. It is important to
note that the DEA cross-efficiency technique is usually used for ranking purposes. Here,
however, it is not used as a ranking tool but as the input to a SOM that will be used to clus‐
ter the units according to the way their efficiencies were obtained.
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Our discussion proceeds as follows. In Section 2 we discuss the theoretical aspects of DEA
and of cross-evaluation analysis. Section 3 is about the fundamental aspects of SOMS: Koho‐
nen Neural Networks. In Section 4 we present the proposed approach: DEA and SOMS in
an ex-post evaluation. The case study is detailed in section 4. In Section 5 we discuss the re‐
sults. Finally, we summarize our conclusions and list the references.

2. Dea and cross-efficiency evaluation
DEA is a mathematical programming approach developed to compute the comparative effi‐
ciency of productive units (firms or DMUs). The DMUs perform similar tasks and use differ‐
ent amounts of inputs to produce different quantities of outputs. In order to maximize the
efficiency of each DMU, DEA models allow each one to choose the weight assigned to each
variable in complete freedom, subject to some restrictions. In the case the firms under evalu‐
ation operate under different scales, it is possible to consider these differences in a DEA for‐
mulation. This model is known in the DEA literature as VRS (variable returns to scale) or
BCC model (from Banker, Charnes and Cooper), as firstly discussed in [11]. On the other
hand, if it is possible to assume that the DMUs operate under constant return to scale, i.e.,
there is a proportional relationship in increments or decrements between inputs and out‐
puts, the suitable model is the CRS (constant returns to scale) or CCR (from Charnes, Coop‐
er and Rhodes), as presented in the seminal paper [1].
The mathematical linear formulation for DEA CCR model is shown in model (1), where
h 1 is the efficiency of the DMU ‘1’ under evaluation; xik and y jk are the i-th input and j-

th output of the k-th DMU, k=1…n; μj and vi are the output and the input weights or mul‐
tipliers, respectively.

s

max h 1 = ∑ μj y j1
j=1

subject to
r

∑ vi xi1 = 1

(1)

i=1
s

r

j=1

i=1

∑ μj y jk − ∑ vi xik ≤ 0
μj , vi ≥ 0,

k = 1...n, j = 1...s, i = 1...r

As previously mentioned, DEA allows each DMU to perform its self-evaluation, in other
words, to choose its own set of multipliers in such a way that its efficiency score is maxi‐
mized. In [10], it was proposed that the optimal weights for each DMU can be used to evalu‐
ate its peers, i.e., to compute alternative efficiency scores for every other DMU. This
evaluation performed by the complete set of DMUs is called cross-evaluation [12, 13] and
the resulting measures of performance are the cross-efficiencies. In (2), h k 1is the cross-effi‐
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ciency of DMU ‘1’ using the weights of the DMU ‘k’; μ jk is the weight of output j obtained
for DMU ‘k’; vik is the weight of input i obtained for DMU ‘k’. The final cross-efficiency index
is the average of all peer and self-evaluations.

∑sj=1 μ jk y j1
hk1=
∑ri=1 vik xi1

(2)

As discussed in [14], the use of cross-evaluation has spread to a number of different areas, as
in multiple criteria decision making to improve discrimination among alternatives, in a pref‐
erential election, in the ranking and selection of projects and technologies, among others. As
discussed in [15-17] cross-evaluation commonly uses the CCR model due to the existence of
negative efficiencies when choosing the BCC model. The usage of the BCC model for crossevaluation imposes the inclusion of an additional set of restrictions to ensure positive effi‐
ciencies [16, 17].
As was noticed in [10], in the DEA context the optimal set of weights for a DMU is not
unique. Therefore it is necessary to choose one set of weights among all the possibilities. In
the original cross-evaluation formulation these approaches led to nonlinear problems. In
[12] two linear models were introduced, that are approximations to the original formulation.
There are some other alternative models for the cross-efficiency evaluation. We mention the
DEA-Game [18], among others [19]. These models may use two approaches. The first one,
called “aggressive model”, minimizes the cross-evaluation indexes of all DMUs. The second
approach, known as “benevolent model”, maximizes the cross-evaluation scores of all
DMUs. The so-called aggressive C k formulation is shown in model (3), as presented in [12].
s

min Ck = ∑ μ jk ∑ y jm
j=1

m≠k

subject to
r

∑ vik ∑ xim = 1
i=1

m≠k

s

r

j=1

i=1

∑ μ jk y jm − ∑ vik xim ≤ 0,
s

r

j=1

i=1

∀m≠k

(3)

∑ μ jk y jk − h kk ∑ vik xik = 0
μ jk , vik ≥ 0
After determining the set of weights to be used in the cross-evaluation, a cross-efficiency
matrix is calculated, as shown in Table 1. This matrix contains the self-evaluation (h kk) and
the peer-evaluation (h kl , k ≠ l) of each DMU. The efficiency scores of a given DMU will be in
the column of this matrix.
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DMU

1

2

3

...

n

1

h11

h12

h13

...

h1n

2

h21

h22

h23

...

h2n

3

h31

h32

h33

...

h35

...

...

...

...

...

...

n

hn1

hn2

hn3

...

hn5

Table 1. Cross-efficiencies matrix for n DMUs.

We may point out that DMUs sharing similar weights distribution (with similar characteris‐
tics) will evaluate each other with high efficiency scores. On the contrary, those who have
dissimilar characteristics will evaluate each other with low efficiency scores. The efficiency
scores of a DMU (the column of the matrix) are limited by the efficiency score obtained in
the self-evaluation (the diagonal of the matrix, h kk). In the self-evaluation, provided by the
classic DEA models, a DMU is shown in the best possible way as to maximize its efficiency.
Therefore, all peer-evaluations will be lower or equal to that efficiency score.

3. Fundamental aspects of som: kohonen neural network
The human brain organizes information in a logic way. A paramount aspect of the self-or‐
ganized networks is motivated by the organization of the human brain in such a way that
the sensory inputs are represented by topologically organized maps. The Kohonen self-or‐
ganizing map emulates the unsupervised learning in a simple and elegant way taking into
account the neuron neighborhood [20].
From topographic map development principle came up two feature mapping models: the
model presented in [21, 22], having strong neurobiological motivations, and the Kohonen
model [23], not as close to neurobiology as the previous one but enabling a simple comput‐
ing treatment stressing the essential characteristics of the brain maps. Moreover, the Koho‐
nen model or Kohonen Self-Organizing Map yields a low input dimension.
The SOMS are artificial neural networks special structures in a grid form that work in a sim‐
ilar way of the human brain, as far as the information organization is concerned, and are
based on competitive learning. The most used SOM is the topologically interconnected twodimensional, where the neurons are represented by rectangular, hexagonal and random grid
knots of neighbor neurons. Higher dimensional maps can also be modeled.
In order to analyze the competitive process, let us suppose that the input space is m-dimen‐
sional and that X represents a random input pattern [24] such that one can write
X = X 1, X 2, X 3, ..., X m . Assuming that the weight vector W of each neuron has the same

dimension of the input space, for a given neuron j of a total of l neurons the weight vector
can be written asW = W j1, W j2, W j3, ..., W jm , j=1…l.
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For each input vector, the scalar product is evaluated in order to find the X vector which is

closest to the weight vector W. By comparison, the maximum scalar product max(W jt ⋅ X ) is
chosen, representing the location in which the topological neighborhood of excited neurons
should be centered. Maximizing this scalar product is equivalent to minimizing the Euclidi‐
an distance between X and W. Other metrics could also be used.

The neuron with the weight vector closest to the input vector X is called the winner neuron,
whose index V ( X ) is given byV ( X ) = min X − W j . In the cooperative process the winner

neuron locates the centre of a topological neighborhood of cooperating neurons. The active
winner tends to strongly stimulate its closest neighbor neurons and weakly the farthest
ones. It is essential to find a topological neighborhood function N j,V ( X ) that is independent

from the winner neuron location. That neighborhood function should represent the topolog‐
ical neighborhood centered in the winner neuron, denoted by V, having as closest lateral
neighbors a group of excited and cooperative neurons, from which a representative j neuron
can be chosen. The lateral distance D j,V between the winner neuron, indexed by V, and the

excited neuron, indexed by j, can be written as in (4), where is the neighborhood width [24].

(

N j,V ( X ) = exp −

2
D j,V

2σ 2

)

(4)

The more dependent is the lateral distanceD j,V , the greater will be the cooperation among

the neighborhood neurons. So, for a two-dimensional output grid, the lateral distance can be
defined as in (5), for which the discrete vector ℘ j represents the position of the excited neu‐
ron, and ℘V the position of the neuron that won the competition.
D j,V =

℘ j − ℘V

2

(5)

The topological neighborhood should decrease with discrete time t. In order to accomplish
that, the width σ of the topological neighborhood N j,V ( X ) should decrease in time. The

width could be written as in (6), where σ0 represents the initial value of the neighborhood

width and τ1 a time constant. Usually σ0 is adjusted to have the same value as the grid ratio,
i.e.,τ1 = 1, 000 / logσ0.

( τt ),

σ (t ) = σ0exp −

1

t = 0, 1, 2, 3, ...

(6)

The expression of the topological neighborhood in time can be written as in (7).

(

N j,V ( X )(t ) = exp −

2
D j,V

2σ 2(t )

)

, t = 0, 1, 2, 3, ...

(7)
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The adaptive process is the last phase of the SOM procedure. During this phase is carried
out the adjustment of the connection weights of the neurons. In order the network succeed
in the self-organization task, it is necessary to update the weights W j of the excited j neuron
relatively to the input vector X.

The change to the weight vector of the excited neuron j in the grid can be written as
ΔW j = η yj X − g ( yj )W j , where is the learning rate parameter, η yj X is the Hebbian term, and
g ( yj )W j is called forgetting term [23-25].

In order to satisfy the requirement, a linear function for g ( yj ) is chosen asg ( yj ) = η yj . If
yj = N j,V ( X ), then the expression can be written as (8).

ΔW j = η N j,V ( X )( X − W j )

(8)

Using discrete-time notation, a weight updating equation can be written, which applies to
all neurons that are within the topographic neighborhood equation of the winner neuron
[23, 24], as in (9).
W j (n + 1) = W j (n ) + η (n ) N j,V ( X )(n )( X − W j (t ))

(9)

In (9) the learning rate parameter changes in each iteration, with an initial value around 0.1
and decreases with increasing discrete-time t up to values above 0.01 [20]. To that end, equa‐
tion (10) is written in which decays exponentially and τ2 is another time-constant of the

SOM algorithm. For the fulfillment of the requirements one could choose for instance,
η0 = 0.1andτ2 = 1, 000.

( τt ),

η (t ) = η0exp −

2

t = 0, 1, 2, 3, ...

(10)

4. Dea and soms in an ex-post evaluation
As discussed in Section 2, in the cross-evaluation approach each DMU is assessed by its own
set of multipliers (self-evaluation) as well as by the other DMUs’ multipliers (peer-evalua‐
tion). The cross-efficiency matrix provides the cross-efficiencies of every DMU, each column
providing the efficiencies of each DMU, i.e., is the evaluation performed by the other DMUs.
As previously discussed, DMUs with the same characteristics will evaluate each other with
high efficiencies, or with low efficiencies otherwise. Therefore, we can assume that each col‐
umn of the cross-evaluation matrix is the efficiency profile of each DMU.
When high value of weights are assigned to the variables of DMU A this implies that DMU
A will have a good efficiency score (ratio between the weighted sum of the outputs and the
weighted sum of the inputs). In the context of cross-evaluation, when these weights are as‐
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signed to DMU B and it also has high efficiency score we may say that DMU B has similar
characteristics to DMU A. We can observe the case in which a DMU have a good perform‐
ance in all variables (or in the majority of them), but it is not unusual the case where the
efficiency score is computed based only on two variables (one input and one output). This
occurs when the DMU have a low performance on some variables and null weights (or near
zero) are assigned to them. Therefore, considering DMUs A and B, DMU A may evaluate
DMU B positively, but when DMU B evaluates DMU A, its efficiency may be low. In other
words, cross-evaluation may not bring the same results for both.
In this chapter we will use SOMS to cluster the farmers with similar characteristics using the
cross-efficiency matrix information. However, the cross-efficiencies are dependent on the
DMU self-evaluation. The cross-efficiency scores may be smaller compared to those ob‐
tained by other DMUs (lines in the matrix), but they may be consistent or very similar to the
efficiency score obtained by the DMU (column in the matrix). Therefore, as our clusters will
be defined by the efficiency profile, we need to remove the self-evaluation effect of each
DMU. In this approach this is accomplished by normalizing each column of the matrix by
the self-evaluation, i.e., all values are divided by the CCR DEA efficiency of the DMU. This
is shown in Table 2. The self-evaluation is the highest efficiency score of the DMU, located in
the diagonal of the cross-evaluation matrix. As a consequence, we will have unitary values
in the matrix diagonal. The objective of this operation is to group the DMUs by the way they
are evaluated by the others rather than by their efficiency level. This minimizes the benevo‐
lent characteristic of the classic DEA models.
DMU

1

2

3

...

n

1

h 11
h 11

h 12
h 22

h 13
h 33

...

h 1n
h nn

2

h 21
h 11

h 22
h 22

h 23
h 33

...

h 2n
h nn

3

h 31
h 11

h 32
h 22

h 33
h 33

...

h 3n
h nn

...

...

...

h nn
h nn

...

...

...

...

n

h n1
h 11

h n2
h 22

h n13
h 33

Table 2. Normalized cross-efficiency matrix.

In the traditional cross-evaluation applications, the resulting average cross-efficiency index
is commonly used for ranking purposes. Here, in contrast, the square matrix of normalized
efficiencies will be submitted to the SOMS procedure (as its input) to generate the homoge‐
neous clusters. In other words, the normalized cross-evaluation matrix will be used to clus‐
ter the DMUs according to their efficiency profile.
An approach based on cross-evaluation and cluster technique was used in [26] to group par‐
ticipating countries in Summer Olympics Games. The authors used the average cross-effi‐
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ciencies and cluster analysis to group the nations and to select more appropriate targets for
poorly performing countries to use as benchmarks.

5. Case study
The beef complex in Brazil is consolidated as an important link in the production and in the
international trade: Brazil is the largest exporter and the second largest producer of beef.
Considering this scenario, the study and the evaluation of beef cattle production systems are
important tools for enhancing the performance of this sector.
In Brazil, the cow-calf beef cattle phase occurs predominantly in extensive continuous graz‐
ing, with native or cultivated pastures, encompassing: calves (until weaning or even one
year old), cows, heifers and bulls. The cow-calf phase supports the entire structure of the
beef production chain.
This case study seeks to assess the comparative performance of extensive livestock modal
production systems in its cow-calf phase, in some Brazilian municipalities. The objective is
to measure their performance and to group them according to the decisions regarding the
composition of the production system. This has a direct impact on the expenditures and on
the income generated.

5.1 Data Source
Primary data were collected through the panel system, which allows the definition of repre‐
sentative farms, as proposed in [27].
In this approach, based on the experience of the participating farmers, it is characterized the
property that is the most commonly found in the region, i.e., a property or a production system
that is representative of the locality under study. In some cases it is not possible to determine
this typology and more than one representative property or production system are specified.
The panel is a less costly procedure of obtaining information than the census or the sam‐
pling of farms. The technique is applied during a meeting with a group of one or more re‐
searchers, one technician and eight regional farmers. Meetings are scheduled in advance,
with the support of rural unions and regional contacts. At the end of that debate one can say
that any characterization of the typical farm in the region has the consent of the farmers.
Thus, productivity rates, establishment costs, fixed and variable costs, i.e., all the numbers
resulting from the panel, tend to be fairly close to the regional reality.
It is noteworthy that the rates and the costs reported by each participant are not related to their
properties, but with a single farm, declared at the beginning of the panel as the one that best
represents the scale of operation and the production system of most of the local properties.
This study evaluated 21 beef cattle modal production systems that performed only the cowcalf phase, in seven states of Brazil. The data, derived from the indicators of the project de‐
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veloped by the Centro de Estudos Avançados em Economia Aplicada and the Confederação
da Agricultura e Pecuária do Brasil, were collected in municipalities of these seven states:
Mato Grosso do Sul - MS (eight), Goiás - GO (four), Rio Grande do Sul - RS (one), Minas
Gerais - MG (four), Tocantins - TO (two), São Paulo - SP (one) and Bahia - BA (one). Panels
with the farmers, with the support of the local rural technical assistance, were performed to
collect the data, according to the methodology described in [28].

5.2 Modeling
5.2.1 DMUs
The objective of the DEA model is to measure the performance of the farmers’ decision re‐
garding the composition of the rearing production system. Thereby, the DMUs are the 21
modal systems, identified from the panel discussions in 21 cities in seven Brazilian states.
Table 3 presents the dataset.
DMUs

Breeders

Calves

Cull cows

Municipality

State

Code

(input)

(output)

(output)

Alvorada

TO

#1

12

147

30

Amambai

MS

#2

15

143

40

Aquidauana

MS

#3

92

713

214

Bonito

MS

#4

14

166

75

Brasilândia

MS

#5

31

290

178

Camapuã

MS

#6

9

65

33

Carlos Chagas

MG

#7

19

297

160

Catalão

GO

#8

8

81

42

Corumbá

MS

#9

69

455

200

Itamarajú

BA

#10

4

44

18

Lavras do Sul

RS

#11

5

58

30

Montes Claros

MG

#12

5

47

28

Niquelândia

GO

#13

4

35

18

Paraíso do Tocantins

TO

#14

12

123

35

Porangatu

GO

#15

5

46

23

Ribas Rio Pardo

MS

#16

15

143

70

Rio Verde

GO

#17

23

196

82

São Gabriel d’Oeste

MS

#18

11

95

40

Tupã

SP

#19

5

46

30

Uberaba

MG

#20

5

66

36

Uberlândia

MG

#21

2

20

10

Table 3. DMUs, inputs and outputs.
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5.2.2 Variables
The technicians and the researchers mentioned in 5.1, analyzed the variables set and imme‐
diately identified those relevant to our study. They selected “number of bulls” as the input
variable, since this variable represents a significant portion of all total expenditures of the
ranchers that produce calves. It is directly linked to the quality of animals that will be sold
in these systems. This is also the only category that is purchased from other herd, especially
in ranches with herds of genetic selection.
The products of the system that are responsible for the main revenue from the cow-calf sys‐
tems were chosen as the output variables. These are the “number of calves on the herd” and
the “number of cull cows”. All calves produced are sold on the property and generate in‐
come. Cull cows are those that are sold, as they are not part of the production system either
by higher age or by reproductive performance lower than desired. The decision to fit be‐
tween these variables is important because it will provide the dynamics structure of the
breeding herd. This is the fundamental factor for keeping the economic viability of the beef
cattle production system.
The variables indicated by experts need to be examined by analysts to determine whether
they conform to the properties required by the DEA models. In particular, there must be a
causal relationship between each input-output pair [29]. There is a clear causal relationship
between the output “number of calves on the herd” and the input “number of bulls”. The
same cannot be said of the relationship between the input and the output “number of cull
cows”. Actually, there is no direct causal relationship between these variables; however
there is a cost-benefit relationship. In the case the rancher has a big number of bulls (that
represent an expense) he must earn more, either through the sale of calves or cows. There‐
fore, the “bulls – cull cows” ratio makes sense when using DEA to analyze cost-benefit ra‐
tios, and not just pure productive relations. This interpretation of DEA was introduced in
[30] and was used in [31, 32]. Generalizations of this usage can be seen in [33].

6. Results and discussion
Figure 1 shows the cross-evaluation matrix. It was computed using the SIAD software [34].
As previously mentioned, we used the DEA CCR as the BCC model can generate negative
efficiency scores [17].
The values of the Figure 1, cross-evaluation matrix, were normalized before using SOMS, as
explained in Section 4. Four different grid dimensions were tested: the 5x5 grid, the 3x3 grid,
the 2x2 grid and the 2x1 grid. We began our analysis with the 5x5 grid since it yields 25 neu‐
rons against the 21 DMUs of the data set.
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Figure 1. Cross-evaluation matrix. In the diagonal are the scores computed by the self-evaluations. Other cells show
the peer-evaluations.

DMUs

Cluster

Municipality

State

Code

1

Alvorada

TO

#1

2

Amambai

MS

#2

3

Aquidauana

MS

#3

4

Bonito

MS

#4

5

Brasilândia

MS

#5

5

Montes Claros

MG

#12

6

Camapuã

MS

#6

7

Carlos Chagas

MG

#7

8

Catalão

GO

#8

9

Corumbá

MS

#9

10

Itamarajú

BA

#10

11

Lavras do Sul

RS

#11

12

Niquelândia

GO

#13

13

Paraíso do Tocantins

TO

#14

14

Porangatu

GO

#15

14

Ribas Rio Pardo

MS

#16

15

Rio Verde

GO

#17

15

São Gabriel d’Oeste

MS

#18

16

Tupã

SP

#19

17

Uberaba

MG

#20

18

Uberlândia

MG

#21

Table 4. Clusters obtained with the 5x5 grid.
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The 5x5 grid provided the results shown in Table 4. There were obtained 18 clusters and al‐
most all contained one municipality (DMU). The exceptions were cluster 5 (which contains
Brasilândia and Montes Claros), cluster 14 (compounded of Porangatu and Ribas Rio Par‐
do), and cluster 15 (with Rio Verde and São Gabriel d’Oeste).
Figure 2 shows the resulting allocation for the 5x5 grid. The clusters with two DMUs were the
ones in which the municipalities had the most similar efficiency profiles, i.e., strongest similar‐
ities. If these six DMUs hadn’t met their similar pairs they would had been allocated in the
empty clusters, each DMU in one cluster, instead of being grouped in pairs in three clusters.
These three clusters were formed mainly due to the similarity of the decision profile in re‐
gards to the cows’ culling age in the production systems of Brasilândia and Montes Claros
(8.2 and 8.5 years), Ribas Rio Pardo and Porangatu (9.2 and 9.0 years), Rio Verde and São
Gabriel d’Oeste (10.3 and 10.7 years). In practice, however, the 5x5 grid didn’t perform well,
as it hadn’t grouped other production systems with similar profiles. Thus, this grid didn’t
provide the basis for an accurate synthesis of convergence points among the other systems
under assessment.
The 5x5 grid allocated many single municipalities in the clusters, i.e., one DMU in one clus‐
ter. Therefore, this topology was not suitable for this study. We also analyzed the 4x4 grid.
We inferred that the 4x4 typology was also not adequate for this study as we obtained simi‐
lar results to the 5x5 grid.

Figure 2. DMUs’ distribution for the 5x5 grid.

The set shown in Table 5 is from the 3x3 grid. We observe that some DMUs were in the
same clusters they were allocated in the 5x5 grid. This was the case of the cluster composed
of Brasilândia and Montes Claros. In this cluster were added the DMUs Catalão, Ribas Rio
Pardo, Tupã and Uberlândia. The same occurred with the group Rio Verde – São Gabriel

79

80

Applications ofand
Self-Organizing
Developments
ApplicationsMaps
of Self-Organizing Maps

d’Oeste that in the 3x3 grid was also consisted of Niquelândia and Porangatu municipalities.
We may point out that Porangatu and Ribas Rio Pardo were no longer in the same cluster,
which was a consequence of this new grid.

DMUs

Cluster

Municipality

State

Code

1

Alvorada

TO

#1

2

Amambai

MS

#2

2

Paraíso do Tocantins

TO

#14

3

Aquidauana

MS

#3

3

Camapuã

MS

#6

3

Corumbá

MS

#9

4

Bonito

MS

#4

4

Lavras do Sul

RS

#11

5

Brasilândia

MS

#5

5

Catalão

GO

#8

5

Montes Claros

MG

#12

5

Ribas Rio Pardo

MS

#16

5

Tupã

SP

#19

5

Uberlândia

MG

#21

6

Carlos Chagas

MG

#7

7

Itamarajú

BA

#10

8

Niquelândia

GO

#13

8

Porangatu

GO

#15

8

Rio Verde

GO

#17

8

São Gabriel d’Oeste

MS

#18

9

Uberaba

MG

#20

Table 5. Clusters obtained with the 3x3 grid.

This situation was probably a result of the same decision-making profile of the municipali‐
ties that were grouped, in regards the dispose of cows and bulls in their production systems.
The 3x3 grid provided balanced groups concerning the variables, especially in relation to the
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profile of discarding cows and bulls. Bulls’ disposal is directly related to purchase: the high‐
er is the annual discard, it increases the need for annual replacements.
By limiting the number of clusters to nine (3x3 grid) we obtained three clusters with only
one municipality: cluster 1 (Alvorada), cluster 6 (Carlos Chagas) and cluster 7 (Itamarajú).
These three municipalities had unique profiles of decision- making with respect to the cull‐
ing of cows and bulls. In Alvorada, cows and bulls culling rates were the lowest among the
municipalities analyzed (8 and 13%, respectively). In Carlos Chagas, the rates were higher
(18 and 21%). In Itamarajú, the cows disposal rate was small (12%), but the bulls disposal
rate was the highest among the production systems evaluated (24%).
Figure 3 shows the DMUs’ distribution for the 3x3 dimension grid.

Figure 3. DMUs’ distribution for the 3x3 grid.

The third grid used was the 2x2. The results are displayed in Table 6. Comparing these re‐
sults with the ones from the 3x3 grid we observe that most of the previous allocation re‐
mained unchanged and there were mergers according to the clusters similarities. The
exception is cluster 8 in the 3x3 grid (Niquelândia, Porangatu, Rio Verde and São Gabriel
d’Oeste): in the current configuration its DMUs were inserted into other clusters (Niquelân‐
dia and Porangatu are in cluster 3 along with Bonito, Brasilândia, Catalão, Itamarajú, Lavras
do Sul, Montes Claros, Ribas Rio Pardo, Tupã and Uberlândia; Rio Verde and São Gabriel
d’Oeste were in cluster 2 along with Aquidauana, Camapuã and Corumbá).
Although these clusters were different from the ones obtained with the 3x3 grid, they were
compatible with the results from 5x5 configuration, where the pairs Rio Verde – Gabriel
d’Oeste and Porangatu – Ribas Rio Pardo were allocated in different groups.
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DMUs

Cluster

Municipality

State

Code

1

Alvorada

TO

#1

1

Amambai

MS

#2

1

Paraíso do Tocantins

TO

#14

2

Aquidauana

MS

#3

2

Camapuã

MS

#6

2

Corumbá

MS

#9

2

Rio Verde

GO

#17

2

São Gabriel d’Oeste

MS

#18

3

Bonito

MS

#4

3

Brasilândia

MS

#5

3

Catalão

GO

#8

3

Itamarajú

BA

#10

3

Lavras do Sul

RS

#11

3

Montes Claros

MG

#12

3

Niquelândia

GO

#13

3

Porangatu

GO

#15

3

Ribas Rio Pardo

MS

#16

3

Tupã

SP

#19

3

Uberlândia

MG

#21

4

Carlos Chagas

MG

#7

4

Uberaba

MG

#20

Table 6. Clusters obtained with the 2x2 grid.

The DMUs’ allocation in regards to the 2x2 grid is shown in Figure 4. The biggest cluster
had 11 municipalities: Bonito, Brasilândia, Catalão, Itamarajú, Lavras do Sul, Montes Claros,
Niquelândia, Porangatu, Ribas Rio Pardo, Tupã and Uberlândia. In this group, cows and
bulls discard rates had medium values (19 and 14%, respectively).
The smallest group was composed of two municipalities: Carlos Chagas and Uberaba. These
municipalities exhibited higher rates for the discarding of cows and bulls (18% and 21%),
which is a characteristic of production systems with a more dynamics profile, when com‐
pared to other clusters.
The clusters composed of three (Alvorada, Amambai and Paraíso do Tocantins) and five
municipalities (Rio Verde, Aquidauana, Camapuã, São Gabriel d’Oeste and Corumbá) had
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discard rates of cows and bulls of 10% and 13%, and 18% and 15%, respectively. This im‐
plies that the former group (with lower rates) probably had herds with a lower replacement
dynamics. In the latter cluster, which had a lower rate of bulls’ replacement, there was less
investment in improving the genetic quality of the herd.

Figure 4. DMUs’ distribution for the 2x2 grid.

Finally, the 2x1 dimension grid was used and the results are depicted in Table 7 and Figure
5 shows its DMUs’ distribution.

Cluster

DMUs
Municipality

State

Code

1

Alvorada

TO

#1

1

Amambai

MS

#2

1

Aquidauana

MS

#3

1

Brasilândia

MS

#5

1

Camapuã

MS

#6

1

Catalão

GO

#8

1

Corumbá

MS

#9

1

Itamarajú

BA

#10

1

Montes Claros

MG

#12

1

Niquelândia

GO

#13
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DMUs

Cluster

Municipality

State

Code

1

Paraíso do Tocantins

TO

#14

1

Porangatu

GO

#15

1

Ribas Rio Pardo

MS

#16

1

Rio Verde

GO

#17

1

São Gabriel d’Oeste

MS

#18

1

Tupã

SP

#19

1

Uberlândia

MG

#21

2

Bonito

MS

#4

2

Carlos Chagas

MG

#7

2

Lavras do Sul

RS

#11

2

Uberaba

MG

#20

Table 7. Clusters obtained with the 2x1 grid.

Figure 5. DMUs’ distribution for the 2x1 grid.

We notice that a small cluster was formed with Bonito, Carlos Chagas, Lavras do Sul and
Uberaba. Bonito and Lavras do Sul were part of one cluster in the 3x3 grid and in the 2x2
grid they were included in cluster 3 along with Brasilândia, Catalão, Itamarajú, Montes
Claros, Niquelândia, Porangatu, Ribas Rio Pardo, Tupã and Uberlândia, which were in clus‐
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ter 1. This was a result of the new grid used. Both groups had no outstanding difference be‐
tween the culling rates of cows and bulls (14 and 17% in cluster 1, 14 and 18% in cluster 2).
This grid was not satisfactory to support the analysis of similarities and dissimilarities of the
beef cattle production systems profiles evaluated.

7. Conclusions
In this paper we used Data Envelopment Analysis with SOMS to cluster the 21 beef cattle
modal production systems into homogeneous groups according to their efficiency profiles.
The efficiency profiles are derived from the cross-evaluation DEA approach. This approach
allows a peer-evaluation instead of only considering the self-evaluation performed by the
classic DEA models.
The approach used here is different from the previous ones in the literature, in which SOMS
are used to group the DMUs into homogeneous sets and then use DEA models to evaluate
the DMUs belonging to each cluster. In our approach rather than performing ex-ante clus‐
tering we carried out ex-post grouping. We used the DEA cross-efficiencies as inputs to the
SOMS procedure. It is important to stress that we didn’t use the classic DEA efficiency
scores, but the efficiency profiles of each DMU derived from the cross-evaluation matrix.
The proposed approach yielded interesting results for 3x3 and 2x2 grids. In using these
grids, the production systems developed in the 21 assessed municipalities were grouped,
particularly, in relation to the inlet-outlet dynamics of important animals’ categories of the
breeding herd. The different decision-making profiles of culling of cows and bulls, and con‐
sequently of the purchase of bulls, were satisfactorily grouped relative to the efficiency pro‐
file observed in each production system.
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A Self – Organizing Map Based Strategy for
Heterogeneous Teaming
Huliane M. Silva, Cícero A. Silva and
Flavius L. Gorgônio
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/52776

1. Introduction
Even though education and knowledge are processes inherent to human development and
are present in all cultures since the earliest and most remote age, the educational model
adopted today had its origins in Ancient Greece, where the first signs of appreciation of cul‐
tural knowledge took place [1]. At the time, the most traditional way to prepare young indi‐
viduals of any social class to social integration was through individual processes of
teaching, whether in daily life, with their parents, or in contact with masters and artisans.
Although, the more privileged classes enjoyed other types of learning, such as access to
reading, writing and other areas of knowledge, this process was always conducted on an in‐
dividual basis.
The need to generalize the teaching of reading, writing and the so-called general culture
among the less privileged social strata caused an increase in the number of students in rela‐
tion to the number of teachers available. This fact prompted educators that time to seek a
teaching model that could bring knowledge from the educators to a maximum number of
individuals at the same time. Given this need, the Greeks developed the earliest forms of
grouping students in order to maximize their teaching activities [2].
The school and the way students are organized in the classroom have also undergone vari‐
ous transformations throughout history [2]. Initially, they were organized in large groups in
a single classroom, and guided by a teacher or tutor who had different concepts that he
judged to be of common interest, combined with specific content, targeted to smaller groups
or individual students. Later, new forms of organization of schools and classrooms
emerged, such as the structuring of the content presented according to age, the division of

©
This
is a
distributed
underdistributed
the terms of
the Creative
Commons
© 2012
2012 Silva
Silvaet
etal.;
al.;licensee
licenseeInTech.
InTech.
This
is paper
an open
access article
under
the terms
of the Creative
Attribution
License (http://creativecommons.org/licenses/by/3.0),
which permitswhich
unrestricted
Commons Attribution
License (http://creativecommons.org/licenses/by/3.0),
permitsuse,
unrestricted use,
distribution,
the
original
work
is properly
cited.
distribution,and
andreproduction
reproductionininany
anymedium,
medium,provided
provided
the
original
work
is properly
cited.

90

Applications ofand
Self-Organizing
Developments
ApplicationsMaps
of Self – Organizing Maps

students into fixed and/or mobile groups along with learning from interaction with other in‐
dividuals through the formation of study groups.
Throughout the evolution of the teaching-learning process, interaction between members
of a group in order to encourage mutual learning, has become increasingly valued. Cur‐
rently, learning from the development of team activities is very encouraging, since it fa‐
cilitates the sharing of experiences and ideas among group members and allows the
realization of some activities that are not possible to be carried out individually. From
the socio-educational viewpoint, it is considered a means to promote socialization and
cooperation among different levels, in order to solve problems of group dynamics and
facilitate learning among peers.
From the pedagogical point of view, the distribution of students in heterogeneous teams al‐
lows the exchange of knowledge among peers and, consequently, enhances mutual learning,
given that individuals can share different kinds of knowledge. However, the procedures
commonly adopted by teachers and educators in the process of forming academic teams
usually do not favor such heterogeneity, since in most cases, students choose their own
teams considering their affinities and common interests. In other instances, it is the teacher
who leads the process of teaming through some selection criterion, which can range from
random choice (through a “draft”) to appointing some students to be team leaders, trying to
better distribute students within teams, and thus make them more heterogeneous.
In this context, a problem arises: how to partition a set of n students into k teams, maximiz‐
ing the heterogeneity among the members of each team, to allow students share their indi‐
vidual knowledge with each other? This chapter presents a strategy to partition a class into
several teams that enables the formation of heterogeneous teams, with the goal of enabling
knowledge sharing and mutual learning on the part of the team members. The proposed
strategy is based on using of well-known clustering algorithms, such as self-organizing
maps and K-means algorithm, and using the Davies-Bouldin cluster validity index to meas‐
ure the results.
The remainder of the chapter is presented in the following way. Section 2 presents a litera‐
ture review on the process of forming heterogeneous teams and its difficulties in education‐
al settings. This second section was divided into three parts: the first argues about the
importance of team work, the second discusses about the complexity of teaming process,
while the third presents several works related to the area of educational data mining. Sec‐
tion 3 introduces the clustering process and its stages, according to three different ap‐
proaches and presents the clustering algorithms to be used in the proposed strategy: selforganizing maps and k-means, and a brief discussion of similarity measures and clustering
validation indices, with the presentation of the Davies-Bouldin index. Section 4 presents and
discusses the strategy proposed in this paper. Section 5 presents the methodology used in
the experiments, a brief discussion of the databases used and discusses the results obtained.
Finally, section 6 presents the conclusions and proposals for future works.
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2. Theoretical basis
2.1. The importance of team work
Society is changing faster and faster; along with these changes new ways of social living, in‐
teracting with people, teaching and learning are emerging. The way the teaching-learning
process is currently conducted in the classroom is not what it used to be some years ago,
since teaching and learning have been undergoing several modifications. The use of new in‐
formation and communication technologies have contributed significantly to these changes,
offering new ways of learning and abandoning the old ways of studying, which is becom‐
ing, – if not less important – at least as one more among many other alternatives available.
Traditional pedagogy was based on transmission of general culture, i.e., the great discover‐
ies of mankind, as well as aiming on the formation of reasoning and training the mind and
will [3]. The methods and practices adopted in this approach overburden the student with
merely memorized knowledge, without seeking to establish relations with the everyday life
and without encouraging the formation of critical thinking and intellectual capacities.
According to traditional pedagogy, the teaching activity is focused on the teacher who ex‐
plains and interprets the matter for the students to understand. Besides, this approach as‐
sumes that students, by listening and doing repetitive exercises, end up memorizing the
subject in order to later reproduce it, whether it is through by questions from the teacher or
via tests [3]. This old paradigm, currently seen as outdated, was based on the knowledge
transmission performed by teachers, on memorization and competitive and individualistic
learning by the students, more and more out of favor [4].
Nowadays, it is defended that the practice of teaching centered on the teacher is not the best
approach; and that the methodologies and practices widely adopted by teachers – which are
based on repetition and rote memorization – undermined the objectives of traditional peda‐
gogy. That is why, over time, difficulties found in the teaching process became more evident
and this methodology, gradually, was modified.
In opposition to this approach, this new pedagogy changes the focus towards students in‐
stead of teachers. Therefore, students now become the center of school activity and are
placed under favorable conditions in order to learn by themselves from their own needs. In
this conception what becomes crucial is the issue of learning. The challenge posed to teach‐
ers is changing teaching axis towards paths that lead to learning, and also make it essential
for teachers and students to be in a constant process of continual learning [4].
Methodologies such as collaborative learning and cooperative learning have often been ad‐
vocated in the academic field, since, it recognizes these methodologies to have potential to
promote a more active learning, by encouraging critical thinking, development of capabili‐
ties in interaction, information exchange and problem solving, as well as development of the
self-regulation of the teaching-learning process [5].
Using these methods of learning is not something new. For years, educators have been using
these practices of collaborative and cooperative learning, along with group work, because
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they believed in the potential that these methods have to prepare students to face work de‐
mands [5]. Despite being longstanding methodologies, the terms collaborative learning and
cooperative learning are often confused in literature. Both have similar definitions but they
are different in theoretical and practical perspectives.
The terms collaboration and cooperation can be differentiated as it follows: Collaboration as
a certain philosophy of interaction and personal lifestyle, where individuals are responsible
for their actions, including learning and respect regarding skills and contributions of each
member of the group, while cooperation is a structure of interaction designed to facilitate
the achievement of a specific product or goal by means of people working together in teams
[6]. The same author also discusses the differences of both terms when used in the class‐
room. In the cooperative model, it is the teacher who retains full control of the class. Al‐
though students work in groups, the teacher is responsible for guiding the tasks performed
in the room, i.e., it is a teacher focused process. However, the collaborative model is more
open; the responsibility of guiding the tasks is on the group itself and not on the teacher –
who can be consulted – but the group needs to interact in order to achieve the shared goal.
It is, then, possible to say that both the concepts of cooperation and collaboration are applied
to group activities. Although they possess fundamental differences concerning the dynamics
of working together, their goals are common and both practices are complementary, repre‐
senting, therefore, opposition to the teacher-centered education system, on which Tradition‐
al Pedagogy is based [5]. The school has considerably developed lately and, therefore, the
need for teamwork becomes more and more a matter of métier than a personal choice. This
need occurs due to multiple reasons, such as the increasing intervention in school, by educa‐
tors, psychologists and educational psychologists, division of pedagogic work in primary
school, the evolution towards learning cycles among other reasons justifying the need for
teamwork [7].
Through group or team work, therefore, it is possible for people to get into contact with dif‐
ferent visions of worlds, learn to socialize knowledge, listen to and give opinions on a par‐
ticular subject, accept suggestions, develop a group mentality and be proactive, among
others. The same author also stresses that teamwork, in general, makes the activity more en‐
joyable and enables the realization of a common activity, with common goals, allowing the
enrichment experiments and experiences [8].
It is common to find in literature different terms for the concepts of group and team. A team
can be defined as a group gathered around a common project, whose implementation in‐
volves various ways of agreement and cooperation [7]. In [9], team is defined as a group of
people, who besides working together, cooperate one with another, sharing common goals.
Thus, we can say that team is a group of people working together towards a common goal.
In this work, in order to keep terminology simple and following the standard adopted by
[8], there will be no differentiation made about them, even though the term team is used
more often than group.
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2.2. The teaming process
Teamwork is a practice commonly adopted in carrying out various tasks, whether simple or
complex. In [7], it is argued that teamwork is a matter of skill, and also requires conviction
that cooperation is a professional value. Teamwork can be justified based on three main rea‐
sons: i) the collaborative work allows assigning tasks to be performed simultaneously by
team members, enabling the completion of the activity in a shorter period of time; ii) the ex‐
istence of activities that have no possibility of being individually performed, because they
demand multiple skills; iii) teamwork allows the exchange of experiences among team
members, encouraging mutual learning.
The first two reasons justify the use of teamwork in the commercial sector, while the latter
justifies its use in academia. In fact, the main reason for the usage of teamwork in academia
is to allow the exchange of knowledge among its members, enabling knowledge pre-existing
or acquired during the learning process by each individual to be shared by others.
Although in the commercial sector teaming is driven by productivity, where the most effi‐
cient teams are those that produce faster results, in academic fields, the goal is mutual learn‐
ing and knowledge sharing, even though the final result is achieved in a longer period of
time. Thus, many researchers argue that the more heterogeneous teams in a learning process
are, the more exchange of knowledge among its members is going to happen, fostering mu‐
tual learning [2,10,11].
In academia teachers may adopt different ways to teach a class, as well as they may use dif‐
ferent techniques to evaluate students in the performance of activities. A common way of
evaluation is promoting teamwork, which is used as a means for students to carry out aca‐
demic activities. In this process the students are grouped into different teams and each team
is responsible for executing the task assigned by the teacher.
However, an important question, to which not always due attention is paid by teachers is
the method used to determine which students are going to be part of each team. In academ‐
ia, such process can be influenced by several factors, especially by preference and personal
motivation from the students themselves. The most commonly used methods are:
a.

Mutual choice: each team is chosen by its own members, usually subject to a minimum
and maximum amount of participants that is defined by the educator. The main advant‐
age of this method is usually the affinity between team members. The main disadvant‐
age is that the method tends to form too homogeneous teams, where members have a
profile very similar to each other’s;

b.

Random choice: the teams are chosen at random, usually through some kind of random
draw or lottery. Despite allowing a less homogenous distribution than in the previous
method, we cannot guarantee that all teams remain equally heterogeneous, given the
large amount of possibilities of dividing a class into teams. Another disadvantage of
this method is that students often have little or no affinity with each other, which makes
the connectedness of the group difficult;
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c.

Choice guided by the educator: in this case, it is the teacher who defines the teams,
seeking to balance these teams and make the more heterogeneous possible, considering
the prior knowledge he or she has on the students, while they can meet individual pref‐
erences of students to participate in either of the teams. This method has the same prob‐
lem as the previous one, given an explosion of combinatorial possibilities to choose the
teams. Therefore, not all the teams are equally balanced.

One of the problems associated with the development of activities in teams is little engage‐
ment and commitment of some members with the performance of activities. This may partly
be caused by deficiencies in the teaming process. Teams whose individuals have very simi‐
lar profiles, i.e. very homogeneous teams, tend to gather students with the same abilities
and limitations, so that there will always be activities that none of the individuals in the
team have the skills necessary to perform it. Another common problem in this process is
that it tends to lead to the formation of a few teams composed of individuals who possess
academic performance quite above average and other teams with individuals who have per‐
formance below the average, contributing to a certain segregation of students based on their
academic performance.
Analyzing the three teaming methods presented above, it is possible to see that none of
them directly addresses these problems, i.e. none of them guarantees the heterogeneity of
the teams. Taking the method of random choice as an example, where teams are formed
from a random selection, and considering a classroom composed of n students, the number
of different possibilities of dividing the class intok teams, each consisting of n/k members, is
given by the equation(1),derived from the combinatorial analysis:

Cn , k =

n!
k !( n - k ) !

(1)

If it is noticed that teams can have any number of students, flexibility normally allowed by
some teachers, the number of possibilities is greater, since it corresponds to the number of
possible partitions of a set, being given by the Stirlingnumber of the second kind [12], given
by the equation (2),

=
Sn( k )

n

k -i
1 k é
n
å k ! å êë( -1) Ck ,ii ùúû
k =1
i =0

(2)

where,n represents the number of students and k represents the number of teams.
For purposes of illustration of how these values can be extremely large, even considering
relatively small-sized classes, Table 1 shows the number of different possible ways to divide
a class with n students into k teams.
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Number ofstudents

Numberof teams

Number of fix-sized teams

Number ofvariable-sized teams

10

2

45

511

12

3

220

86926

12

4

495

611501

25

5

53130

2.4 x 1015

50

5

2118760

7.4 x 1032

Table 1. Quantity of different configuration of students in teams

The values shown in Table 1 demonstrate that, even though teachers use mechanisms to
measure the heterogeneity of each team formed, the complexity of finding the ideal combi‐
nation of students and teams for maximizing the criteria of heterogeneity by performing an
exhaustive search in the set of possible solutions makes this task impossible to be performed
in a feasible time frame. Thus, a possible alternative to circumvent these difficulties is the
use of computational methods in finding approximate (quasi-optimal) solutions which, al‐
though not the ways of doing it, represent a viable possibility for solving the problem.
2.3. Educational data mining
The term data mining may be defined as a set of automated techniques for exploration of
large data sets in order to discover new patterns and relationships that, due to the volume of
data, would not be easily discovered by human beings with bare eye, due to great amount
of data. Data mining isdefinedas a process of automatic discovery of useful information in
large data warehouses[13,14]. In [15],authors describe it as a process of extracting informa‐
tion that emerged from the intersection of three areas: classical statistics, artificial intelli‐
gence and machine learning, which can be used both to identify and describe past events
and analyze and predict future trends.
The methods and data mining techniques have been applied to a wide variety of subject
areas, such as commercial and industrial sectors, the analysis and understanding of data
from research institutions, in medicine and bioinformatics, in text analysis as well as in
identification of feelings and opinions on social networks, among others. More recently,
researchers in the field of educational computing have been using these techniques in or‐
der to investigate problems in computer-mediated learning environments, including the
identification of factors that affect learning and developing more effective educational
systems. [16-18].
This new area of research, called educational data mining, is primarily focused on develop‐
ing methods for exploring data sets collected in educational settings [19]. Thus, the area of
educational data mining uses computational techniques derived from traditional data min‐
ing – classification, regression, density estimation and clustering being some of them – in or‐
der to provide mechanisms to optimize the learning process [20].

95

96

Applications ofand
Self-Organizing
Developments
ApplicationsMaps
of Self – Organizing Maps

Literature review shows a growing number of recently published works on this subject,
where researchers have sought, in computing, solutions to problems encountered in educa‐
tion. In this context, data mining has been widely used to solve problems with difficult reso‐
lution and great importance, not only related to teaming, rather including, also, several
other areas of education [14]. One can cite, for example, the development of a methodology
for student monitoring based on objective tests on the web [21] and the use of data mining
techniques to find association rules and extract patterns about information of students [22],
among other works.
In [23], it isshownan agent architecture, integrated to a distance education environment, as a
way to solve the problem of formation of collaborative groups, allowing the establishment
of the roles that individuals in a group will play in the development of a collaborative activi‐
ty. To perform the work referred above, the author uses an agent modeled with genetic al‐
gorithms, which enables the formation of collaborative study groups in distance learning
courses via the web. Finally, the author demonstrates, through the results, that the teams
formed from the proposed approach in the work had a superior performance in their activi‐
ties, compared to the ones that formed teams at random.
Another work in the context of distance education is presented in [24], in which data mining
techniques are used in order to identify the profile of students at risk of dropout or failure,
and then generate alerts that aware and assist teachers/tutors with monitoring and interact‐
ing with these students. Thus, the author proposed an architecture for virtual learning envi‐
ronments – based on information extracted through processes of data mining – in order to
identify students with characteristics and behaviors that can be considered as belonging to
risk group (dropout and/or failure). The results obtained from the use of the architecture de‐
scribed in the work proved satisfactory, since the warnings contributed positively in the
communication and involvement of teachers with students, providing an educational action
that improved quality of education in this scenario.
Two works stand out in the literature due to the use of clustering to identify individuals
with similar profiles and seek the formation of homogeneous teams, contrary to the purpose
described in this chapter. The first aims to identify groups of students with similar profiles
in a classroom, in order that the teacher can make use of a differentiated pedagogy adequate
to meet groups of students having the same learning difficulty [25]. This method was ap‐
plied to students in regular classroom teaching and the data were collected from forms filled
out by students, in which they identify their degree of certainty in the understanding of ev‐
ery topic addressed by the teacher. The authors cite the use of algorithms K-means and SelfOrganizing Maps for these experiments, stating that such algorithms are very useful in the
formation of homogeneous teams of students and the identification of groups of similar stu‐
dents in a particular class is an important tool when the teacher wants to apply a differenti‐
ated pedagogy on these groups.
Another study which uses educational data mining and also statistical techniques of clus‐
tering is presented in [26], which aims to identify and generate homogeneous groups to
perform tasks in educational settings. The main objective of the study is to research and
implement a clustering tool for distance education platforms, in order to allow the in‐
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crease of interactions among students with similar profiles in virtual learning environ‐
ments, allowing better conditions for the learning desired in these environments.
According to the author, the methodology adopted for undertaking the work has proved
satisfactory, meeting the expected results, since interaction in distance education environ‐
ments occurred more easily.
In [27], the authors conducted a study focused on improving education, trying to identify a
new and smaller set of variables that may influence the quality of teaching and learning the
discipline of mathematics, so that mathematics teachers improve activities undertaken in the
classroom. In this context, the technique of clustering was useful because, according to the
authors, a large amount of information was obtained through the data collected via ques‐
tionnaires, and this information would be meaningless unless they were classified into
groups which one can handle, therefore the advantages of applying a Ward clustering algo‐
rithm, in order to group the variables.
This brief literature review revealed some papers belonging to the growing and diverse field
of research in educational data mining. The following section describes the task of clustering
in the context of data mining, as well as two of the most widely used clustering algorithms
that process.

3. Clustering
The task of analyzing and clustering similar objects in a given group, taking into considera‐
tion one or more common characteristic(s) existent among them, is an important activity in‐
herent to human behavior, since it, in a general way, permits the organization of objects or
everyday activities. People are, daily, faced with the need to group a set of data: either at a
supermarket, organizing products complying with the criteria of category or brand; in or‐
ganizing books in a bookcase, following an order according to subjects, or even the choice of
friends in social network, taking into account, for example, the affinity between them – such
as belonging to the same classroom at school or even musical taste. Thus, the clustering is
often performed intuitively and ends up unnoticed by the user.
3.1. Definitions
Cluster may be defined as a set of cohesive entities, so that internal entities (belonging to the
group) are more similar to each other, and more different from external entities (not belong‐
ing to the group) [28]. Thus, clustering may be understood as a technique able to divide a
data set into one or more sub-sets, taking into account the similarity existing among its ele‐
ments. However, far from a consensus, this is not the only definition adopted for the term, it
is common to find in literature a variety of definitions for this technique, result of studies
performed by different researchers in different areas where clustering can be applied [29,31].
Clustering is a statistical technique with general use, applied in different fields of knowl‐
edge and widely used in activities involving data analysis. Some of the numerous applica‐
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tions of clustering in different contexts include their use: in psychology, to identify different
types of depression; in biology, to identify groups of genes with similar functions; in medi‐
cine, to detect patterns in spatial or temporal distribution of a particular disease; in sales, to
identify customer profiles and determine sales strategies, among others [14,29].
Most of its applications is the analysis of large databases on which there is limitedor nonexistent information about its structure and the main goal of its use is precisely to allow in
understanding and description of data unknown up to then [12,32]. Thus, clustering can be
regarded as a data mining task associated with data description activities, having a wide
range of applications. However, it is necessary to be careful in its use, for instance, in analyz‐
ing attributes that make up the database and determine in advance the goals desired with
the application, to thereby obtain satisfactory results.
3.2. Stages in clustering
The clustering process is usually comprised of several steps, and some authors present these
stages more succinctly [28,29], while others have to do it in a more detailed way, divided
into more stages [30]. Figure 1 presents the five steps included in the clustering process, as
described in [29], which includes the following stages: data preparation, proximity, cluster‐
ing, validation and interpretation of results, described below:
i.

First stage: data preparation involves aspects related to the pre-processing of data,
as well as adequate representation for being used by a clustering algorithm;

ii.

Second stage: called proximity, it is consisted of the proximity measures proper to
the application, as well as the information you want to obtain from data extraction.
These measures can be classified as a measure of similarity and dissimilarity;

iii.

Third stage: formation of clusters is the central stage of the clustering process. It is
at this stage that one or more clustering algorithms are applied on the data in order
to identify structures existing in the same cluster;

iv.

Fourth stage: the validation consists of assessing the results. In general, it deter‐
mines if the clusters obtained are significant, i.e., if the solution obtained is repre‐
sentative to the set of analyzed data and the expected solution;

v.

Fifth stage: the interpretation refers to the process of examining and labeling each
cluster according to its goals, describing its nature. The interpretation goes beyond
a simple description, since it still corresponds to a validation process of the clusters
found based on the initial hypotheses, as well as other subjective assessments that
are of interest to the specialist.

In [28], five steps to the clustering process are also presented, namely: development of the
dataset, data preprocessing and standardization, cluster identification, cluster interpretation
and, finally, conclusions. These steps, as described below and illustrated in Figure 2, have
several similarities with the process described in [29], although some activities described in
a particular stage of a process happen in a different stage in another process.
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Figure 1. Stages in the clustering process, according to [29]

Figure 2. Stages in the clustering process, according to [28]

i.

First stage: the development of the data set includes the problem definition, and
the choice of the data to be analyzed;
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ii.

Second stage: the pre-processing is the stage of data preparation, which includes
the standardization of variables used in the process;

iii.

Third stage: the stage cluster identification consists of applying an algorithm to the
data set, resulting in a cluster structure;

iv.

Fourth stage: the stage of interpretation must be performed by specialists, who ana‐
lyze the characteristics used in the cluster to verify the relevance of the obtained re‐
sults and, if necessary, suggest modifications in the data, followed by reapplication
of the previous stages;

v.

Fifth stage: the final stage corresponds to the interpretation of results and formula‐
tion of conclusions, focusing on the regularities implicit in the results.

In [30], it is described a third clustering process, based on a model slightly different, with six
stages,is shown in Figure 3 and described below:
i.

First stage: in this stage the objectives to be achieved with the task of clustering and
the selection of variables used to characterize the clusters are defined. Objectives
cannot be separated from the variable selection, because the researcher restricts the
possible results through selected variables;

ii.

Second stage: in this stage some matters regarding the procedures to be adopted in
case of outliers detection are evaluated, and decisions are taken about how to
measure the similarity of objects and if there is any need for data standardization
of;

iii.

Third stage: in this stage, it is performed an evaluation of the assumptions that
were made during the previous steps, which concerns the representativeness of the
sample and the impact of variable multicollinearity in the clustering process;

iv.

Fourth stage: in this stage cluster definition is performed, where it is necessary to
determine which algorithm is used, the number of clusters to be formed, and iden‐
tify, from the results obtained, if it will be necessary to set the clustering process
again;

v.

Fifth stage: This stage involves the interpretation of the obtained clusters, where
the specialist will examine each cluster formed for the purpose of appointing or
designating a label that accurately describes its fundamental characteristics;

vi.

Sixth stage: This stage is responsible for validating the solution obtained and by
clusters of clusters found. Validation aims to ensure that the solution of clusters is
representative for the general population, and thus is generalizable to other objects
and stable over time. The profile of clusters involves the description of the charac‐
teristics of each cluster to explain how they may differ in important dimensions.
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Figure 3. Stages in the clustering process, according to [30]

3.3. Similarity and dissimilarity measures
The task of identifying similar items from the existing ones in an input set requires the
adoption of a metric distance between the items that can determine the proximity between
them. There are two types of distance metrics: similarity shows the similitude between
items, i.e., the greater the similarity, more alike (or near) the items are. Dissimilarity meas‐
ures the difference between items, the greater the dissimilarity, the more different (or far)
they are [31].
Considering each item of the input set as a vector in the p-dimensional space, a distance
function between two items xi andxjof the set X may be defined as in equation (3):
d:X´X ® R

(3)

dij = d ( xi , xj )
wheredij is a real value associated with each pair of items in the input set and is calculated
from a measure of similarity (or dissimilarity) that meets the following assumptions:
i.

d ( xi , xj ) = d ( xj , xi ), ∀ xi , xj ∈ X

ii.

d ( xi , xj ) ≥ 0, ∀ xi , xj ∈ X

iii.

d ( xi , xj ) = 0 ↔ xi = xj , ∀ xi , xj ∈ X

iv.

d ( xi , xj ) ≤ d ( xi , xk ) + d ( xk , xj ), ∀ xi , xj , xk ∈ X

In the literature, various metrics of similarity and dissimilarity are presented which meet
these conditions. The choice of a metric is associated with characteristics of the input set,
such as the nature of the variables (discrete, continuous, binary, etc.), the scale of measure‐
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ments (nominal, ordinal, intervallic, etc.)., The format of the clusters in p-dimensional space
(spherical, square, elliptical, etc..) and even the preference of the researcher [33, 34].
In this work, the similarity metric used was Euclidean distance, because it is the most wide‐
ly used in classification and clustering tasks, which is a generalization of the distance be‐
tween two points on a Cartesian plane and is given by the square root of the sum of squares
of differences of values of each attribute. Mathematically, it is defined by:
æ p
=
dij ç å xif - x jf
ç f =1
è

1/ 2
2ö

÷
÷
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(4)

wherexi and xj are two input vectors in p-dimensional space and xif corresponds to the fth
attribute of the vectorxi.
3.4. Metrics for the evaluation of results
One of the difficulties in clustering tasks is to measure whether the results are satisfacto‐
ry, since in most cases, not much is known about the data being analyzed. Several met‐
rics have been proposed for evaluation of results in clustering tasks [31,35-42], most of
them are based on the application of cluster validation indices, which measure the aver‐
age intra-cluster distances (between objects belonging to the same cluster) and inter-clus‐
ter (between objects belonging to different clusters). According to [52], the index most
used for this purpose are: Silhouette index, Dunn index and the Davies-Bouldin index,
and among these, the Davies-Bouldin index is more robust for use in tasks whose data
sets have hyperspherical clusters, with no outliers, features common in applications that
use the K-means and SOM algorithms.
Being C = {C1, C2, ⋯ , Ck}a partition of the input setX . The Davies-Bouldin index for the par‐
tition Ci is calculated as defined in equation (5):
db ( i ) =

1 K
Ri
Kå
i =1

(5)

whereK is the number of existing partitions and Ri is the relative similarity between the
cluster Ci and the other clusters. The similarity Rij between clusters Ci and Cj is computed as
described in equation (6):
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where dij is the distance between the mean element (centroid) of the clustersi and j, nkis the
number of elements of the cluster kand ekis the average square distance between elements in
cluster kand its centroid, given byequation (7):
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wherenk is the number of elements in clusterk, xiis an element in cluster kand wξ represents
the centroid in clusterk.
3.5. Self-organizing mapsalgorithm
Self-organizing maps (SOM) are a class of neural networks for unsupervised, collaborative
and competitive learning, which have been widely used in automatic data classification
tasks, visualization of high dimension data and dimensionality reduction [43]. Self-organiz‐
ing maps, like other clustering algorithms, are used to identify clusters of objects based on
similarities found in their attributes, i.e., features. Thus, in the end of a clustering process, it
is possible to identify which objects have greater similarity to each other and which are
more different.
The architecture of a SOM neural network is extremely simple, consisting of only two layers
of neurons (Figure 4). The first input layer, comprising a vector with p neurons, is the di‐
mensionality of the input set (i.e., the number of features of the data table). Each input neu‐
ron is connected to all neurons of the next layer. The second layer, also known as the output
layer, the map which represents the set of input will be projected, and comprises a set of
neurons, usually arranged in the form of a vector (unidimensional) or a matrix (two-dimen‐
sional), where each neuron is connected only to its neighbors.
During the training phase of a SOM neural network, each representative of the input set
is randomly selected and presented to the input layer of the network. An activation
function computes the similarity between the input vector and all neurons of the map.
The neuron of the output layer which is most similar to the input neuron is declared the
winner and their synaptic weights, as well as the synaptic weightsof their neighbors, are
updated. The process is repeated with the other vectors of the input set, several times,
until the network is trained.
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Out put La ye r

I nput La ye r

Figure 4. Architecture of a SOM neural network

The similarity function commonly used to calculate the distance between the input vector
and the neuron network is the Euclidean distance as shown in equation (8) given by:
æ p
=
dij ç å xif - w jf
ç f =1
è

1/ 2
2ö

÷
÷
ø

(8)

wherexi is an input vector in the p-dimensional space,wj is a neuron of the output layer and

xif represents the fth attribute of the vectorxi.

To identify the winning neuron (bmu, i.e., best match unit), it is necessary to check all the
neurons of the output layer, in order to identify which of them has the shortest distance to
the input vector, by using the equation (9):

( )

wx = min dij

(9)

wherewξ represents the winner neuron and dij is the Euclidean distance between an element

of the input set and an output layer neuron.The synaptic weights of the neuron and its
neighborhood are updated using the equation (10):
mi ( t + 1=
) mi ( t ) + hci ( t ) × éë x ( t ) - mi ( t )ùû

(10)

wheret represents time, x (t )represents any element in the input set and hci determines the

neighborhood radius to be modified, usually being reduced while the training algorithm
progresses.
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In pattern recognition tasks, which are a major application for this type of network, being
the winner neuron means to be the most similar neuron, from the existing in the output
map, to the value presented to the input of the network. The winner neuron has, along with
its neighborhood, its values enhanced, so that if the same input is subsequently presented to
the network, that region of the map will be further enhanced.
3.6. K-means algorithm
Initially proposed in [44], the K-means is a partition clustering algorithm, one of the
most known and used in clustering tasks, especially due to its simplicity and easy imple‐
mentation.
As with other clustering algorithms, the goal of K-means algorithm is to cluster a set of n
items into k groups, based on a given similarity measure, which is usually the Euclidean dis‐
tance. The basic idea of the K-means clustering is based on the centroids, which are the aver‐
age of a group of points. Its training process takes place considering all the vectors in each
iteration, and the process is repeated until convergence [45]. Convergence occurs when there
is no change in value of the centroids or when the processing reaches the limit of iterations,
normally very high. At the end of processing, each element is said to belong to the cluster
represented by its centroid.
Then the K-means algorithm is described, presenting its stages, as follows:
1.

Set the value of k, corresponding to the number of groups of the sample;

2.

Randomly select a set of centroid to represent the k groups;

3.

Calculate a matrix of distances between each set of data elements and each centroid;

4.

Assign each element to its nearest centroid;

5.

Recalculate the value of each centroid from the average values of the elements belong‐
ing to this centroid, generating a new matrix of distances;

6.

Return to step 4 and repeat until convergence.

The K-means algorithm has linear complexity O(npk), where n and p are, respectively, the
number of elements and the dimensionality of the data set, and k is the number of desired
clusters. The K-means has good scalability, since the values of p and k are, in most cases
much smaller than n [46]. In addition, being based on the principle of vector quantization,
the algorithm works well on compact, hyperspherical and well defined clusters.
Among the disadvantages of K-means there is a need to provide a pre-set value to k, the
number of clusters, which often is done randomly. The main strategy to overcome this diffi‐
culty is to run the algorithm several times, for different values of k and measure up the cohe‐
sion of clusters detected by cluster validation indices. In [47], several other techniques are
presented to approach this problem.
In [48], it is indicated as the main disadvantage of the K-means the fact that it is a nondeter‐
ministic algorithm, strongly influenced by both the initialization values as well as small
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changes in the training set, which can influence major alterations in solution which the algo‐
rithm converges, which makes this algorithm a rather unstable one. As the choice of initial
values of the centroids is usually done at random or from elements that compose the set of
input data, this strategy is widely criticized and some changes have been proposed to im‐
prove the performance of this algorithm [28].
In [49], it is emphasized that the K-means is not an appropriate method to deal with nonconvex shaped clusters or of different sized clusters as well as being very sensitive to noise
and distortion (outliers), so that a small number of data having such characteristics can sig‐
nificantly influence the values of the centroids.
Despite all the criticism, K-means is one of the most studied clustering algorithms, having a
large number of variants that differ in small details, such as in the way of selecting the initial
centroids, in calculating the similarity between the centroids and elements of the input set
and the strategies used to compute the centroid of each cluster [49].
Examples of variations of the K-means are K-modes, which uses the concept of fashion, rath‐
er than average, to cluster categorical data; and K-medoids, which uses real components of
the input set to represent the cluster centroids, reducing the influence of noise and distor‐
tion. In addition, other algorithms that were later developed, such as LBG, Expectation-Max‐
imization and SOM, share common ideas with the K-means.

4. The proposed strategy
The problem addressed earlier in this chapter concerns the formation of heterogeneous
teams, aiming to encourage integration of students with different profiles and thus promote
knowledge sharing and mutual learning. However, clustering algorithms, as described in
the previous section, act in a contrary way, identifying clusters of objects based on common
features and similarities found in their attributes, i.e., these algorithms identify homogene‐
ous groups. What at first glance may seem contradictory is resolved through the use of a
strategy of teaming that promotes diversity in each team.
The strategy of this approach can be divided into two stages: in the first stage, clustering al‐
gorithms are used to identify individuals having a similar academic profile, according to a
selection criterion, such as performance at school activities; in the second stage, an algorithm
for the distribution of students into teams is applied, which allocates students with similar
profile in different teams, favoring heterogeneity of teams.
Clustering tasks using K-means algorithm tend to establish a direct relationship between the
number of centroids and the expected number of clusters, so that each centroid represents a
group of individuals. Unlike this, self-organizing maps generally utilize a two-dimensional
grid, with a much higher number of neurons than the expected number of groups, which
allows obtaining more detailed results than those obtained with K-means centroids. Taking
this point in consideration, self-organizing maps have a superior performance than K-means
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in clustering tasks, since they provide information about the proximity between objects in
the results presented.
However, while the K-means algorithm, at its output, provides labels corresponding to each
object in the input set, allowing the direct relationship of each object to the group it belongs
to, self-organizing maps provide more subjective information, suggesting that objects that
are mapped to a single neuron or adjacent neurons in the output map, have a close relation‐
ship in the input set and belong to the same group. Thus, the association of objects from the
input set to the clustering they belong to is not performed directly.
One of the approaches traditionally used to label the elements of the input set in clustering
tasks which use the SOM algorithm is to perform a new clustering process on the neurons of
the map in order to identify groups of neurons and assign similar elements that are associat‐
ed with those neurons as belonging to a same cluster. This approach is presented in [54], us‐
ing K-means algorithm to segment the output map of the SOM algorithm in distinct k
regions, where k represents the number of desired groups.
A similar approach is proposed in this paper, which uses a combination of SOM and Kmeans to segment the input set, corresponding to the students in the class, in k groups,
where k represents the desired number of students on each team. Then the strategy is ap‐
plied to separate the teams, which selects one element from each group for the formation of
a heterogeneous team. Figure 5 summarizes the process, which is detailed below:
1.

Initially, the data of the students are gathered in a single set, from which a subset of at‐
tributes to represent each individual is selected;

2.

In stage 1, the SOM algorithm is applied on the selected attributes, organizing individu‐
als in accordance with the similarity which they have to each other. Also in this stage,
K-means algorithm is applied on the SOM obtained results in order to segment the
groups obtained;

3.

In stage 2, a distribution algorithm is applied, which allocates similar individuals into
distinct groups, favoring the formation of heterogeneous groups;

4.

In step 3, final adjustments are made and each team is allocated.

5. Used methodology and obtained results
In order to validate the strategy proposed in this chapter, this section presents the results of
using this approach on two databases selected for the experiments: the Iris database and a
real database with academic performance of undergraduates from the course of Bachelor‐
ship in Information Systems at Federal University of Rio Grande do Norte, superior educa‐
tion institution located in the northeastern region of Brazil.
Iris is one of the most popular data sets publicly available and has been widely used in test‐
ing algorithms for pattern recognition, machine learning and data mining. Although this da‐
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tabase is not related to the context of applications proposed in this chapter, it waschosendue
to its being a dataset widely known and used, whosereference values are known a priori
and can be used for validity comparison of the proposed strategy.

Figure 5. The proposed strategy

This database has 150 instances containing data from measurements of the width and length
of three species of the flower Iris, namely, Setosa, Versicolor and Virginica [53]. Each instance
of the base has four attributes, corresponding to length and width of sepal, length and width
of petal, as well as additional information about class and order number that are not consid‐
ered in the experiments. The 150 instances are equally divided, so that each species has 50
records. A sample of Iris database is shown in Table 2.
Instance

Sepal length

Sepal width

Petal length

Petal width

Class

1

5.1

3.5

1.4

0.2

Setosa

2

4.9

3.0

1.4

0.2

Setosa

3

4.7

3.2

1.3

0.2

Setosa

...

…

…

…

…

…

150

5.9

3.0

5.1

1.8

Virginica

Table 2. Sample of the Iris dataset structure
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In the experiments with the Iris database, the main objective was to determine whether the
strategy worked correctly, actually forming heterogeneous groups, consisting of instances
belonging to different species. For the experiments described here, we considered only the
four attributes related to the length and width of sepals and petals, and ignored the attrib‐
utes related to the number and class to which the instance belongs.
Initially, the experiment simulated the process of teaming in the classroom, which is usually
conducted by draw, with groups being formed randomly. For this, the Iris dataset was div‐
ided into 50 groups, each containing three instances of the database. Then, the process of
teaming was repeated with the same numbers as the previous experiment, but applying the
strategy proposed in this paper.
For the proposed approach, the data were originally submitted to the SOM algorithm, and
then the map obtained at the output of SOM was segmented using the K-means algorithm.
All experiments in this paper were implemented from the use of the package SOM Toolbox
2.0 [54]. In all cases, the size of the maps was established automatically from estimates made
by the algorithm available on the implementation of the SOM Toolbox, which also used the
method of linear initialization of maps [43] and batch training. For training the SOM, we
used sheet shaped maps, with 11 x 6 neurons dispersed in hexagonal shape. Figure 6 shows
the maps obtained during the experiment. The left map represents the U-matrix obtained di‐
rectly from the SOM algorithm, while the map on the right shows the segmentation of neu‐
rons derived from the application of K-means algorithm.

Figure 6. Original and segmented U-Matrix relating to Iris dataset
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The comparison between the two approaches was performed both qualitatively and quanti‐
tatively. Through visual observation, we found that many of the groups formed by random
strategy, had two or three elements belonging to the same class, suggesting the presence of
homogeneous groups in the formation of teams. By repeating the experiment with the pro‐
posed approach, this condition of existence of more than one instance of a group belonging
to the same class is minimized, being reduced to a few instances, from classification errors of
the algorithm. The Iris dataset has an interesting characteristic, the class Setosa can be linear‐
ly separated from the others, but the classes Versicolor and Virginica are not linearly separa‐
ble and, in general, clustering algorithms for classification and clustering make mistakes in
erroneously assigning some instances belonging to these classes.
From the quantitative point of view, intra-cluster and inter-cluster dispersion measures
were used to measure the heterogeneity of the groups formed using the Davies-Bouldin in‐
dex (db). Table 3 presents the results of minimum, maximum and average db index, and the
standard deviation of these measures, obtained in 20 executions of the algorithms, using
both approaches.

Methodology

Minimum db index Maximum db index

Average db

Standard

index

deviation

Homogeneous clustering

0.61

0.68

0.64

0.02

Random approach

10.06

14.16

12.12

1.13

Proposed strategy

18.63

21.28

19.82

1.35

Table 3. Heterogeneity of groups for the Iris dataset measured by the Davies-Bouldin index

Once demonstrated the applicability of the proposed strategy for the formation of heteroge‐
neous groups, based on experiments performed with Iris dataset, the second set of experi‐
ments used a real dataset, named Students dataset, within the context of the problem
discussed in the beginning of the chapter. The dataset used contains information on the aca‐
demic performance of a group of students in a particular class, in various disciplines of the
undergraduate program in Information Systems UFRN.
The Students dataset comprises 43 samples, corresponding to the students comprising the
examined group and 39 attributes were considered, corresponding to the course subjects.
The performance of each student is expressed as a score between 0.0 and 10.0. If the student
has not attended a particular discipline, that discipline is scored as 0.0. Since there is no pri‐
or information about this dataset, we do not know the number of clusters available. A sam‐
ple of the database students is shown in Table 4.
The experiments performed with Students dataset were conducted in analogous manner to
that performed with the Iris dataset. In this case, the main objective was to determine
whether the proposed strategy could form heterogeneous teams composed of students with
different profiles and different academic performance. As in the previous experiment, two
approaches were taken, the first using a random teaming process, and the second, applica‐
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tion of SOM and K-means clustering algorithms and then a strategy for distributing stu‐
dents with similar performances in different teams. The results were also compared through
the same criteria used previously, qualitative analysis of the teams formed, based on com‐
parison of profiles of the selected students on the same team, and quantitative assessment,
measured through the use of the Davies-Bouldin index. Table 5 presents the results of mini‐
mum, maximum and average intra-cluster and inter-cluster dispersion measures,and stand‐
ard deviation of these measures, obtained in 20 executions of the algorithms, using both
approaches and the db index to measure the heterogeneity of the groups formed.
Instance

Discipline 1

Discipline 2

Discipline 3

…

Discipline 39

Student 1

8.4

9.8

9.5

…

0.0

Student 2

6.4

8.0

7.2

…

0.0

Student 3

9.8

9.2

9.3

…

10.0

...

…

…

…

…

…

Student 39

8.5

7.2

7.1

…

0.0

Table 4. Structure of Students dataset

For training the SOM, sheet shapedmaps, with 11 x 6 neurons dispersed in hexagonal shape
were used. In all cases, the size of the maps was set automatically from estimates made by
the algorithm, available on the implementation of the SOM Toolbox, which also used the
method of linear maps startup and batch training.

Methodology

Minimum db index Maximum db index

Average db

Standard

index

deviation

Random approach

2.87

4.09

3.49

0.32

Proposed strategy

4.01

5.04

4.52

0.45

Table 5. Heterogeneity of groups for the Students dataset measured by the Davies-Bouldin index

6. Conclusions and final thoughts
Throughout human history, there are several approaches that contributed to the improve‐
ment of teaching and learning. However, virtually all of these approaches have one thing in
common: the ability of humans to learn from their peers. Within this context, the develop‐
ment of team activities is often a common practice in society, adopted in performing various
daily tasks. In school, this practice has been widely used due to its fostering mutual learn‐
ing. In fact, the formation of heterogeneous teams facilitates the sharing of ideas and experi‐
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ences among members of a team, allowing the exchange of knowledge between them and
carrying out of activities that are not likely to be done individually.
However, the procedures commonly adopted by teachers in the classroom for teaming do
not always contribute to knowledge exchange and mutual learning. Teams formed at ran‐
dom or from affinities between its members do not favor the heterogeneity. Furthermore, in‐
dividuals with the same academic profile and who have knowledge in the same areas have
less information and content to provide and share with each other. Thus the process of
teaming must be guided so as to prioritize heterogeneity among members of the teams.
The use of computational tools to solve problems in the area of education has been an
increasingly common practice. In this context, a research field that has received recent at‐
tention is the educational data mining, which seeks to use data mining techniques in or‐
der to investigate problems that affect learning, as well as the development of
educational systems. Such surveys are presented as an alternative to solving these prob‐
lems that are focused primarily on exploring the dataset collected in educational settings.
However, analyzing the literature available in the area, one can identify a lack of algo‐
rithms and tools to improve the process of academic teaming, since most of the available
algorithms search homogeneous groups.
Thus, this paper presents a strategy capable of forming heterogeneous teams by using tradi‐
tional clustering algorithms, such as K-means and self-organizing maps, contributing to the
process of forming study groups and conducting works in academia. By using cluster vali‐
dation indices, such as Bouldin-Davies index, the results obtained from the experiments car‐
ried out show that the teams formed by the use of the proposed strategy are more
heterogeneous than those obtained with the methods conventionally used in classroom,
such as random or affinity-based approaches, demonstrating its efficiency in the formation
of heterogeneous groups of objects, both in educational and other datasets.
Future work may include optimizations in the proposed strategy, in order to even more
heterogeneous teaming to be achieved. Using genetic algorithms to organize teams dur‐
ing the second stage of the strategy appears to be a viable alternative to evaluate differ‐
ent possible combinations of individuals, thus promoting heterogeneity. On the other
side, the use of other clustering algorithms, more stable and with improved perform‐
ance, can also contribute to better results in the team allocation process. Finally, assess‐
ments in relation to learning and performance of students through the process of
developing team activities can prove the greater efficiency of utilization of diverse teams,
compared to homogeneous teams.
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Application of Self Organizing Maps to
Multi Modal Adaptive Authentication System
Using Behavior Biometrics
Hiroshi Dozono
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/52100

1. Introduction
Password mechanisms are widely used for the authentication method. However, Password
mechanism has many issues. For examples, Password can be stolen easily, Password may be
guessed from personal information, such as birthday, families name or telephone number.
Some users set unique password to different systems. If one system is hacked, all of the sys‐
tems can be accessed. Some users feel troublesome to memorize the password. For these
problems, biometric authentication is one of the solutions.
Biometric authentication [1] is classified into two types. The first one is the biometric au‐
thentication with biological characteristics, such as fingerprint, Vein patterns and Iris pat‐
terns. To measure these characteristics, the additional hardware is necessary, and it costs up
the computer system. And, some users may feel mentally uncomfortable to register their fin‐
gerprint to the computer system. Furthermore, static information about biological character‐
istics may be imitated by dummy. For example, the fingerprint authentication is easily
hacked in the TV show.
The second type is biometric authentications with behavior characteristics, such as key‐
stroke timings [2], Signature [3], hand written pattern and mouse moving pattern. For these
methods, the standard input equipments of computer are available. The dynamic informa‐
tion about behavior characteristics is hard to imitate even if it is looked by illegal one. How‐
ever, the accuracy of authentication is worse compared with that of biological
characteristics. For use behavior characteristics, it is necessary to select the pattern of behav‐
ior and the features used for authentication. For this selection, Self Organizingmap(SOM)s
are used for the analysis in our research.
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SOM [4] is the architecture of neural networks, which is feedforward type and single layer
network. SOM organizes the map which reflects the similarities of input vectors; thus SOM
can visualize the relations among the input vector on the lower dimensional, usually 2-di‐
mensional map. SOM is often used for the visualization of the multidimensional data. SOM
is also applied to the authentication with biological characteristics, such as facial recognition
system.
At first, SOM is applied to the authentication systems of behavior biometrics of pen calligra‐
phies [5] [6] and keystroke timing [7] in this research. SOM is used for the analysis of input
data to select the appropriatepattern of behavior and featureswith visualizing the input data
on the map, and also for constructing an authentication system.
However, the accuracy of single behavior biometrics is not enough. For this problem, Pareto
learning SOM(P-SOM) and Supervised Pareto learning SOM(SP-SOM), which can integrate
multi-modal behavior biometrics [8], is proposed, and applied to the authentication system
using keystroke timing and pen calligraphy [9] [10].
Furthermore, the multi-modal authentication system using keystroke timing and key typing
sound, which can be obtained at the same time, is proposed [11]. Additionally, the incremental
learning of the biometric data during the authentication is applied to implement the adaptive
authentication system which can follow the changes of the biometrics of time [12] [13].
SP-SOM shows satisfactory performance as authentication system. However, SP-SOM needs
to learn data of some users. For mobile devices, the number of users is usually one; thus the
system may need dummy data. For this problem, Concurrent Full Pareto learning
SOM(CFP-SOM), which uses a small map for each user, is applied. CFP-SOM can detect the
unregistered user using the size of the Pareto set as index, and shows better performance
than the SP-SOM [14].
In this chapter, SOM and its application to biometric authentication system are mentioned in
section 2 and 3,4 respectively. In section 5 and 6, application of the SP-SOM to multi-modal
authentication system and its extension to adaptive authentication system are mentioned re‐
spectively. In section 7, application of CFP-SOM to the multi-modal authentication system is
mentioned.

2. Self Organizing Map (SOM)
SOM [4] is a kind of neural network, which was proposed by Kohonen, and SOM can extract
the feature on the multidimensional input vectors and can visualize the relations among
them by unsupervised learning. SOM can integrate multi-modal input vectors and can ex‐
tract relations among them in 2-dimensional plane. SOM can be used for clustering of unla‐
beled data or classification of labeled data with labeling the output units after learning.
Figure 1 shows the basic learning algorithm of SOM. For each input vector, the neuron, which is
closest to the input vector, is searched from the neurons which are arranged on the 2 dimen‐
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sional map. The closest neuron is called as winner neuron. The winner neuron and the neurons
in the region of the neighborhood are updated as to decrease the difference to the input vector
depending on the learning rate and neighboring functions. These steps are iterated for each in‐
put vector with decreasing the region of the neighborhood and learning rate.

Neurons on
2 dimensional map

Input vector

Winner
（Nearest neuron） Search for the winner

Vector assigned to the neuron
Update as to decrease the difference
Learning rate
Region of the neighborhood
- decreased in iterated steps
Figure 1. Schematic description of SOM algorithm

3. Application of SOM to the authentication system using handwritten
patterns
Recently, many mobile devices, such as Smartphones, tablet devices and small computers, are
equipped with touch screen. As the authentication method for touch screen devices, the pass‐
word authentication is often used. But, on touch screen devices, password can be looked while
typing on the screen. It is troublesome to enter the password using handwritten character rec‐
ognition or screen keyboard. For the touch screen devices, handwritten signature authentica‐
tion is often applied, because the touch screen is considered to be useful for signature input.
However, the shape of the signature may be copied, and it is difficult to write the exact signa‐
ture on slippery screen, especially for people who do not usually write signatures.
For this problem, we propose a user authentication method using the identical symbol for
all users. Using this method, the symbol which is used for authentication is displayed on the
touch screen and users simply trace it. However, the pen stroke data may not be enough for
user authentications. We used the pen pressure data which may have enough information
for user authentication. For this purpose, We analyzed the pen stroke data and pen pressure
data using Self Organizing Map [5] [6].
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Figure 2. Test input screen

Figure 3. Pen input of symbol star

Figure 2 shows the screen of the application which measures the pen stroke data and pen
pressure data of symbols square, circle triangle and star. Each symbol is written in a single
stroke, and starting point is specified for all users. 5 samples are taken from each of 12 users.
Figure 3 shows an example of symbol star taken from a user. This sample contains 232
points of x-axis, y-axis and pen pressure data in z-axis.
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1

2
3
Figure 4. Organizied map for simple symbols

Figure 4 shows the maps of each symbol. The numbers in these figures denote the usedid. With these figures, the symbols of circle and star show better separations compared
with others. We consider that the symbols comprised of oval lines or acute angle have
more specific features of each user. The symbols of spiral and complex star are selected
for next experiments.

1

2
3
Figure 5. Organized map for symbols spiral and complex star

Figure 5 shows the maps of the symbols spiral and complex star. We use the torus map for
this analysis, so the upper side of the map is connected to the lower side, and the right side
is connected to the left side. Both of the symbols star and spiral show better separations
compared with the simple symbols. It will be possible to authenticate the user using pen
pressure data and pen speed data.
The authentication experiments using these symbols are conducted. As the authentication
system, we used SOM. The settings of the experiments are as follows. 10 samples of spiral
and complex star were taken from each of 10 users.
7 samples of each person were used for training SOM map, and 3 samples were used as test
data. The maps were retrained by LVQ3 algorithm.
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Table 1. Results of authentication experiments

Table 1 shows the result. For the learned data both of the spiral and complex star show high
rate of authentication and low rate of false acceptance, but for the test data, rate of successful
authentication was about 70%. From the table of spiral test data, users 6,9,10 show low rate
of successful authentication, and from the table of star, same users are not authenticated at
all. Both of the symbols can authenticate 7 users from 10 users. It depends of the characters
of the users. The careful users tend to be authenticated better and careless users tend to be
rejected falsely.
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4. Application of SOMto the authentication method using keystroke
timings
It is well known that keystroke timing is usable for user authentication. We propose an au‐
thentication method which uses the keystroke timings of identical phrase for all users. Users
do not need to memorize phrases. For this purpose, the phrase, which is suitable for authen‐
tication, is selected by the analysis using SOM [7].
1
Push A Release Push B Release
|------------|
|-------------|

2
3
4

Key stroke

100ms

90ms

60ms

5

timings

6

Keystroke timing data for abc = (100,90,60,110,100)

Push C Release Inputted phrase
|----------------|
abc

110ms

100ms

7
Figure 6. Keystroke timings

The method for taking keystroke timing is dependent on the Operating System(OS)s. The
keystroke timing is the vector of intervals between pushing and releasing keys. We use this
sequence as the vector of keystroke timing. The length of the vector is 2L-1, where the length
of the phrase is L
The experiments are conducted using Romaji Phrases because the examinees are always typ‐
ing Japanese using Romaji. As samples of phrases, „arigato“(Thank you in English), „kira‐
kira“(Twinkle Twinkle), „denatsu“(Voltage), „sagadai“(name of our university) and
„kousatsu“(prospect) are used. The number of examinees is 10, and each examinee types
each phrase in 8 times.
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Figure 7. Organized maps for keystroke timings „denatsu“ and „kirakita“
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Figure 7 shows the maps of the phrases “denatsu” and “kirakira”. Comparing these 2 maps,
the map of “kirakira” shows better clustering results of user-id. The simple phrase “kira‐
kira” is considered to be suitable for authentication because users can type unconsciously.
Next, we conducted authentication experiments using the map organized by SOM. The
half of the keystroke timing data is used for learning, and the remained half is used for
authentication experiments.As the indexes for evaluation, FRR which is the rate of rejec‐
tion of the regular user falsely and FAR which is the rate of acceptance of the irregular
user falsely, are used.
denatsu

kirakira

Table 2. Results of authentication experiments using keystroke timings

Table 2 shows the results of authentication experiments using the phrases of “denatsu” and
“kirakira”. As expected from the map, the phase “kirakira” shows the better result. On aver‐
age, rate of false rejections about 32%. Some users show a remarkably high rate of false rejec‐
tion. It depends on the skill of typing.

5. Integration of muti-modal biometrics using pareto learning SOM
As shown before, accuracy of authentication using behavior characteristics is worse com‐
pared with biological characteristics. It is due to the variation of the behavior characteris‐
tics and noise. We consider that Integration of some behavior characteristics will
improve the accuracy.
We proposed the authentication methods using the integrated information of multi-modal
behavior characteristics to improve the accuracy. For example, keystroke timing and hand‐
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written symbol at login time, keystroke timing and key typing sound at login and keystroke
timings and mouse moving patterns during the operating time. For the integration of multimodal biometrics, we propose the Pareto learning SOM(P-SOM). Furthermore, we propose
the Supervised P-SOM(SP-SOM) which can improve the accuracy of the authentication.
5.1. Pareto leatning SOM [15]
Generally speaking, the multi modal vector is the vector composed of multi-kind of vectors
or attributes. For examples, in the authentication problem using key typing features, the
keystroke timing vector and key typing intensity vector are composed. For face image classi‐
fication, the image vector, age, gender, jobs and other features are composed. In multi-mo‐
dal vector, each element of the vector and the attribute is described in a different unit and
scale. Accuracy of each element may differ.
Conventional SOM can be applied for integrating multi-modal vectors. For example, the
simple concatenated vector (x1, x2, …, xm) can be used as the input vector.
Then, the quantization error is calculated in (1).

å xn - mnij

2

(1)

n

The map is organized based on the value of the error. So, the resulting map is dominated by
the largely scaled vectors and easily affected by inaccurate vector. For this problem, the con‐
catenated vector (w1x1,w2x2, …, wmxm) with weight values is often used. Then the quantiza‐
tion error is calculated in (2).

å wn xn - mnij

2

n

(2)

So, the resulting map heavily depends on the weight values. It is difficult to select the opti‐
mal value of the weights.
Same situations occur in multi-objective optimization problem. Consider the problem, Sub‐
ject to x ∈ S, minimize multiple objective functions Fi(x). To solve this problem as a single
objective optimization problem, the weighted sum of multi objective functions.
F( x) = å wn Fn ( x)
n

(3)

is minimized. However, the quality of the solution depends on the setting of weight values.
For this problem, the concept of Pareto optimal is proposed in multi-objective optimiza‐
tion problem.
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Blue points:
Pareto optimal set
P1
P2
P3

Figure 8. Pareto Optimality

Suppose that the objective function f1 and f2 should be minimized under the condition f1
and f2 should be the upper right side of this line. For this problem, P1 is better than P2 con‐
cerning f1, but P2 is better than P1 concerning f2. If no priority is given to f1 and f2, these 3
points P1, P2, P3 are not inferior to others among them. These points are named as Pareto
optimal set, and they are the candidates of optimal solutions.
Pareto Learning Self Organizing Map(P-SOM) uses the concept of Pareo optimality for finding
winner units. The error of each element of multi-modal vector is considered as the objective
functions fn(x,Uij)=|xn-mijn|, where x=({x1},{x2},…,{xm}) is the input vector andmij=({mij1},{mij2},…,
{mijm}) is the reference vector associated to the unit Uij. Pareto optimal set P(x) is the set of units
Uij which are pareto optimal for the objective functions fn(x,Uij). So, the Pareto SOM is multiwinner SOM and all winner units and their neighbors are updated simultaneously.

U ij w  argmin i, j X  mij
Conventional SOM



P(x )  U ijp |h, ehij  ehkl ,U kl  P  U ijp
Pareto learning SOM

Figure 9. Difference between conventional SOM and Pareto learning SOM
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Figure 9 shows the learning process of SOM and Pareto learning SOM. As for SOM, only
one winner is selected and the winner and its neighbors are updated. As for pareto learning
SOM, pareto winner set are selected, and they are updated simultaneously. For Pareto learn‐
ing SOM, overlapped neighbors are updated more strongly, and it play an important role
for integration of muti-modal vectors. In other word, conventional SOM integrates the mul‐
ti-modal vector in a unit and P-SOM integrates the multi-modal vector in the region of Pare‐
to optimal set. Algorithm of P-SOM is as follows.
P-SOM Algorithm
1.

Initialization of the map: Initialize the vector mij which are assigned to unit Uij on the
map using the 1st and 2nd principal components as base vectors of 2-dimensional map.

2.

Batch learning phase:
• Clear all learning buffer of units Uij.
• For each vector xi, search for the pareto optimal set of the units P ={Uabp}. Uabp is an
element of pareto optimal set P, if for all units Ukl∈ P−Uabp existing h such that eabh≤
eklh where eklh= | xih − mklh|.
• Add xi to the learning buffer of all units Uabp ∈ P.

3.

Batch update phase: For each unit Uij update the associated vector mij using the weighted
average of the vectors recorded in the buffer of Uij and its neighboring units as follows.

• For all vectors x recorded in the buffer of Uij and its neighboring units in distance d ≤ Sn,
calculate weighted sum S of the updates and the sum of weight values W.
S = S + ηfn (d )( x − m i′ j ′ )
W = W + fn (d )
where Ui′j′s are neighbors of Uij including Uij itself, η is learning rate, fn(d) is the neighbor‐
hood function which becomes 1 for d=0 and decrease with increment of d.
• Set the vector mij = mij + S/W.
Repeat 2. and 3. with decreasing the size of neighbors Sn for pre-defined iterations.
As shown in step 2 of this algorithm, Pareto winner set for the integrated input vector x are
searched for based on the concept of Pareto Optimality using the distance as the objective
function fh(x) for each element xh in x. Thus, the multiple units become winners. The winners
and their neighboring units are modified in the update process in step 3. Overlapped neigh‐
bors are updated multiply, and the overlapped region will contribute to generalization abili‐
ty and integration ability of P-SOM.
5.2. Supervised paretolearning SOM (SP-SOM)
Because Pareto learning SOM can integrate any type of vectors, the category element can be
introduced as an independent vector to each input vector xi as follows.
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xis = (xi'ci )
where
ci =

{

1 xi' ∈ Ci
0 xi ∉ Ci

With introducing category element, it attracts the input vectors in the same category closely
on the map corporately with other input vectors in the learning phase. In this meaning, PSOM learning algorithm becomes supervised. In the recalling process, category of test vector
xt is determined by the following equation.
arg maxk

{

∑

U ij ∈P(xt )

ck ij

}

where P(xt) is the Pareto optimal set of units for xt
Considering the Further extension of Pareto learning SOM, anything which has its own met‐
rics can be element of multi-modal input vector for P-SOM. Structured data and vectors can
be integrated as input data. For example, in bioinformatics amino acid sequence data com‐
prised of Hidden Markov Model(HMM) of the data, HMM of the structures and other fea‐
tures can be integrated. Furthermore, the map can be organized using the partial vectors
which lack some attributes in the vectors.
5.3. Experiment of authentication system using multi-modal behavior biometrics
The experimental results of the authentication system using handwritten patterns and key‐
stroke timings were shown in the previous section. Another experiments using both of
handwritten patterns and keystroke timings were conducted [9] [10]. The experimental set‐
tings are as follows. 6 samples are taken from each of 11 examinees. Each sample is com‐
prised of the keystroke timings and pen calligraphy data which is inputted alternately. For
these experiments, tablet PC, which is equipped with keyboard and touch panel, is used.
The phrase “kirakira” which marked the best results in the previous experiments is used.
The symbol Spiral is used as the handwritten symbol. SP-SOM is used for the analysis and
authentication.
Figure 10 shows the map of SP-SOM using behavior biometrics data, key stroke timing, pen
speed and pen pressure. Using keystroke timing, the users are clustered well except small
fragmentations. Using pen speed and pen pressure, thefragmentations are increased com‐
pared with those of keystroke timings. Using the integrated biometrics of key stroke timing,
pen speed and pen pressure, the fragmentations decreased compared with that of keystroke
timings without affected by pen data.
The Authentication experiments are conducted using the map organized by SOM, P-SOM
and SP-SOM for the comparisons. 4 of the 6 samples of each user are used to organize the
map and 2 remainders are used for the test data. All of the combinations of training data
and test data are examined. 6C2 x 10x2 =300 input vectors are tested.
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Figure 10. Organized map of SP-SOM with behavior biometrics data
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Table 3. Result of Authentication experiment using each of behavior biometrics

Table 3 shows the result of authentication using each data independently. In this experi‐
ment, FRR of keystroke timings is much better than that of the previous experiment because
the typing skill of each user becomes much better. FRR of pen speed data and pen pressure
data are much worse than that of keystroke timing.
Table 4 shows the results of authentication experiments using integrated vectors of key‐
stroke timing, pen speed and pen pressure. The weight values for pen speed data and pen
pressure data are studiously selected from many iterations of try and error for SOM. SPSOM can achieve almost same authentication performance without tunings of parameters.
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Table 4. Result of authentication experiment using integrated biometrics

6. Adaptive authentication system using integrated biometrics of
keystroke timing and key typing sound
In this section, the experiments on the Integration of Keystroke timings and Key Typing
Sound, and adaptive authentication system is mentioned [11]. Key typing sound is used as
the intensities of key typing. 10 samples are taken from each of 10 examinee. The phrase
“kirakira” is used for sampling keystroke timings and typing sounds. Sampling rate of the
sound is 44Khz, and the maximum amplitude for each key is used as a feature vector.
The setting of the authentication experiments is as follows. 5 of the 10 samples of each user
are used to organize the map and 5 remainders are used for the test data. All of the combi‐
nations of training data and test data are examined. The results of the authentication using
keystroke timing, using key typing sounds and using the integrated vector are examined.

Figure 11. Result of authentication experiments using keystroke timing and key typing sound
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Figure 11 shows the FRR and FAR of all user and their averages. In this experiments, aver‐
age of FRR of keystroke timing is about 0.2. With integrating the typing sound, average of
FRR is improved as about 0.1. For almost users, FRR and FAR is improved by integration.
As to adapt the changes of biometrics, incremental learning is introduced [15] [13]. At first,
incremental learning of SP-SOM is examined using the test data. Incremental leaning is per‐
formed by updating the map after recalling process using the updating method of conven‐
tional SOM by the following equation.
m′ij = m′ij + η ′ (x ′ − m′ij )
where m’ij is the vector assigned to and P isPareto winner set for input vector x. Two types
of incremental learning, which are supervised learning using the input vector with category
element and unsupervised learning without category element, are examined.

Figure 12. Result of iterated authentication with incremental learning

At first, test data is incrementally learned during the iterations of authentication. Figure 12
shows the result. Both of the FRR and FAR are improved by repeating incremental learning.
Changes of behavior biometrics by time, variation of the behavior biometrics and noise af‐
fect the accuracy of authentication. The authentication system will be able to adapt changes
of behavior characteristics by the time with incremental learning of the input data for au‐
thentication. However, Incremental learning of the input data with variations or noises may
affect the authentication system.
Next, we conducted experiments for changes of biometrics by the time of authentication in‐
put. It will take very long time to obtain the data which changes by the time from examin‐
ees. So, simulated data is made with changing the observed data at each authentication
gradually. The experimental settings are as follows. Before authentication experiments, all
data are learned by SP-SOM. For each authentication, 4 elements of the keystroke timing
vector are selected randomly and multiplied by 0.8 and replaced with the new values. This
case is very extreme case of changing the biometric input by the time. The results of super‐
vised learning with used-id and unsupervised learning without user-id are examined.
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Figure 13. Result of authentication experiment of adaptive authentication system with changing the keystroke timing
by time

Figure 13 shows the result. Average of the FRR becomes worse with iterations without in‐
cremental learning because the input for biometrics changing. Average of FRR is kept al‐
most 0 with supervised incremental learning. Average of FRR becomes about 0.1 with
unsupervised incremental learning. From this result, supervised incremental learning can
adapt the changes by time almost perfectly.
Next, we conducted experiments for examining robustness to the noises and variations. In‐
cremental learning may affect worse using the data with noise and variations because the
noisy data is added to the map. The authentication data with noises is made artificially by
adding the noise to the input vector. The experimental settings are as follows. For each au‐
thentication, 5 elements of the typing sound vector are selected, and 50% random noise is
added at each authentication.

Figure 14. Result of authentication experiment with adding the noises to key typing sounds
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The result for unsupervised incremental learning becomes worse by iterations. In contrast,
supervised incremental learning is not affected by noises rather it becomes better than with‐
out incremental learning.
Next we conducted the experiment with changes of keystroke timings by time and adding
the noises to key typing sounds simultaneously.
FRR for without incremental learning and unsupervised incremental learning becomes
worse with iterations. FRR for supervised incremental learning is kept less than 0.1. In spite
of the noises, supervised incremental learning can adapt to changes by time.
As the authentication system, unregistered user must be detected. Simple SP-SOM algo‐
rithm can classify the input vector to one of learned category, and cannot detect unlearned
vector. For this problem, threshold values are introduced. As the features of SP-SOM, the
size of Pareto set becomes large for unregistered user(unlearned data), and the magnitude of
the category value becomes small for unregistered data. Thus, unregistered users can be
identified with setting the threshold values to these values.
Figure 16 shows the result of authentication experiment with setting the threshold for size of
Pareto set and category value as 10 and 0.5 respectively. Both of the FRR and FAR of regis‐
tered users are remarkably small, and FAR of unregistered user is also small.
Figure 17 shows the result with adding changes by the time and noises. In this experiment,
the authentication system can also adapt to the changes by time with incremental learning.

Figure 15. Result of authentication experiment with changing keystroke timing by time and adding noises to key typ‐
ing sounds (x-axis: iterations, y-axis: FRR)
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Figure 16. Result of authentication experiment with rejecting unregistered user

1

2
3
Figure 17. Result of authentication experiment with adding changes by time and noises using the threshold for reject‐
ing unregistered user (x-axis: iterations, y-axis: FRR and FAR)

7. Concurrent paretolearning SOM and its application to the
authentication system using multi-modal behavior biometrics
As mentioned in the previous section, we have proposed the authentication system using
Supervised Pareto learning SOM(SP-SOM). However, SP-SOM needs the training data of
multiple users for learning. For the device of single user, the authentication system,
which requires the data of single user, is recommended. For this problem, Concurrent
Pareto learning SOM (CP-SOM) is introduced [14]. CP-SOM is P-SOM which uses the
small map for each user.
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Figure 18. Concurrent P-SOM

Conventional concurrent SOM [16] uses threshold value of quantization error for classifying
the learned data and unlearned data. Concurrent P-SOM uses the size of Pareto Optimal Set
for detecting unregistered user.The threshold value of the size is set to TH_T*P_LAST,
where P_LAST is the average size of Pareto optimal set in the last phase of learning.
The authentication experiment is conducted using the keystroke timing and key typing
sound data used in the previous section. Each user data is learned as the registered user on
the distinct map, and the data of other users is used as the test data of unregistered users.
The experiments are conducted with changing map sizes and threshold values, TH_P. The
size of Pareto sets are adaptively tuned as 1/4 and 1/2 of all units in initial learning step and
last learning step respectively. The difference between registered user and unregistered
users becomes larger using larger size of Pareto set in the last step.

Figure 19. Experimental result of CP-SOM
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Figure 20. Experimental result of CFP-SOM

Figure 19 shows the experimental result of CP-SOM using the multi-modal vector composed
of the 2 vectors, which are key stroke timing vector and key typing sound vector, with
changing the threshold THp. The size of the map is 6x6. For typical tuning of authentication
system, the threshold value is set to cross point of FRR and FAR. In this experiment,
THp=1.2 and FRR=FAR=0.35 at the cross point, and this result is not adequate for authenti‐
cation system. It is because of the small difference of the size of Pareto set between regis‐
tered user and unregistered user, which are 6.22 and 7.77 respectively.
To enlarge the difference of the size of Pareto set, the number of integrated vectors should
be increased. For this purpose, Full Pareto learning SOM(FP-SOM) is applied. FP-SOM is PSOM which uses each element in the vector as independent 1-dimensional vector. Concur‐
rent Full Pareto learning SOM(CFP-SOM) using multi-modal vector composed of 23
elements(15 keystroke timing and 8 typing sound) is applied to authentication system. Fig‐
ure 20 shows the result. At the cross point, FRR=FAR=0.121, and the average size of the Par‐
eto set for registered user and unregistered user are 17.95 and 27.95 respectively. FRR and
FAR are much improved compared with the previous experiment because the difference of
the size of Pareto set becomes larger.
Figure 20 shows the FRR and FAR of each user for experimental result of CFP-SOM. With
checking each user, FARs of user 9 and user 6 are too large. Such users are called as
“SHEEP” and are not adequate for this authentication method. Excluding user 6 and 9, aver‐
age of FRR=0.112, FAR=0.070, and they are better than that of SP-SOM(FRR=0.187,
FAR=0.065) which are conducted in the same setting of the experiment using CFP-SOM.
Figure 21 shows the experimental result with changing map size. TH_p is fixed to 1.4. With
changing map size, FAR is not improved, however FRR is improved by enlarging map size.
For map size 9x9, average of FAR=0.095, FAR=0.123, and FRR =0.090m FAR=0.061 excluding
user 6 and 9.
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Figure 21. FRR and FAR of each user for experimental result of CFP-SOM

Figure 22. Experimental result with changing map size

8. Conclusions
In this chapter, application of Self Organizing Map(SOM)s to the authentication system us‐
ing behavior biometrics is mentioned.
In section 3 and section 4, the application of SOM to the authentication systems using pen
calligraphy and keystroke timing are mentioned respectively. SOM is used to visualize the
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relations among the biometrics data of users, and is used to select the appropriate feature,
and to select the appropriate patterns of behavior for authentication. For the authentication
system using pen calligraphy, the pen speed data and pen pressure data is selected as the
features, and drawing spiral or star on the screen are selected as the patterns of behavior.
For the authentication system using keystroke timing, keystroke timing data typing “kira‐
kira” is selected as the behavior. These systems show superior performance considering the
simplicity of these methods. However, using single behavior biometrics, enough accuracy is
hard to be accomplished.
In section 5, the application of SOM to the authentication system using multi-modal behav‐
ior biometrics is mentioned. As the multi-modal behavior biometrics, pen calligraphy draw‐
ing the symbols and keystroke timing which are measured on tablet PC are used.
Supervised Pareto learning SOM(SP-SOM), which can integrate multi-modal vector naively
with supervised learning, is proposed, and applied to the analysis of multi-modal biometric
features and to the authentication system. The accuracy of authentication is improved com‐
pared with that of single behavior biometrics without disturbance from unreliable features.
In section 6, the application of SP-SOM to the authentication system using multi-modal behav‐
ior biometrics of keystroke timing and key typing sound is mentioned. These features can be
measured simultaneously during typing a phrase. Additionally, the adaptive authentication
system, which can follow the changes of biometrics by the time, is examined. The authentica‐
tion system shows superior accuracy with following changes of keystroke timing by the time
without disturbed by noises. As the practical authentication system, the unregistered users are
detected using the size of the Pareto set and category magnitude of the user inputs.
In section 7, Concurrent Full P-SOM(CFP-SOM), which uses small map for each user, is ap‐
plied to the authentication system using multi-modal behavior biometrics. CFP-SOM is suit‐
able for mobile system because it only needs the learning data of single user, in contrast, SPSOM needs the learning data of some users. CFP-SOM classifies the registered user from
unregistered users using the size of Pareto set. With adjusting the threshold of size of Pareto
set, the accuracy becomes almost same or better compared with that of SP-SOM.
As the future work, the adaptive algorithm for CFP-SOM should be developed. CFP-SOM
needs the adjustment of threshold to apply to authentication system, thus adaptive scheme
for the threshold is required. Furthermore, P-SOM and SP-SOM is a generic extension of
SOM, and it can be applied to many applications, which need both of visualization and clas‐
sification by supervised learning. P-SOM and SP-SOM can be used to integrate the multiple
objects for which distance metric is defined. The novel application from this point of view
should be explored.
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Chapter 7

Quantification of Emotions for Facial Expression:
Generation of Emotional Feature Space Using SelfMapping
Masaki Ishii, Toshio Shimodate, Yoichi Kageyama,
Tsuyoshi Takahashi and Makoto Nishida
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/51136

1. Introduction
Facial expression recognition for the purpose of emotional communication between humans
and machines has been investigated in recent studies [1-7].
The shape (static diversity) and motion (dynamic diversity) of facial components, such as
the eyebrows, eyes, nose, and mouth, manifest expression. From the viewpoint of static di‐
versity, owing to the individual variation in facial configurations, it is presumed that a facial
expression pattern due to the manifestation of a facial expression includes subject-specific
features. In addition, from the viewpoint of dynamic diversity, because the dynamic
changes in facial expressions originate from subject-specific facial expression patterns, it is
presumed that the displacement vector of facial components has subject-specific features.
On the other hand, although an emotionally generated facial expression pattern of an indi‐
vidual is unique, internal emotions expressed and recognized by humans via facial expres‐
sions are considered person-independent and universal. For example, one person may express
the common emotion of happiness using various facial expressions, while another person
may recognize happiness from these facial expressions. Pantic et al. argued that a natural
facial expression always includes various emotions, and that a pure facial expression rare‐
ly appears [1]. Furthermore, they suggested that it is not realistic to classify all facial expres‐
sions into the six basic emotion categories: anger, sadness, disgust, happiness, surprise and
fear. Instead, they proposed quantitative classification into many more emotion categories.
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Pioneering studies on the quantification of emotions recognized from facial expressions
have been conducted in the field of psychology. In particular, the mental space model of
Russell et al. is well known: each facial expression is arranged in a space centering on
“pleasantness” and “arousal,” particularly addressing the semantic antithetical nature of
emotion [8]. Russell et al. discovered that facial expression stimuli can be conceptualized as
a circular arrangement in the mental space described above (the circumplex model). Yama‐
da found a significant correlation between the “slantedness” and “curvedness/openness” of
facial components and the “pleasantness” and “arousal” in the mental space [9]. This obser‐
vation highlights the importance of clarifying a correspondence between changes in facial
components accompanying emotional expressions (physical parameters) and recognized
emotions (psychological parameters).
We address the following issues related to the recognition of emotions from facial expressions.
First, facial expression patterns are considered as physical parameters. Expressions convey
personality, and as physical parameters, facial expression patterns vary among individuals.
Hence, the classification of facial expressions is fundamentally a problem with an unknown
number of categories. Accordingly, the extraction of subject-specific facial expression cate‐
gories using a common person-independent technique is an important issue.
Second, emotions are considered as psychological parameters. The facial expression pattern
of an individual is unique, but as a psychological parameter, emotion is person-independent
and universal. Moreover, the grade of a recognized emotion changes according to the grade
of physical change in a facial expression pattern. Therefore, it is important to match the
amount of physical change in a subject-specific facial expression pattern with the corre‐
sponding amount of mental change in order to estimate the grade of emotion.
Previously, we proposed a method for generating a subject-specific feature space to estimate
the grade of emotion, i.e., an emotional feature space that expresses the correspondence be‐
tween physical and psychological parameters [10, 11]. In this chapter, we improve the
abovementioned method. In addition, we develop a method for generating a feature space
that can express a level of detailed emotion.

2. Previous studies
A method for generating a subject-specific emotional feature space using self-organizing
maps (SOMs) [12] and counter propagation networks (CPNs) [13] has been proposed in pre‐
vious studies [10, 11]. The feature space expresses the correspondence between the changes
in facial expression patterns and the degree of emotions in a two-dimensional space cen‐
tered on “pleasantness” and “arousal.” For practical purposes, we created two types of fea‐
ture spaces, a facial expression map (FEMap) and an emotion map (EMap), by learning
facial images using CPNs. When a facial image is fed into the CPN after the learning proc‐
ess, the FEMap can assign the image to a unique emotional category. Furthermore, the
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EMap can quantize the level of emotion in the image according to the level of change in the
facial patterns.
Figures 1 and 2 respectively show the FEMap and EMap generated using the proposed
method. Figure 3 shows the recognition result for the expressions of “fear” and “sur‐
prise”. These results indicate that the pleasantness and arousal values gradually change
with changes in facial expression patterns. Moreover, the changes in the pleasantness and
arousal values of two individuals are similar, even though their facial expression pat‐
terns are different.

Figure 1. Generation results of FEMap.

Figure 2. Generation results of EMap.
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Figure 3. Recognition results for “fear” and “surprise”.
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3. Algorithms of SOM and CPN
3.1. Self-Organizing Maps (SOM)
An SOM is a learning algorithm that models the self-organizing and adaptive learning capa‐
bilities of the human brain [12]. It comprises two layers: an input layer, to which training
data are supplied, and a Kohonen layer, in which self-mapping is performed via competitive
learning. The learning procedure of an SOM is described below.
1. Let w i,j (t) be the weight from an input layer unit i to a Kohonen layer unit j at time t.
Actually, w i,j is initialized using random numbers.
2. Let x i (t) be the data input to the input layer unit i at time t; calculate the Euclidean dis‐
tance d j between x i (t) and w i,j (t) using (1).
dj =

I

∑ ( xi (t ) − wi, j (t ))2

(1)

i=1

3. Search for a Kohonen layer unit to minimize d j, which is designated as the winner unit.
4. Update the weight w i,j (t) of a Kohonen layer unit contained in the neighborhood region
of the winner unit N c (t) using (2), where α(t) is a learning coefficient.
wi, j (t + 1) = wi, j (t ) + α (t )( xi (t ) − wi, j (t ))

(2)

5. Repeat processes 2)–4) up to the maximum iteration of learning.
3.2. Counter Propagation Network (CPN)
A CPN is a learning algorithm that combines the Grossberg learning rule with a SOM [13]. It
comprises three layers: an input layer to which training data are supplied, a Kohonen layer
in which self-mapping is performed via competitive learning, and a Grossberg layer, which
labels the Kohonen layer by the counter propagation of teaching signals. A CPN is useful for
automatically determining the label of a Kohonen layer when the category to which training
data belongs is predetermined. This labeled Kohonen layer is designated as a category map.
The learning procedure of a CPN is described below.
1. Let w i n,m (t) and w j n,m (t) be the weights to a Kohonen layer unit (n, m) at time t from an
input layer unit i and from a Grossberg layer unit j, respectively. In fact, w i n,m and w j n,m are
initialized using random numbers.
2. Let x i (t) be the data input to the input layer unit i at time t, and calculate the Euclidean
distance d n,m between x i (t) and w i n,m (t) using (3).
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dn,m =

∑ ( xi (t ) − w i n,m(t ))2
I

(3)

i=1

3. Search for a Kohonen layer unit to minimize d n,m, which is designated as the winner unit.
4. Update weights w i n,m (t) and w j n,m (t) of a Kohonen layer unit contained in the neighbor‐
hood region of the winner unit N c (t) using (4) and (5), where α(t), β(t) are learning coeffi‐
cients, and t j (t) is a teaching signal to the Grossberg layer unit j.
wi
w

j

n,m

(t + 1) = w i

n,m

(t + 1) = w

n,m
j

(

(t ) + α (t ) xi (t ) − w i

n,m

(

n,m

n,m

(t ) + β (t ) tj (t ) − w

j

)

(4)

)

(5)

(t )

(t )

5. Repeat processes 2)–4) up to the maximum iteration of learning.
6. After learning is completed, compare weights w j n,m observed from each unit of the Koho‐
nen layer, and let the teaching signal of the Grossberg layer with the maximum value be the
label of the unit.

4. Proposed method
Figure 4 shows the procedure for generating the FEMap and EMap.

Figure 4. Flow chart of proposed method.
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The proposed method consists of the following three steps. First, facial expression images
are hierarchically classified using SOMs, and subject-specific facial expression categories are
extracted. Next, the CPN is used for data expansion of the facial expression patterns on the
basis of the similarity and continuity of each facial expression category. The CPN is a super‐
vised learning algorithm that combines Grossberg’s learning rule with the SOM. A category
map generated by the method described above is defined as a subject-specific FEMap. Then,
a subject-specific emotion feature space is generated. The space matches physical and psy‐
chological parameters by inputting the coordinate values to the circumplex model proposed
by Russell [8] as teaching signals for the CPN. Then, this complex plane is defined as a sub‐
ject-specific EMap.
4.1. Extraction of facial expression category
The proposed method was adopted to extract a subject-specific facial expression category
hierarchically by using an SOM with a narrow mapping space. An SOM is an unsuper‐
vised learning algorithm, and it classifies the given facial expression images in a self-organ‐
izing manner, according to their topological characteristics. Hence, it is suitable for classification
with an unknown number of categories. Moreover, an SOM compresses the topological
information of facial expression images using a narrow mapping space, and it performs
classification based on features that roughly divide the training data. We speculate that
repeating these steps hierarchically renders the classified amount of change in facial expres‐
sion patterns comparable; hence, a subject-specific facial expression category can be extract‐
ed. Figure 5 shows the extraction of a facial expression category, the details of which are
provided below.
1.

The expression images described in Section 5.1 were used as training data. The follow‐
ing processing was performed for each facial expression. The training data is assumed
to constitute N frames.

2.

Learning was conducted using an SOM with a Kohonen layer of five units and an
input layer of 40 × 48 units (Fig. 5(a)), where the number of learning sessions was set
to 10,000.

3.

The weight of the Kohonen layer W i,j (0 ≤ W i,j ≤ 1) was converted to a value of 0―255 at
the end of learning, and visualized images were generated (Fig. 5(b)), where n 1―n 5
denote the training data classified into each unit.

4.

Five visualized images can be considered as representative vectors of the training data
classified into each unit (n 1―n 5). Therefore, a thresholding process was adopted to
judge whether a visualized image was suitable as a representative vector. Specifically,
for the upper and lower parts of the face shown in Fig. 5(c), a correlation coefficient be‐
tween a visualized image and classified training data was determined for each unit. The
standard deviation of these values was computed. When the standard deviation of both
regions was 0.005 or less in all five units, the visualized image was considered to repre‐
sent the training data, and the subsequent hierarchization processing was cancelled.
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5.

The correlation coefficient of weight W i,j between each adjacent unit in the Kohonen
layer was computed. The Kohonen layer was divided into two parts between the units
of the minimum correlation coefficient (Fig. 5(b)).

6.

The training data (N 1 and N 2) classified into both sides of the partition were used as
new training data; the processing described above was repeated recursively. Conse‐
quently, the hierarchical structure of the SOM was generated (Fig. 5(b) and Fig. 5(d)).

7.

The lowest category of the hierarchical structure was defined as a facial expression cate‐
gory (Fig. 5(e)). Five visualized images were defined as representative images of each
category at the end of learning. Then, the photographer of the facial expression images
visually confirmed each facial expression category and conducted implication in emo‐
tion categories, such as a neutral facial expression and six basic facial expressions.

Figure 5. Extraction procedure of facial expression categories.
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4.2. Generation of facial expression map
The recognition of a natural facial expression requires the generation of a facial expression
pattern (mixed facial expression) that interpolates each emotion category. In the proposed
method, the representative image obtained in Section 4.1 was used as training data, and data
expansion of facial expression patterns between each emotion category was performed us‐
ing a CPN with a large mapping space. A CPN is adopted because the teaching signal of the
training data is known by the processing described in Section 4.1. The mapping space of the
CPN comprises more units than the training data, and it has a torus structure because a
large mapping space is assumed to enable the CPN to perform data expansion based on the
similarity and continuity of the training data. Figure 6 shows the CPN architecture for gen‐
erating an FEMap. The details of the processing are provided below.

Figure 6. CPN architecture for generation of FEMap.

1.

The CPN structure comprises an input layer of 40 × 48 units and a two- or three-dimen‐
sional Kohonen layer. In addition, Grossberg layer 1 of seven units was prepared; a teaching
signal of six basic facial expressions and a neutral facial expression were input to it.

2.

The representative images obtained in Section 4.1 were used as training data, and learn‐
ing was carried out for each subject. As the teaching signal to Grossberg layer 1, 1 was
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input to units that represent emotion categories of representative images; otherwise, 0
was input. The number of learning sessions was set to 20,000.
3.

The weights (W g1) of Grossberg layer 1 were compared for each unit of the Kohonen
layer at the end of learning; the emotion category with the greatest value was used as
the label of the unit. A category map generated by the processing described above was
defined as a subject-specific FEMap.

4.3. Generation of emotion map
Although the facial expression patterns of an individual are unique, emotions expressed and
recognized from facial expressions by humans are person-independent and universal.
Therefore, it is necessary to match the grade of emotion based on a common index for each
subject with the grade of change in facial expression patterns described in Section 4.2. The
proposed method is based on the circumplex model proposed by Russell as a common in‐
dex. Specifically, the coordinate values based on the circumplex model are input as teaching
signals for the CPN, and the processing described in Section 4.2 is carried out simultaneous‐
ly. Then, an EMap is generated for matching the grade of change in facial expression pat‐
terns with the grade of emotion. Figure 7 shows the procedure for generating the EMap, the
details of which are provided below.

Figure 7. Procedure for generating EMap.
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1.

Grossberg layer 2 of one unit, which inputs the coordinate values of the circumplex
model, was added to the CPN structure (Fig. 7(a)).

2.

Each facial expression stimulus was arranged in a circle on a plane centered on “pleas‐
antness” and “arousal” in the circumplex model (Fig. 7(b)). The proposed method ex‐
presses this circular space as the complex plane shown in Fig. 7(c), and complex
numbers based on the figure were input to Grossberg layer 2 as teaching signals. For
example, when the input training data represents the emotion category of happiness,
the teaching signal for Grossberg layer 2 is cos (π/4) + i sin (π/4).

3.

This processing was repeated up to the maximum learning number.

4.

Each unit of the Kohonen layer was plotted onto the complex plane at the end of learn‐
ing, according to the values of the real and imaginary parts of the weight (W g2) on
Grossberg layer 2. Then, this complex plane was defined as a subject-specific EMap.

5. Evaluation experiment
5.1. Expression images
In general, open facial expression databases are used in conventional studies [14, 15]. These
databases contain a few images per expression and subject. For this study, we obtained fa‐
cial expression images of ourselves because the proposed method extracts subject-specific
facial expression categories and representative images of each category from large quantities
of data.
We discuss a neutral facial expression and six basic facial expressions, namely, anger, sad‐
ness, disgust, happiness, surprise, and fear. These expressions are deliberately manifested
by a subject. The basic facial expressions were acquired as motion videos, including a proc‐
ess in which the neutral and basic facial expressions were manifested five times; each facial
expression was manifested in turns. The motion videos were converted into static images
(30 fps, 8-bit gray, 320 × 240 pixels). We processed a region containing facial components.
Therefore, a face region image was extracted and normalized according to the following
procedures.
1.

A face was detected using Haar-like features [16]; a face region image normalized into a
size of 80 × 96 pixels was extracted.

2.

The image was processed using a median filter for noise removal. Then, smoothing
processing was performed after dimension reduction of the image using coarse grain
processing (40 × 48 pixels).

3.

A pseudo-outline that is common to all the subjects was generated; the face region con‐
taining facial components was extracted.

4.

4. Histogram linear transformation was performed for brightness value correction.
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Figure 8 shows an example of face region images after extraction and normalization. Table 1
lists the number of acquired frames and the number of frames extracted by the SOM as the
training data for the CPN.
The data used in the study was acquired in accordance with ethical regulations regarding
research on humans at Akita University, Japan.

Figure 8. Examples of facial expression images.

Table 1. Number of acquired frames and training data.

5.2. Experiment details
This study examined the training data input method and the number of dimensions of the
CPN mapping space. In particular, the following were examined.
i.

Method 1: Learning was conducted using a CPN with a two-dimensional Koho‐
nen layer of 30 × 30 units. Moreover, training data were randomly selected
and input.

ii.

Method 2: The Kohonen layer of the CPN was set to 30 × 30 units, as in Meth‐
od 1. However, the training data for each emotion category were input by the
same ratio.
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iii.

Method 3: Learning was conducted using a CPN with a three-dimensional Koho‐
nen layer of 10 × 10 × 10 units. The training data input method is the same as that of
Method 2.

6. Result and discussion
6.1. Discussion on training data input method
Tables 2 and 3 list the number of Kohonen layer units on the FEMap for Methods 1 and 2,
respectively. Figure 9 and 10 shows the FEMaps and the EMaps generated using Methods 1
and 2.

Table 2. Number of units on FEMap (Method 1).

Table 3. Number of units on FEMap (Method 2).

Table 2 shows that the percentage of the neutral facial expression category is high. More‐
over, although a mixed facial expression of a neutral expression and six basic expressions is
generated, as shown in Fig. 10(a), a mixture of the six basic expressions is not generated. On
the other hand, the number of units of each emotion category on the FEMap is roughly con‐
stant, as shown in Table 3, and many mixed facial expressions are generated between the
expressions on the EMap, as shown in Fig. 10(b). These results suggest that the input ratio of
the training data should be constant for every emotion category to effectively generate many
mixed facial expressions.
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Figure 9. Generation results of FEMap using Methods 1 and 2.

Figure 10. Generation results of EMap using Methods 1 and 2.
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6.2. Discussion on number of dimensions of CPN mapping space
The EMap generated by Method 3 is shown in Fig. 11. Figure 12 shows the enlargement of
the happiness region in the EMap generated by Methods 2 and 3.

Figure 11. EMap generated by Method 3.

Figure 12. Enlargement of the happiness region in the Emap.
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Although the number of Kohonen layer units in Methods 2 and 3 are almost equal (the for‐
mer is 900 units and the latter is 1,000 units), the generation results of the EMaps differ sig‐
nificantly. In particular, many mixed facial expressions are radially generated from the
coordinates of the teaching signal on the circumference, as shown in Fig. 11 and Fig. 12(b).
The number of neighboring emotion categories on the FEMap increases as a result of an in‐
crease in the number of dimensions of the CPN mapping space.

7. Conclusion
In this chapter, we proposed a method for generating a feature space that expresses the cor‐
respondence between the changes in facial expression patterns and the degree of emotions.
In addition, we investigated the training data input method and the number of dimensions
of the CPN mapping space. The results clearly show that the input ratio of the training data
should be constant for every emotion category and the number of dimensions of the CPN
mapping space should be extended to effectively express a level of detailed emotion. We
plan to experimentally evaluate emotion estimation using the generated feature spaces.
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Chapter 8

A Self Organizing Map Based Motion Classifier
with an Extension to Fall Detection Problem and Its
Implementation on a Smartphone
Wattanapong Kurdthongmee
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/51002

1. Introduction
Automatic classification of human motions is very useful in many application areas. The
characteristics of the motion types and patterns can be used as an indicator of one''s mobility
level, latent chronic diseases and aging process [1]. The motion types can be employed to
further make a decision if one is at risk; i.e. the motion type or the transition between the
motion types may be risky and is likely to cause a fall. Alternatively, the motion types may
be useful as an indication to request for a close observation/attention; i.e. a jogging is higher
risk and requires a close attention than a normal walk especially for elderly people. The in‐
dication may be used to support the feature of a video surveillance system for monitoring
elderly people. With respect to these examples of application areas in combination with the
requirement to automate monitoring of elderly people as a result of ''aging society'', the de‐
mands for an automatic motion classification have been increased. To observe and make re‐
lation to motion types, either an acceleration sensor or video system has been widely
accepted as useful.
In this chapter, we present the application of the self organizing map (SOM) to an automatic
classification of basic, i.e. activities of daily live - ADL, human motions. To be specific, SOM
is employed to solve the human motion classification problem. In our proposed approach,
SOM is trained with motion parameters captured from a specific wearer and used to per‐
form an adaptive motion types clustering and classification functions. This results in a code‐
book with different clusters of motion types whose parameters are similar. Instead of using
a codebook alone, the algorithm is proposed in order to distinguish between different basic
motion types whose motion parameters are similar and mapped to the same cluster as clear‐
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ly reflected by the codecook. In addition, the frequency of occurrences from different motion
types resulted from SOM classifications are used to make decision for the most probable
motion type. By mean of SOM, it makes the resulting application adaptable to wearers of
different ages and motion conditions. With the success of classification of different motion
types, we propose extending the algorithm to perform fall detection. In this case, SOM is
trained and labeled with a majority of data from fall curves. As the characteristics of the fall
curves is almost similar to the motion types with rapid transition of acceleration, the motion
type is employed to support the differentiation between fall and other rapid transition mo‐
tion types. It can be summarized that the contributions of our research are twofolds. Firstly,
the motion types classification algorithm employing SOM is proposed and validated for its
correctness with respect to the continuous waveform of mixed motion types. Secondly, the
motion types is successfully used to distinguish between fall and other motion types.
The rest of this chapter is organized as follows. Section 2 presents related work which is fo‐
cused on the class of sensor attachment to body for motion classification and fall detection
algorithms. The background of SOM, data capturing and SOM training and labeling stages
are detailed in Section 3. The proposed algorithm for motion type classification and fall de‐
tection are then explained in Section 4. In Section 5, the validation results from the imple‐
mentation of the proposed algorithms are given and discussed. In addition, the extensions
of the algorithm to the fall detection problem is then given. Eventually, the implementation
of the algorithm on the platform of choice for practical use is presented in Section 6. Finally,
the chapter is concluded in Section 7..

2. Related Work
In this section, the survey of the previously proposed motion classification and fall detection
algorithms are given. In general, the previously proposed motion classification algorithms
can be classified into two categories: acceleration sensor based detection and video process‐
ing based detection. Motion classification using acceleration sensor has been widely studied
and resulted in two difference classification schemes which are the threshold-based and stat‐
istical classification schemes [1]. Threshold-based motion classification takes advantage of
known knowledge and information about the movements to be classified. It uses a hierarch‐
ical algorithm structure, a decision tree like, to discriminate between activity states. A set of
empirically-derived thresholds for each classification subclass are required. A systematic ap‐
proach for motion classification based on a hierarchical decision tree is presented by [2]. A
generic classification framework presented in [3] consists of a hierarchical binary tree for
classifying postural transitions, falling, walking, and other movements using signals from a
wearable triaxial acceleration sensor. This modular framework also allows modifying indi‐
vidual classification algorithm for particular purposes.
Tilt sensing is a basic function provided by acceleration sensors which respond to gravity
or constant acceleration. Therefore, human postures, such as upright and lying, can be
distinguished according to the magnitude of acceleration signals along sensitive axes from
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only one acceleration sensor worn at the waist and torso [4, 6. However, the single-acceler‐
ation sensor approach has difficulty in distinguishing between standing and sitting as both
are upright postures, although a simplified scheme with tilt threshold to distinguish stand‐
ing and sitting has been proposed [4]. Standing and sitting postures can be distinguished
by observing different orientations of body segments where multiple acceleration sensors
are attached. For example, two acceleration sensors can be attached to the torso and thigh
to distinguish standing and sitting postures from static activities [7, 8, 9]. Trunk tilt varia‐
tion due to sit-stand postural transitions can be measured by integrating the signal from a
gyroscope attached to the chest of the subject [5]. Sit-stand postural transitions can be iden‐
tified according to the patterns of vertical acceleration from an acceleration sensor worn at
the waist [6].
Acceleration signals can be used to determine walking in ambulatory movement. Walking
can be identified by frequency-domain analysis [4, 10]. It is characterized by a variance of
over 0.02 g in vertical acceleration and frequency peak within 1–3 Hz in the signal spectrum
[10]. Discrete wavelet transform is used to distinguish walking on a level ground and walk‐
ing on a stairway [11].
Motion classification using statistical schemes utilize a supervised machine learning proce‐
dure, which associates an observation (or features) of movement to possible movement
states in terms of the probability of the observation. Those schemes include, for example, knearest neighbor (kNN) classification [8, 12], support vector machines (SVM) [13, 14], Naive
Bayes classifier [15, 16], Gaussian mixture model (GMM) [17] and hidden Markov model
(HMM) [18, 19]. Naive Bayes classifier determines activities according to the probabilities of
the signal pattern of the activities. In GMM approach, the likelihood function is not a typical
Gaussian distribution. The weights and parameters describing probability of activities are
obtained by the expectation-maximization algorithm. Transitions between activities can be
described as a Markov chain that represents the likelihood (probability) of transitions be‐
tween possible activities (states). The HMM is applied to determine unknown states at any
time according to observable activity features (extracted from accelerometry data) corre‐
sponding to the states. After the HMM is trained by example data, it can be used to deter‐
mine possible activity state transitions.
From our point of view, there are several drawbacks of the previously proposed approaches.
That is to say the differences in the collected data among different persons, or even within
the same person but different time and sensor variable sampling rate, which are very com‐
mon, are not taken into account. The previously proposed motion classifiers are almost all in
the class of a pre-programmed system with the threshold for making decision from limited
samples. This is in contrast to our proposed approach which relies on utilizing SOM to make
it adaptable to a particular wearer. The movement nature of the wearer is taken into consid‐
eration and used for training and labeling and, in turn, used for fall detection and alert of
the wearer. The details of our proposed algorithm are given in the next sections.
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3. Background, Data Capturing and SOM Training and Labeling Stages
In this section, we briefly describe the background of SOM. The procedures for capturing
data, the SOM training and labeling stages, and the proposed motion classification algo‐
rithm are then detailed.
3.1. A Brief Introduction to SOM
In general, SOM is one of the most prominent artificial neural network models adhering to
the unsupervised learning paradigm [20]. It has been employed to solve problems in a wide
variety of application domains. For the applications in engineering domain, it was elaborate‐
ly surveyed and reported in [21]. Generally speaking, the SOM model consists of a number
of neural processing elements (PEs) or ''codebook''. Each of the PE, i, which is called ''code‐
word' is assigned an n-dimensional weight vector mi where n is the dimension of an input
data. During the training stage, the iteration t starts with the selection of one input data p(t).
p(t) is presented to SOM and each codeword determines its activation by means of the dis‐
tance between p(t) and its own weight vector. The codeword with the lowest activation is
referred to as the winner, mc, or the best matching unit (BMU) at the learning iteration t, i.e.:
mc (t) = mini

p(t) − mi (t) .

(1)

The Euclidean distance (ED) is one of the most popular way to measure the distance be‐
tween p(t) and a codeword''s weight vector mi(t). It is defined by the following equation:
d(p(t), mi (t)) = (p(t)1 − mi (t)1)2 + (p(t)2 − mi (t)2)2 + ... + (p(t)n − mi (t)n )2

(2)

Finally, the weight vector of the winner codeword as well as the weight vectors of selected
codewords in the vicinity of the winner are adapted. This adaptation is implemented as a
gradual reduction of the component-wise difference between the input data and weight vec‐
tor of the codeword, i.e.:
mi (t + 1) = mi (t) + α(t) h ci (t)

p(t) − mi (t) .

(3)

Geometrically speaking, the weight vector of codewords of the adapted units are moved a
bit towards the input data. The amount of weight vector movement is guided by a learning
rate, α , decreasing with time. The number of codewords that are affected by this adaptation
is determined by a neighborhood function, hci which also decreases with time. This move‐
ment makes the distance between these codewords decrease and, thus, the weight vector of
the codewords become more similar to the input data. The respective codeword is more
likely to be a winner at future presentations of this input data. The consequence of adapting
not only the winner alone but also a number of codewords in the neighborhood of the win‐
ner leads to a spatial clustering of similar input patterns in neighboring parts of the SOM.
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Thus, similarities between input data that are presented in the n-dimensional input space
are mirrored within the two-dimensional output space of SOM or SOM map. The training
stage is terminated after the final SOM map is labelled with some known conditions.
The classification stage is very similar to the learning stage with some exceptions. That is to
say there is no need to perform adaptation to the winner codeword and its neighbours of the
SOM map with respect to the input data. Instead, the label of the winner codeword corre‐
sponding to the input data is returned and used for further interpretation; i.e. if the input
data is mapped to the codeword with jogging motion type label.
3.2 The Motion Data Capturing and Preparation Procedures
Our proposed algorithm relies on using motion data which is captured from different basic
daily activity types for training SOM. To efficiently and economically get such data, an ap‐
plication was developed to be executed on a smartphone instead of relying on an embedded
data acquisition with a built-in acceleration sensor. A smartphone was targeted from the
point of view that it provides all the necessary hardware to serve our purposes. A smart‐
phone with an Android operating system was selected as it is an open platform device 22.
The platform, in general, provides support for interfacing with a built-in triaxial acceleration
sensor via Application Program Interfaces (APIs). With respect to the developed application,
the following roles are performed during the data capturing stage:
• Capture motion data from a triaxial acceleration sensor in as fixed a sampling period
manner as possible,
• Wirelessly transmit the captured motion data to the computer server via Bluetooth.

Figure 1. (a) The main screen of the application running on the mobile phone and (b) the screen captured of a per‐
sonal computer application.

The Mobile Sensor Actuator Link (MSAL) API was employed to implement the applications
running both on a smartphone and a personal computer with the required functionalities.
The API is an open source and freely available from Ericsson Laboratory 23. Figure 1 shows
the main screen of the application running on the smartphone and the screen captured of a
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personal computer application. It is noted that the waveforms shown on the application
screen in this case are three parameters along the x, y and z-axes from the acceleration sen‐
sors and the gyroscope. Only the parameters from the acceleration sensor are used in this
experiment.
In the course of our experimentations, subjects were requested to perform the following mo‐
tion types, which cover their basic daily activity types, while the smartphone with the instal‐
led application previously detailed was attached to their waist: {jogging (0), normal walk (1),
walk upstairs and downstairs (1), stand-sit-stand (2), fall on the floor with support of bed
(3), different types of fall on the arm chair (4), fast walk (5)}. The numbers in the parentheses
represent the annotations of the motion types on the codebook resulted from the SOM label‐
ing stage (to be described in Section 3.3. The first four and the last motion types were contin‐
uously captured for one minute and the fifth and sixth ones were requested to repeat 10
times each. The captured data for each motion type was saved by the server side application
to a separate file. The captured motion data files for the first four and the last motion types
required less preprocessing. This comes from the fact that these motion types could be per‐
formed almost continuously by subjects. As a result, the motion waveforms that represent
these motion types have nearly continuous form. These data files were only required to con‐
vert from the raw data (separated ax, ay, and az) to be in the vector summed acceleration a
form by applying Eq. 4. Doing this way created the data which are independent of the at‐
tachment orientation of the smartphone during data collection stage. Then, the time stamp t
was attached to the vector summed acceleration data point by point in order to form the (ai,
ti)-array. Figure 2 shows the motion waveforms in the vector summed acceleration form for
30 second periods of all captured motion types.

Figure 2. The motion waveforms in the vector summed acceleration form for 30 second periods of (a) jogging, (b)
normal walk, (c) sit-stand-sit, (d) fall, (e) fall on the arm chair and (f) fast walk.
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In contrast to the first group of captured data described earlier, the captured data files for
the fifth and sixth motion types, which are the fall on the floor with support of bed and dif‐
ferent types of fall on the arm chair, were required to preprocess. This was done in order to
extract only motion waveforms, whose forms are (ai, ti), which were relevant to the falls.
(4)

a = ax2 + ay2 + az2
Followings are our findings from several experimentations during the training stage:

• the preprocessing stage for the motion types of ''fall on the floor with support of bed'' and
''different types of fall on the arm chair'' can be eliminated and replaced by using multiple
set of training data from these two motion types.
• the combinations of following 5 motion parameters give rise to the highest degree of mo‐
tion classification correctness: the origin of a segment (ai), the endpoint of a segment (ai+1),
the endpoint of the adjacent segment (ai+2), the slope of a segment, and the length of a seg‐
ment. This can be represented by:

(a , a
i

(ai +1 − ai )

i+1, ai+2, (ti +1 − ti ) ,

)

(ai+1 − ai )

(5)

All of the preprocessed data files were converted, from the vector summed acceleration and
time stamp format, to be in the form defined by Eq. 5 on a segment by segment basis. At this
point, the procedures taken to create the training data set ready for the training stage can be
summarized as follows:
• Apply Eq. 4 to all elements of an array of raw acceleration data (ax, ay, az) in order to con‐
vert to an array of vector summed acceleration along with the time stamp format: (ai, ti).
The process is applied to all arrays of raw acceleration data and gives rise to a set of Tm
arrays where m is a motion type index.
• Create an array of (Sj, Sj+1, Sj+2, Oj, mj) by applying Eq. 5 to members at i, i+1, and i+2 of the
Tm arrays. In addition, the motion type index, m, is added to all members of the Tm arrays.
• Merge all Tm arrays together by taking all data from the arrays whose motion types are
jogging, normal walk, walk upstairs and downstairs, stand-sit-stand, and fast walk and
using 3 repeats of fall on the floor with support of bed and different types of fall on the arm
chair. All members of the merged arrays are then randomly rearranged. At this point, the
training data with random mixture of motion data from all motion types, T, is obtained.
3.3. The SOM Training and Labeling Stages
In order to train and label SOM with the already prepared training data, the algorithms are
implemented in the Matlab scripts. We keep the implementations to be as simple as possible
as the algorithms will finally be exploited on the smartphone platform. Our training algo‐
rithm behaves by:
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• single visiting to a member of the training data, T, of size k,
• using a simple learning function with linearly decayed learning rate. The learning rate is
allowed to change 256 times with a linear decay rate of
the learning rate when

k
256

1
256 .

This is equivalent to changing

members of training data is visited.

• using a simple neighborhood function of the form:
β(r, c) = α −

(

(r − r BMU )2 + (c − cBMU )2

) α2

(6)

where β(r, c) is the learning coefficient of the codeword at (r, c). α is the learning coeffi‐
cient of the best matching unit (BMU) codeword whose index is at (rBMU, cBMU). Only the
positive value of β(r, c) is used to update the weight of the codeword.
For the labeling stage of the algorithm, the training data T is once again presented to the co‐
debook resulted from the training stage. The BMU, whose index is at (rBMU, cBMU), is searched
for a given input segment Sk which is a member of T. The matching frequency of the code‐
word at (rBMU, cBMU) is then incremented. Upon all Sk which is a member of T has been visit‐
ed, the algorithm labels a codeword with the motion type whose frequency is the highest. It
is noted that the matching frequency of a codeword is later used to make decision for the
motion type of an unknown motion type segment. That is to say if an unknown motion type
segment is found to match to the codeword at (rm, cm), its motion type is the motion type of
the codeword at (rm, cm).
Figure 3 illustrates a codebook along with the projection maps on the training data planes
for a configuration of 5×7 codewords. It can be clearly observed that the codewords are clus‐
tered very well. The separations between the clusters of slow transition motion types; nor‐
mal walk (1), walk upstairs and downstairs (1), stand-sit-stand (2), and fast transition
motion types; jogging (0), fall on the floor with support of bed (3), different types of fall on
the arm chair (4), fast walk (5), are clearly noticeable. It, however, shows some imperfect
clusters with mixed fast transition motion types; i.e. the cluster at the bottom left of the map
which consists of these motion types: jogging (0), fall on the floor with support of bed (3),
different types of fall on the arm chair (4) and fast walk (5). These can be interpreted that the
fast transition motion types have some common motion parameters. This is confirmed by a
section of comparative acceleration waveforms of the fast and slow transition motion types
in Figure 4. At this point, it can be summarized that the codebook cannot be employed alone
to the problem of motion classification. In the next section, we detail our proposed algo‐
rithm that makes use of the queried results from the SOM to improve the correctness of mo‐
tion classification and to distinguish between each motion type in the fast transition group.
The algorithm is also further designed to support detection of fall.
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4. Our Proposed Algorithms
Our algorithm is proposed to compensate for the imperfect clustering of codebook men‐
tioned earlier. It is illustrated in Algorithm 1. There are two inputs to the algorithm which
are the codebook C and an unknown motion type segment St; i.e. the segment to be queried
for its motion type with the form defined by Eq. 5. The codebook C is the one obtained from
the training and labeling stages and assigned to the algorithm only once. It can, however, be
changed to be specific to the motion conditions of users in practical usage. For a motion seg‐
ment St, the algorithm finds the motion type, segmentMotionType, by querying the codebook.
The set of query result is as follows: {typeJogging, typeWalk, typeSitStandSit, typeFall, typeFal‐
lOnArmChair, typeFastWalk}. Instead of using the query result right away which is very
prone to error due to the imperfect clustering, the algorithm only registers the current seg‐
ment motion type. This is performed by incrementing the counter at the corresponding in‐
dex of the motion type in the motionFrequency-array. The algorithm keeps performing in this
way for the new incoming segments without making decision for a period of samplePeriod.
At the end of the Periodg, the motion type can be concluded that it is the one whose the oc‐
currence frequency, or the value of the counter, within the motionFrequency-array is the high‐
est. With respect to the algorithm, these processes are performed within the first ifcondition. Upon finishing decision making of the motion type, the algorithm clears up the
motionFrequency-array to ready it for the next period.
The algorithm described so far can be used to make decision between the motion types in
the fast and slow transition groups. It, however, fails to distinguish between a jogging and a
fall. The failure comes from the fact that these two motion types have fairly similar segment
characteristics. These are confirmed by the codebooks (see Figure 3 in the region A, B and C)
which show us that codewords of these two motion types seem to be close neighbors of each
other. The algorithm is, therefore, incorporated with additional features to differentiate be‐
tween these two motion types. Let's observe the second if-condition in Algorithm 1. First of
all, the algorithm checks whether or not the segment under consideration is a falling edge
whose slope is negative. If it is, the algorithm further uses the codebook query result, seg‐
mentMotionType, once again to check whether or not the segment is in the type of fall. Both
testing results are used in combination with the current determination of the motion type
result obtained from the first section of the algorithm. If the determination of the motion
type result is of type jogging, it is likely that the segment under consideration is also of type
jogging. Otherwise, the segment of type fall is detected alone and it is likely that a true fall is
likely to occur under an additional condition that the endpoint of the segment, at, is less than
a threshold.
In the next section, the experimental results after applying the proposed algorithm to the
continuously captured motion data are presented.
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Figure 3. The codebook for a configuration of 5×7 codewords: (a) the original map, (b) - (f) the map projections on
the origin of a segment (ai), the endpoint of a segment (ai+1), the endpoint of the adjacent segment (ai+2), the slope of
a segment, and the length of a segment, respectively. It is noted that the parameter value of a codeword is represent‐
ed by a color whose value is shown on the right hand side bar.

Figure 4. A section of comparative acceleration waveforms of the fast and slow transition motion types
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5. Experimental Results and Discussions
During the course of our experimentations, the proposed algorithm was coded in Matlab
script and verified its correctness with two sets of real and continuously captured motion
data. The verification was performed on a personal computer. We avoided verifying the al‐
gorithm on a separate motion type waveform and reporting the false positive (FP) and fast
negative (FN) results. It is true that this approach is commonly used in the previous publica‐
tions. From our point of view, it makes more sense to perform verifications on the continu‐
ous motion data as it ensures that the proposed algorithm can be practically used. In
addition, the weakness of almost all proposed algorithms in this application domain is that
they do not point out clearly how to distinguish between fall and jogging or fast walk. They
only focus on finding the representative, average and standard deviation, threshold slope of
falls, from different people with different types of fall, in order to make a correct decision of
fall. Our verification approach, however, has a weakness as it lacks a standard motion data
to benchmark the proposed algorithm. This left us no choice apart from employing our cap‐
tured motion data. Followings are the details of our motion data sets.

Algorithm 1: A fall detection algorithm employing SOM and motion segments transition: Rising edge.
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• Set 1: 78 seconds of normal walk, 41 seconds of fast walk, 37.5 seconds of jogging and 12
repeated falls with 10 seconds duration between a consecutive pair of falls.
• Set 2: Normal walk, fast walk, jogging, normal walk, fast walk, jogging, normal walk, fast
walk, pause, fast walk, jogging and 10 repeated falls.
The experimental results with respect to these two sets of motion data are illustrated in Fig‐
ure 5. In the figure, the green waveforms are the captured motion data in the vector sum‐
med acceleration form. The red waveforms are the motion types determined by the
algorithm. The blue peaks are the positions of fall detected by the algorithm. The red wave‐
forms and the blue peaks are automatically inserted by the algorithm during operation. The
numbers labelled on the left bottom of the figures represent the motion type scale; i.e. the
first motion type detected by the algorithm in Figure 5(a) is ''1'' which is a normal walk. It is
noted that we avoid showing the motion type whose number is ''0'' (jogging) as it overlaps
with the x-axis.

Figure 5. Experimental results after applying the algorithm to two different data: the green waveforms are the cap‐
tured motion data, the red waveforms are the motion types and the blue peaks are the detected falls.

With respect to Figure 5, it can be seen that the algorithm, in conjunction with the configura‐
tion of codebook detailed in Section 3.3, is capable of detecting the changes in motion type.
It is capable of detecting all fall curves in both motion data sets. It, however, cannot correctly
handle the case of jogging. That is to say the algorithm reports the fast walk motion type
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instead of jogging. This is quite obvious in the middle of Figure 5(a) where the jogging mo‐
tion type is captured. The interesting point of the detection results is found after magnifying
the detected parts of fall curves as illustrated in Figure 6. Clearly, it can be seen that the al‐
gorithm is able to make decisions if falls occur almost one segment ahead of the first impact.
This is equivalent to approximately 133 mS with respect to the data sampling period used
during the data capturing stage. It is very useful from the point of view that there exists a
system to get a pre-impact alert signal and handle in the way to prevent severe impact. This
is an open question for our future research project.

Figure 6. Magnifying the detected fall curves to show that the algorithm can make decision before the first impact.

After verifying the proposed algorithm with different configurations of SOM map, we
found a configuration that gave rise to an acceptable correctness in term of motion classi‐
fication result. This configuration has 8×8 codewords and the data preparation procedure
differs from the previously described one in the way that it used only one, instead of three,
data from the motion type of fall on the floor with support of bed. Figure 7 shows the
classification results with respect to both motion data sets. The similarity between the
verification results with respect to both data sets is that the algorithm can no longer de‐
tect fall. From Figure 7(a), the algorithm is capable of detection even a short period of
normal walk with unusual waveforms which is the first peak of fast walk motion type.
The fluctuations between normal and fast walks just a moment before jogging are also
detected and correctly reported. In addition, the algorithm gives rise to a correct report
during jogging motion type. The results in Figure 7(b) further confirms the correctness.
The first two joggings are successfully detected. All motions ahead of the first jogging and
in between the first and second and the second and the third joggings are correctly recog‐
nized and reported.
At this point, we are trying to give an answer to the question why two configurations of
SOM map lead to different detection results. It can be said that the first configuration of
training data is designed with the aim to make the abruptly changes of segment, fall seg‐
ments - to be specific, detectable. In addition, the resulting SOM map must be capable of
providing the current motion type to the algorithm. Because the motion type of either jog‐
ging or fast walk is used to reject the misjudgment of fall type. This is in contrast to the sec‐
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ond configuration which is designed to distinguish among the continuous types of motion.
In the first configuration, we provide the SOM with the majority of data from multiple sets
of fall curves. This results in the SOM map whose majority of codewords are labelled with
fall type. On the other hand, the second configuration, the data set from fall motion type is
minority and makes the resulting map with only a small number of codewords whose label
are of fall type. At the same time, it increases the number of codewords whose label with
another motion type. When it comes to querying a segment, the possibility of matching a
segment to the codeword with fall type is therefore low.
Another explanation is that when the data from the motion type of fall on the floor with
support of bed is minority, it also reduces the number of fall curves within the data. This
comes from the fact that the data from the motion type of fall on the floor does not consist of
fall curves only. It also has some parts of standing, preceding all fall curves, and sit to stand
transition. The sit to stand transition could have similar segments to walking. This results in
lowering the number of codewords with fall type and increasing the chance of matching a
queried segment to other motion type.

6. The Implementation for Practical Usability
With the positive verification results of the proposed algorithm detailed in the previous sec‐
tion, we then move ahead to implement the algorithm on the suitable platform. The aim of
this implementation is to make it applicable in real life. We avoid employing a self-devel‐
oped embedded system as a platform of choice. The reasons are that it is fairly difficult to
design an embedded system with the least eye-catching, less power consumption, small size
and high processing power. We have found that a smartphone platform which has been
used during the data collection stage of our research is the most appropriate platform as de‐
tailed earlier. The algorithm is, therefore, integrated with some parts previously developed
which are the acceleration sensor interfacing and background mode sensor sampling. In the
prototype, the algorithm is partitioned into two parts: the background mode acceleration
sensor query process and the main user interface application with features to support train‐
ing and labeling stages and system setting. The background mode is programmed to execute
with a fixed interval of 100 mS. In reality, this is only the best case sampling period as the
operating system could be busy to service the process. However, it does not matter since the
algorithm is designed to tolerate for this limitation. Once the acceleration parameters has al‐
ready been sampled, the process dispatches the parameters to the main user interface appli‐
cation via an inter-process communication. This is done even the main user interface
application is forced to operate in the background mode. It is ensured that either the fall de‐
tection or motion classification can be performed.
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Figure 7. Experimental results after applying the algorithm to two different data: : the green waveforms are the cap‐
tured motion data, the red waveforms are the motion types. In this case, the codebook is prepared to make the algo‐
rithm correctly classify motion types.

Figure 8 shows the screen captures of the main user interface application. In a normal opera‐
tion mode, the screen of Figure 8(a) is displayed as a main user interface. The waveform
shown on the screen is the real-time vector summed acceleration waveform. The button on
the lower left is used to provide interaction with a user to change parameters setting (see
8(b)): a phone number to alert in case of fall and some parameters related to decision mak‐
ing of the algorithm. Figure 8(c) is an entry point to the training and labeling stages of the
algorithm. It is activated as a result of pressing the ''Train Mode''-button of the main user
interface screen (Figure 8(a)).
In the training mode screen, the ''Start Capturing''-button activates the application to enter
data capturing for training and labeling stages. The application captures all motion types in
order started from jogging and ended with fast walk with the capturing duration adjustable
in the parameters setup screen. The application makes use of the internal data for all fall mo‐
tion types without requiring a user to perform these risky motion types. When all motion
types have already been captured, the application uses its own SOM implementation func‐
tions to perform training and labeling stages. The resulting codebook along with the labels
can be visualized by use of a built-in feature of the application. Figure 8(d)-(f) shows the
screen captures of the sample codebook. The codebook is displayed upon pressing a ''Show
Map''-button. It is noted that the codebook is useful as it provides a feedback to an operator
in order to justify if the training and labeling stages result in a codebook with an acceptable
quality. From our testing, we have found that the self training and labeling stages can be
avoided and the default codebook can be used in most cases. The testing results for a bigger
group of users is now under investigation.
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Figure 8. Screen captures of the main user interface application on an Android smartphone.

7. Conclusions
In this chapter, the novel motion classification algorithm in the class of body attachment
sensor is proposed. A single triaxial acceleration sensor is employed by the algorithm with a
capability to tolerate for a variable sampling rate. In contrast to previously proposed algo‐
rithms in the similar category which rely on using threshold techniques, our algorithm Em‐
ploys the self organizing map neuron network to perform an adaptive motion types
clustering and classification functions. The motion data from a wearer is used to train the
SOM in order to cluster motion parameters in relation to motion type of the wearer. Later,
the motion type is obtained by querying the trained SOM given a motion segment on a realtime basis. With the success of classification of different motion types, we propose extending
the algorithm to perform fall detection. In this case, SOM is trained and labeled with a ma‐
jority of data from fall curves. As the characteristics of the fall curves is almost similar to
other motion types with rapid transition of acceleration, the motion type is employed to
support the differentiation between fall and other rapid transition motion types. It can be
summarized that the contributions of our research are twofolds. Firstly, the motion types
classification algorithm employing SOM is proposed and validated for its correctness with
respect to the continuous waveform of mixed motion types. Secondly, the motion types is
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successfully used to differentiate between fall and other motion types. The conducted ex‐
periments indicate that the algorithm gives rise to almost 100% of fall detection correctness
with almost zero false for activities of daily living (ADLs). Above all, the algorithm can
make decision if fall occurs one segment ahead of the first impact which is equivalent to ap‐
proximately 133 mS. It is very useful from The point of view that there exists a system to get
a pre-impact alert signal and handle immediately in the way to prevent severe impact. To
make it applicable, the algorithm is successfully implemented on the smartphone platform
based on an Android operating system.
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Using Self-Organizing Maps to Visualize, Filter and
Cluster Multidimensional Bio-Omics Data
Ji Zhang and Hai Fang
Additional information is available at the end of the chapter
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1. Introduction
In the face of ever-growing of biological data at the genome scale (denoted as omics data)
[1,2], investigators of virtually every aspect of biological research are shifting their attention
to massive information extracted from omics data. The ‘omics’ refers to a complete set of bi‐
omolecules, such as DNAs, RNAs, proteins and other molecular entities. Omics data are
produced by high-throughput technologies. At first, these technologies were known as
cDNA microarray [3] and oligonucleotide chips [4]. Then, they were diversely evolved into
ChIP-on-Chip [5] and ChIP-Sequencing [6,7], two-dimensional gel electrophoresis and mass
spectrometry [8] and high-throughput two-hybrid screening [9]. Recently, they are high‐
lighted by next-generation sequencing technologies such as DNA-seq [10] and RNA-seq
[11]. Because of these technological advances, biological information can be quantified in
parallel and on a genome scale, but at a much-reduced cost. Nearly, omics data cover every
aspect of biological information and thus secure the studies being carried out from a ge‐
nome-wise perspective. To name but a few examples, they can be used (i) to catalog the
whole genome within a living organism (genomics), (ii) to monitor the gene expression at
RNA level (transcriptomics) or at protein level (proteomics), (iii) to study the protein-pro‐
tein interactions (interactomics) and transcription factor-DNA binding patterns (regularo‐
mics), and (iv) to characterize DNA or histone modifications exerting on the chromosomes
(epigenomics). These multi-layer omics data not just constitute a global overview of molecu‐
lar constituents, but also provide an opportunity for studying biological mechanisms. In
contrast to conventional reductionism focusing on individual biomolecules, omics ap‐
proaches allow the study of emergent behaviors of biological systems. This conceptual ad‐
vance has led to the advent of systems biology [12], an interdisciplinary research field with
the ultimate goal of in silico modeling of biological systems.
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Figure 1. Reanalysis of three different sets of omics data by the reorganized CPPs. (A) Transcriptome evolution in
mammalian organs. Sammon mapping onto the first two components is displayed in the top panel. Each dot corre‐
sponds to one of 36 samples, color-encoded based on their organ origins for the better visualization. The reorganized
CPPs are shown in the bottom panel. Each component plane illustrates the sample-specific transcriptome map and is
placed within a two-dimensional rectangular lattice (framed in black). Within each component plane, genes with the
same or similar expression patterns are mapped to the same or nearby map nodes. When zooming out to look at be‐
tween-planes/samples relationships, samples with the similar expression profiles are placed closer to each other. The
title above each plane is texted in abbreviation and marked in color. The meanings of these abbreviations and colors
are described in the middle panel. (B) Regularome of multiple transcription factors in embryonic stem cells. The reor‐
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ganized CPPs not only display regularome of each of 14 transcription factors, but also reveal their relationships by
geometric closeness within the two-dimensional rectangular lattice. (C) Transcriptome profiling in cancer classifica‐
tion. The transcriptome similarities and distinctions among 38 leukemia samples are visualized by the reorganized
CPPs. The dotted lines are used to intuitively indicate the boundary between the AML-ALL separation, and within the
ALL, the boundary between its two subtypes (i.e., the ALL_B and ALL_T). Since each sample class occupies distinctive
regions within the two-dimensional rectangular lattice, the sample labels are texted uniformly as indicated. AML:
acute myeloid leukemia; ALL: acute lymphoblastic leukemia; ALL_B: B-cell ALL; ALL_T: T-cell ALL.

Today, all areas of biological science are confronted with ever-increasing amounts of omics
data whereas interpretations of the data appear to lag far behind the rate of data accumula‐
tion [13]. It is largely due to a lack of understanding the complexity of the data, and is also
partially explained by algorithms being applied inappropriately. For example, transcrip‐
tome data are tabulated as gene expression matrix, measuring expression levels of genes
against experimental samples. Two factors limit the power of many conventional multivari‐
ate statistical methods. First, gene expression matrix contains data with low signal-to-noise
ratio and missing values as well. Second, such matrix usually involves tens of thousands of
genes but a much smaller number of samples, known as ‘small sample sizes relative to huge
gene volumes’. To overcome the limitations of conventional algorithms, bringing human in‐
telligence into the data processing represents a crucial factor for the discovery of bona fide
relationships between genes or samples, in which visual control is indispensible. Interesting‐
ly, early pioneered efforts on transcriptome data mining were primarily focused on data or‐
ganization and visualization [14,15].
Visual inspection represents a crucial aspect in omics data mining, providing many poten‐
tial benefits. However, such potential benefits are largely limited by using conventional al‐
gorithms such as hierarchical and K-mean clustering. Instead, we use the vector space
model to conceptually express omics data. This model allows biological molecules (e.g.,
genes) to be automatically organized into data clouds in the virtual reality environment
based on their numerical values across all samples tested. Take transcriptome data as an ex‐
ample, wherein each gene activity pattern (e.g., gene expression pattern) across N related
samples could be referred to as a data point in an N-dimensional hyperspace. Tens of thou‐
sands of such data points would therefore form data clouds in the space. Accordingly, the
methods used for the gene clustering or the projection/visualization of output results should
respect the ‘natural’ structure of input expression matrix, that is, to preserve the shape and
density (collectively called ‘topological structure’) of the data. Notably, the more similar ac‐
tivity the genes exhibit, the closer geometric space they occupy. Exploring geometric rela‐
tionships in a topology-preserving manner provides a natural basis for discovering
biologically meaningful knowledge. Such topological preservation is of particular signifi‐
cance at the exploratory phase of omics data mining since a priori knowledge of the data
structure is usually unknown.
The self-organizing map (SOM), as a learning algorithm [16], appears to be suitable for top‐
ology-preserving analysis of multi-dimensional data. In an interactive manner, the SOM
summarizes the input data by vector quantization (VQ) and simultaneously carries out
topological preserving projection by vector projection (VP). More importantly, optimization
of neighborhood kernels may control the extent to which the VP influences the VQ. For the
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sake of human-centric visualization, this algorithm usually produces a regular two-dimen‐
sional hexagonal grid of map nodes. Each map node is associated with a prototype vector in
the high-dimensional space, collectively forming the codebook matrix. In terms of gene ac‐
tivity matrix (such as gene expression matrix) as input, the SOM produces a map, wherein
(i) genes with the same or similar activity patterns (i.e., gene activity vectors) are mapped to
the same or nearby map nodes, (ii) the density of genes mapped to this two-dimensional
map follows the data density in the high-dimensional space. When all map nodes are colorencoded according to values in each component of prototype vectors, the resulting compo‐
nent map (or called ‘component plane’ due to a regular shape of the map [17]) can be used
as a sample-specific presentation of gene activities. Based on this scheme, we have applied a
method of component plane presentations (CPPs) to visualize microarray data analysis [18].
In essence, the CPPs take advantage of the visual benefits of the ordered SOM map to illus‐
trate the codebook matrix in a sample-specific fashion.
In addition, we here aim to formally introduce a SOM-centric analytical pipeline, an exten‐
sion to our previously proposed approaches [19], for in-depth mining of biological informa‐
tion. At the core is the plasticity of SOM neighborhood kernels in preserving local versus
global topology of the input data to a varied degree. The remainder of this chapter is organ‐
ized as follows. First, we will introduce the reorganized CPPs, originally called ‘compo‐
nent plane reorganization’ for correlation hunting [20], and illustrate the visual benefits in
characterizing omics data of various types. Then, we will give a timeline review of the SOM
in the context of its past applications in omics data. After that, we will focus on our pro‐
posed pipeline. Through a representative real-world case of transcriptome changes during
early human organogenesis, we will provide a tutorial overview of how this pipeline can
be used for the simultaneous visualizations of genes and samples, topology-preserving gene
selection and clustering, and the temporal expression-active sub-network detection. Final‐
ly, we will conclude this chapter along with the future directions of the pipeline for the
further developments.

2. The reorganized CPPs and the potential benefits for visualizing omics
data of various types
As demonstrated in many applications [21-28], the CPPs enable straightforward and wide‐
spread use. They allow users to interpret omics data in a sample-specific fashion but with‐
out loss of information on tens of thousands of genes (still visible but being clustered and
orderly organized). Very often users tend to mistake CPPs as microarray chips. It suggests
the importance of sample-specific visualization of omics data from the biologists’ point of
view. Instead of the correction, we can further interpret the CPPs as a related set of microar‐
ray chips, in which probes (representing genes to be measured) are artificially reconfigured
according to their patterns. Such metaphor might increase the circulation of the CPPs and
thus the SOM within the omics community. Another way for increasing the circulation is to
further improve the CPPs by adding new functionalities.
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Since the SOM algorithm is robust to the missing data and rare outliers, the codebook matrix
is not just an approximation to the input matrix, but can be more useful than previously
thought. For instance, the codebook matrix can be further used to explore relationships be‐
tween samples. It is an equivalent of reorganizing component planes by placing similar
component planes closer to each other. Such reorganization can be realized by using a new
SOM map (usually a rectangular lattice on a two-dimensional map) to train component
plane vectors (i.e., column-wide vectors of output codebook matrix). To ensure the unique
placement, each component plane mapped to this rectangular lattice can be determined in
an order from the best matched to the next compromised one. Comparing to the ordinary
ones, the CPPs being reorganized in such a way are rich in the information revealed; genes
and samples can be simultaneously visualized in a single display. The organized CPPs are
easier to interpret, especially when the number of samples (i.e., component planes) is rela‐
tively large and the relationships between samples are unclear. To give a sense of such visu‐
al benefits, we provide three examples involving omics data generated by different highthroughput technologies (Figure 1).

2.1. Transcriptome evolution in mammalian organs
Comparative study of different organs or of different species can be a useful approach for
the insights into transcriptome features underlying phenotypic changes [29]. To demon‐
strate the power of our analysis tools in this regard, we first selected a recently published
dataset comprising 13,277 one-to-one orthologous genes across six primates, each with six
organs [30]. The data were generated by the RNA-seq technology, and expression levels
were quantified by reads per kilobase of exon model per million mapped reads (RPKM).
These reads were normalized across species/tissues on the basis of rank-conserved genes,
followed by logarithm transformation. The higher the normalized and transformed RPKM
indicates the higher expression levels. We projected samples onto two-dimensional space by
Sammon mapping [31]. As showed in the top panel of Figure 1A, samples are grouped to‐
gether according to the tissue origins except for the neural tissues (i.e. brain and cerebel‐
lum), which is slightly better than the originally published results using principle
component analysis. When the reorganized CPPs were used instead, more informative rela‐
tionships were revealed just by visual inspection (the bottom panel of Figure 1A). First, each
component plane provides a sample-specific transcriptome map (rather than a dot). Second,
samples are better separated even for the neural tissues. Last but not the least, there is much
room left to label the samples; the species origins can be titled/colored above each plane. To
conclude, the reorganized CPPs permit the direct comparisons of cross-species transcrip‐
tome evolution within the same tissue and cross-tissue trancriptome changes within the
same species as well.
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2.2. Regularome of multiple transcription factors in embryonic stem cells
Characterizing transcription factor (TF) binding sits from a genome-wise scale is the key to
the understanding of pluripotency and reprogramming [32]. Also, such an approach has
been widely used in various biological investigations. To further illustrate the visual benefits
of using the SOM and the reorganized CPPs, we chose a second dataset generated by the
ChIP-seq technology, which contained binding sites of 14 TFs at the promoter regions of
17,442 genes in mouse [33]. TF-gene association scores were calculated to estimate the
strength of binding, with higher scores implying higher chance of a gene (in rows) being tar‐
geted by a TF (in columns). As shown in Figure 1B, the visual inspection of the reorganized
CPPs suggests several features associated with this multiple TF regularome dataset: (i) bind‐
ing profiles of five TFs (i.e., Nanog, Sox2, Oct4, Smad1 and STAT3) are similar both in the
number and strength of target genes, being exclusively located into the bottom-right corner;
(ii) another four TFs (i.e., n-Myc, c-Myc, Klf4 and Zfx) share much more common binding
profiles than the rest, and are placed together; (iii) when examining regularome of two TFs
(i.e., E2f1 and Suz12), their component planes are far apart, which is consistent with the ob‐
servation that their binding profiles are mutually exclusive. Unlike the original publication,
the reorganized CPPs spotlight these prominent features under a single informative display.

2.3. Transcriptome profiling in cancer classification
Cancer classification based on transcriptome profiling is one of the most popular applica‐
tions [34]. For this regard, we chose a third dataset generated by oligonucleotide chip, con‐
sisting of 5,000 genes expressed at 38 leukemia samples [35]. These samples include 11 acute
myeloid leukemia (AML) and 27 acute lymphoblastic leukemia (ALL) that can be further
sub-typed into 19 B-cell ALL (ALL_B) and 8 T-cell ALL (ALL_T). This dataset is typically
used as classification benchmark to evaluate the performance of the methods being tested.
Here we used it for the reorganized CPPs to visualize three known classes and their boun‐
daries. Figure 1C intuitively displays the AML-ALL distinction, each occupying its own
landscape (AML on the right and ALL at the left). Within the ALL-occupied landscape, the
partition between ALL-B and ALL-T can also be observed despite the fact that this bench‐
mark dataset contains sample outliers (probably due to incorrect diagnosis of ALL samples).
Since the cancer is a highly heterogeneous population with ambiguous boundary for the
subpopulations/subtypes, the information provided by visualized data both in genes and
samples is fairly important for the cancer classification and the identification of subtype-spe‐
cific molecular signatures as well.

3. Timeline of the SOM-based applications in omics data mining
The SOM, originally proposed by Kohonen [36], is a special instance of artificial neural net‐
works (ANNs) as an competitive learning algorithm inspired by the cortex of human brain.
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Unlike other ANNs, a unique feature of SOM is that it can use neighborhood kernels to pre‐
serve and also control the topological structure of high-dimensional input data [16]. For this
reason, the SOM has become a valuable tool and primary choice for visualizing and charac‐
terizing a relatively massive amount of data. Announced by Kohonen in the WSOM 2011
conference, there are already over 10,000 scientific papers published using SOM. The major
contributions to this huge publication list come from its broad applications in engineering,
economics and biomedicine [37,38].
Literature surveys of the bibliography suggest the existence of three periods, which can be
used to summarize the past developments and applications of the SOM in multidimensional
omics data. Namely, they are the opening, maturing, and turning periods along the timeline
ahead. The opening period last from the year 1999 to 2001, in which the SOM was widely
introduced into the field of genomics research. It attracted a great deal of interest by its su‐
periority. Compared to other existing methods such as hierarchical clustering [14] at that
time, it was scalable to large datasets, and was robust to noise and outliers. Also, two factors
could explain the sudden popularity. At very end of the last century, there was a great need
to develop effective tools for the extraction of the inherent biological information from ex‐
plosive gene expression data. Another factor is that, although mathematically hard to under‐
stand, the computational implementation of the SOM algorithm was just available for the
practical use, together with user-friendly documentations regarding data pre-processing,
training and post-processing [17,39-41]. The following years (2002-2004) could be considered
as the maturing period. During this period, biologists realized that it could be misleading
without knowing the context of omics data. Accordingly, special attentions were given to
visual potentials of the SOM when analyzing omics data. Also, numerous attempts were
made to solve the problems associated with the algorithm itself, such as the requirements of
pre-defined cluster numbers and the doubts on stability of clusters obtained. From the year
2005 on, the fewer advances have been achieved in gene expression data applications, al‐
though several combinations with other methods have also been reported. It can be ex‐
plained by the shift from emphasis on the numeric gene expression data to the nonnumeric
sequenced genomic data. This shift discourages the direct application of the SOM, and sev‐
eral variants of the SOM were instead tried. For these reasons, we call the third as the turn‐
ing period. In the rest of this section, we will give a fair review of these three periods by
focusing on successful applications and innovative improvements in the context of omics
data mining.

3.1. Opening period by emerging gene expression data analysis
The SOM was first applied to interpret gene expression data of hematopoietic differentiation
[15]. In the same year, several applications in other biological systems were also reported.
These included the use of the SOM to analyze and visualize yeast gene expression data dur‐
ing diauxic shift [42], to process the developmental gene expression data during metamor‐
phosis in Drosophila [43], and to discover and predict cancer classes based on gene
expression data [35]. Thereafter, the exploratory nature of the SOM for the use was exploited
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in the context of gene expression data analysis [44,45]. In addition to expression data, the
SOM was also proved as a powerful tool to characterize horizontally transferred genes by
looking at the codon usage patterns of bacterial genomic data [46,47].

3.2. Maturing period for algorithm optimizations and improvements
Visual advantages of the SOM were systematically demonstrated in revealing relationships
among genes of known functional classes [48], classifying tissues of different origins [49]
and tumor origins [50], and both [51]. In particular, component plane-based visualizations
were much appreciated [18,51-53]. As illustrated in the previous section, our experience of
using reordered CPPs started with microarray data analysis. Such sample-specific presenta‐
tions are intuitive to biologists, because it is straightforward to interpret biological signifi‐
cances of genes (being clustered) with respect to each sample [18]. Another major
improvement during this period was the development of SOM variants, as highlighted by
adaptive double SOM [54] and hierarchical dynamic SOM [55], to address the issue of how
to identify unknown/consistent cluster number. The adaptive double SOM adapts its free
parameters during the training process to find consistent cluster number, while hierarchical
dynamic SOM uses growing SOM to hierarchically improve the clustering process. To ac‐
count for the random initial conditions and to assess clustering stability, a generic strategy
called resampling-based consensus clustering was also proposed to represent the consensus
over multiple runs of the SOM algorithm with random restart [56]. Unfortunately, perform‐
ance evaluations showed that consensus clustering for the SOM produced slightly worse re‐
sults than that for the hierarchical clustering, and both were overtaken by another method
based on nonnegative matrix factorization [57]. Using the SOM for the biological sequence
analysis were also attempted, including the nonvectorial SOM algorithm for the clustering
and visualization of a large protein sequences [58], the partitioning of similar protein se‐
quences for the subsequent conserved local motif prediction [59], hidden genome signature
visualization [60] and gene prediction [61].

3.3. Turning period with the emphasis on the nonnumeric data and the combination of
the SOM with other methods
One of active attempts to analyze the DNA sequences was TF binding site identification
[62] and sequence motif discovery [63], both using sequence motif representations as in‐
put vectors. Such DNA motif identifications were recently improved by using a heteroge‐
neous node model [64]. Several variants of the SOM were reported to analyze microbial
metagenomes for clustering and visualizing taxonomic groups. With the DNA oligonucleo‐
tide frequencies as input, emergent SOM was used for the increase in the projection reso‐
lution [65,66], growing SOM was used for speed improvements [67,68], and the main
parameters of the SOM were studied for the accuracy [69]. Using other representations of
genomic sequences was also reported in the hyperbolic SOM [70]. TaxSOM implement‐
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ing the growing SOM and batch-learning SOM [71,72] was recently made available for the
ease of use [73]. In terms of gene expression data, combinations with other methods were
actively studied. The SOM was used as a data-filtering to improve classification perform‐
ance of the support vector machine [74]. Multi-level SOM of SOM was proposed to deter‐
mine the cluster number [75]. Minimum spanning tree and ensemble resampling were also
employed to post-process the SOM for automatic clustering [76]. The combination of the
SOM and the singular value decomposition (SVD) was suggested by us for topology-pre‐
serving gene selection [19].

4. A SOM-centric pipeline and its tutorial for the in-depth mining of
transcriptome changes during early human organogenesis
The aforementioned three examples clearly show that the SOM with the reorganized CPPs
enables straightforward and widespread use in a variety of omics data. From previous ap‐
plications, a lesson can be learned that the popularity of the SOM during the opening period
is not merely driven by the explosive gene expression data, but is also attributable to the
availability of algorithm implementation and tutorial documentations. Accordingly, we at‐
tempt to develop a SOM-centric pipeline for maximizing its beneficial potentials in visualiz‐
ing, selecting and clustering multidimensional omics data. Briefly, the implementation of
pipeline starts with the preparation of data, in the form of gene activity matrix, to record bi‐
ological activities of a large number of genes (rows) against related samples (columns). It is
always advisable to pre-process raw data, such as normalization by rows and/or columns,
and logarithmic transformation to approximate normal distribution. After that, it is highly
recommended to simultaneously visualize genes and samples by the reorganized CPPs;
these dual visualizations aim to effectively characterize data structure and to visually moni‐
tor data quality. Hybrid SOM-SVD is applied for topology-preserving gene selection, while
the distance matrix-based clustering of the SOM (a special type of a SOM-based two-phase
gene clustering) is used for topology-preserving gene clustering. The obtained genes clus‐
ters can facilitate many aspects of biological interpretations by applying enrichment analysis
to examine whether clustered genes share functional, regulatory, or phenotypic characteris‐
tics. Also, the dominant patterns revealed by SOM-SVD can facilitate the graph mining tools
for detecting temporal expression-active subnetworks. To demonstrate these multifaceted
functionalities of this SOM-centric pipeline, we provide a tutorial overview of in-depth min‐
ing transcriptome changes during early human organogenesis, together with the necessary
details of the underlying algorithms and the biological explanations.
Prior to the tutorial, it is necessary to clarify the technical issues with respect to the SOM
used here. In terms of the SOM topology, the map size is heuristically determined based on
the input training data, as suggested by the MATLAB SOM toolbox [77]. During the SOM
training, the map is linearly initialized along two greatest eigenvectors of the input data.
Then, map nodes compete to win the input data, followed by updating the winner node and
its topological neighbors. This iterative training is implemented using the batch algorithm
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and contains two phases: rough phase and fine-tuning phase. To increase the reproducibility
of the trained map, we purposely prolong the fine-turning phase until the successive finetunings reach a steady state; the quality of the SOM map (i.e., average quantization error
and topographic error) does not change any more. Among various parameters associated
with the SOM training, the neighborhood kernel is the most important one because it dic‐
tates the final topology of the trained map. In addition to the commonly used Gaussian
function (see Equation 1), others, such as Epanechikov function (see Equation 2), Gut-gaussi‐
an function and Bubble function, can also be chosen depending on the tasks [77]. From the
mathematical definitions as well as the practical comparisons using the same test of data, we
have observed that Epanechikov neighborhood kernel puts more emphasis on local topolog‐
ical relationships than the other threes, suitable for the use in gene selection. On the other
extreme, the Gaussian neighborhood kernel preserves global topology relationships to the
most extent, and thus is ideal for the use in global gene clustering and visualization. As
demonstrated below, the dual strengths of the SOM in preserving both local and global
topological properties (via choosing different neighborhood kernels) can optimize the data
processing from multi-aspects.
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r i are respectively the location vectors of the winner node c and a node i on the two-dimen‐

sional SOM map grid.

4.1. Simultaneous visualizations of genes and samples
In our previous work [27], we have analyzed transcriptome data during early human orga‐
nogenesis (hORG), which involves human embryos at six consecutive stages (Carnegie
stages 9-14, S9-S14) with three replicates for each. Here, we use it for pipeline tutorials and
for demonstrations on further improvements. After normalization and pre-filtering, the
gene expression matrix contains expression values of 5,441 genes (in rows) × 18 samples (in
columns; six developmental stages S9-S14 in triplicate R1-R3 for each) (available at the sup‐
plemental Table 1 in the original publication [27]). To account for variance stabilization and
to focus on the relative expression across the samples, we further pre-process this matrix by
base-2 logarithm transformation and the row-wise centering. From the hORG matrix, the
gene expression vectors are input for the SOM training with the Epanechikov neighborhood
kernel and the grid of 360 (30 × 12) hexagonal nodes. Each column of SOM codebook matrix
corresponds to one component plane. The column-wise component plane vectors are then
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used to train a new SOM with the Gaussian neighborhood kernel (see [2]) and the grid of 40
(5 × 8) rectangular nodes. The placement of a component plane is determined in a sequential
rank from the best-matching node (BMN) to the second BMN and so on (using Pearson cor‐
relation coefficients as the similarity metric). The above process repeats until all the compo‐
nent planes find the non-overlapping location in the rectangular lattice. As shown in Figure
2B, the reorganized CPPs enhance the visual convenience by placing component planes in a
biologically meaningful manner. The relative geometric distance intuitively illustrates the
correlations within the three replicates and across the six developmental stages. Remarka‐
bly, such simultaneous visualizations of genes and samples reveal developmental trajectory
in the transcriptome landscape of early human organogenesis.

Figure 2. A tutorial on the simultaneous visualizations of genes and samples by the reorganized CPPs, and topologypreserving gene selection through the SOM-SVD. (A) The reorganized CPPs of transcriptome changes during early hu‐
man organogenesis. Each component plane illustrates a sample-specific transcriptome map. Sample similarities and
differences are also illustrated by the extent to which component planes are geometrically related to each other. Ow‐
ing to simultaneous visualizations of genes and samples, the dotted line can be intuitively drawn to denote the devel‐
opmental trajectory. (B) Decomposition of the SOM codebook matrix by SVD. This codebook matrix is linearly
decomposed into three matrices of U, S and VT. Values of eigensamples (columns of U), eigenexpressions (on-diagonal
entries of S) and eigenvectors (rows of VT) are color-encoded as indicated by bar underneath. (C) SOM node selection
by false discovery rate (FDR) to account for multiple hypothesis tests. Bars on the left illustrate the relative contribution
(in relative to the overall variation) of observed eigenvectors (filled in black) and randomized eigenvectors (filled in
gray) from a randomization. The dominant eigenvectors are selected if their observed relative expression is larger than
the maximum of random relative eigenexpression (as indicated by the vertical dotted line). On the right displays the
SOM grid map with nodes being selected (in heavy gray) or not (in white) under the threshold of FDR as indicated.

4.2. Topology-preserving gene selection
In our recent work [19], we have developed hybrid SOM-SVD for topology-preserving selec‐
tion of genes that show statistically significant changes in expression. Unlike conventional
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arbitrary or manual gene selection procedures, this approach permits the entire gene selec‐
tion process to be realized automatically and on the basis of statistical inference. Through
comparisons with other methods, this approach has demonstrated to be more effective in se‐
lecting cell cycle genes with a characteristic period. Also, the gene selection by hybrid SOMSVD can facilitate the downstream clustering analysis, as direct application of the clustering
method on unselected data may distort the topology of global clustering [19].

Figure 3. A tutorial on topology-preserving gene clustering by the distance matrix-based clustering of the SOM. (A)
The CPPs of the SOM outputs using the input of the gene expression matrix selected by SOM-SVD. (B) Ideogram illus‐
tration of six gene clusters on a SOM grid map. The cluster index is marked in the seed node. From each seed node,
the corresponding cluster is obtained through a region growing procedure. (C) Bar-graph display of SOM outputs in
seed nodes. (D) Significant functional, regulatory and phenotypic features associated with gene clusters.

The hORG tabulated gene expression matrix (5,441 genes × 18 samples) is first subjected to
non-linear transformation using the SOM algorithm with the Epanechikov neighbourhood
kernel and the grid of 360 (30 × 12) hexagonal nodes. The resultant codebook matrix (i.e., 360
nodes in rows × 18 samples in columns) serves as an intermediate format for pattern recog‐
nition by SVD (Figure 2B). It is sequentially followed by two dominant eigenvector selec‐
tion, SVD subspace projection and distance statistic construction, significant node
assessment using the false discovery rate (FDR) procedure for multiple hypothesis tests, and
finally the selection of significant nodes and their genes as defined by the BMN (Figure 2C).
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A total of 2,148 genes are selected under an FDR cutoff of 0.1. The selected gene expression
matrix (2,148 genes × 18 samples) forms the characteristic matrix, which can be used for fur‐
ther clustering analysis. Notably, the motivations behind the combination of the SOM with
the SVD are: (i) the separation of features and artifacts by the SOM training with the Epane‐
chikov neighbourhood kernel, (ii) the pattern recognition of features and artifacts by SVD
decomposition, and (iii) the statistical selection of features by the FDR.

4.3. Topology-preserving gene clustering
Gene clustering in a topology-preserving manner is implemented using a SOM-based twophase clustering algorithm that takes into account SOM neighborhoods. In the first phase,
the gene expression vectors (preferably from gene expression matrix selected by SOM-SVD)
are trained by SOM with the Gaussian neighbourhood kernel to better preserve the topology
of the data. In the second phase, the resultant SOM map is divided into a set of clusters us‐
ing a region growing procedure. By calculating the SOM distance matrix from U-matrix (i.e.,
distances between each map node and its neighbors) [78], this procedure starts with local
minima of distance matrix as seeds, followed by the assignment of the remaining nodes to
their corresponding clusters [79]. Like other hierarchical agglomerative or k-means partitive
algorithms used at the second phase [40], this distance matrix-based algorithm can reduce
the complexity of the clustering task from tens of thousands of genes to the hundreds of no‐
des in the SOM map. Unlike others, this distance matrix-based clustering of the SOM ena‐
bles more reliable estimates of gene clusters in a topology-preserving manner. In our
previous work [19], we have shown that, for the same data as input, using k-means cluster‐
ing at the second phase could not result in topology-preserving gene clusters. Also, we have
demonstrated the preferential use of the SOM-SVD gene selection ahead of the topologypreserving gene clustering. Otherwise, it would distort the topology of global clustering
when directly applying on the unselected data.
Therefore, the gene expression matrix of 2,148 genes × 18 samples, as selected by the SOMSVD, is used as input for the SOM-based two-phase gene clustering. Specifically, the input
data is first trained using the SOM with 220 (22 × 10) nodes and Gaussian neighborhood ker‐
nel, and the SOM codebook matrix is displayed by CPPs in Figure 3A. The trained map is
then divided using the region growing procedure. As showed in Figure 3B, the map nodes
at the second phase of the gene clustering are continuously organized into six clusters ac‐
cording to neighborhood relationships and without any pre-knowledge of data structure.
Since the seed nodes are identified as local minima (i.e., cluster centres), the pattern seen in a
seed node can be viewed as the average expression pattern of genes mapped to that seed.
More loosely, it can also be approximated as the overall pattern in the gene cluster obtained
from the seed. As show in Figure 3C, seeds in clusters 1-4 display gradually decreasing ex‐
pression patterns, while those for clusters 5-6 have gradual increasing pattern in expression.
More importantly, gene clusters facilitate the downstream biological interpretations based
on the paradigm of ‘coexpression-cofunction-coregulation’. Such interpretations are coupled
with external biological annotations such as Gene Ontology (GO) [80], conserved TF binding

193

194

Applications ofand
Self-Organizing
Developments
ApplicationsMaps
of Self-Organizing Maps

sites (in the form of positional weighted matrix) from the UCSC Genome Browser database
[81] and mammalian phenotype ontology [82]. Using these diverse annotations, enrichment
analysis is conducted to identify functional, regulatory and phenotypic features that are
shared by genes being clustered together. Figure 4D lists shared features associated with
each gene cluster. Genes in clusters 1-3 are functionally related to cellular metabolism and
homeostasis, are possibly regulated by survival-related transcription factors, and are largely
linked to embryonic lethality and abnormal embryogenesis. By contrast, genes in cluster 5-6
are functionally involved in the establishment of organ morphogenesis, are regulated by or‐
ganogenesis-specific TFs, and are primarily linked to postnatal lethality and diverse organ/
system defects.

Figure 4. A tutorial on temporal expression-active subnetwork detection by jActiveModules. The Cytoscape plug-in
jActiveModules, as a subgraph-searching tool, requires the input of both a user-predefined network being searched
against and a gene-specific metric to measure the significance of expression change (top-right corner). For the net‐
work to be input, the existing protein physical interaction databases such as BIND, DIP, IntAct, HPRD, Reactome can be
compiled together, which can be further complemented by the functional interactions from the database like STRING
to improve the network coverage. For the temporal change measure, the dominant eigenvectors identified by SOM-
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SVD analysis can be used (top-left corner). As suggested here, it consists of three steps, including gene projection onto
the subspace spanning dominant eigenvectors, distance statistic construction, significant gene assessment through
multiple hypothesis tests for FDR calculation. The gene-specific FDR is then used as the significance of expression
change. With both data as input, jActiveModules uses the simulated annealing to detect expression-active subnet‐
works containing genes with expression patterns highly similar to dominant eigenvectors as identified by SOM-SVD
analysis. The middle-right panel displays the detected temporal expression-active subnetwork, the layout of which is
reconfigured according to subcellular localization. By overlaying gene expression data from each of 18 samples (i.e.,
three replicates R1-R3 in rows × six stages S9-S14 in columns) onto the subnetwork, each plane (such as S13_R2 as
highlighted in dot lines) illustrates sample-specific subnetwork with genes/nodes color-encoded based on their ex‐
pression values as indicated underneath (bottom panel). Similar to the CPPs, such plane visualization permits the mon‐
itoring of the subnetwork expression changes, indicative of this subnetwork activity being dynamically changed
during early human organogenesis.

4.4. Temporal expression-active subnetwork detection
A temporal expression-active subnetwork is the connected region of an interactome/
network, constrained by that this subnetwork should contain genes that show significant
changes in expression over a biological process. Such active subnetworks can bring the val‐
ue of omics data into the higher level. Biologically, genes do not act alone but are intercon‐
nected into cohesive networks. Methodologically, the integration of two or more sources of
omics data can increase the chance of identifying biologically meaningful knowledge than
either data source. Temporal expression-active subnetworks can be viewed as the integra‐
tion of the context-independent interactome (static, unionizing all possible interactions) and
the context-specific transcriptome (dynamic, involving only genes being expressed under
the conditions). The Cytoscape plug-in jActiveModules [83] is one of algorithms that have
been successfully used for identifying expression-active subnetworks. In addition to a userpredefined network, it also requires the input of a gene-specific metric to measure the signif‐
icance of expression change. This method is effective for the transcriptome data obtained
from the ‘case-control’ experimental design because the significance of expression change
can be evaluated by testing the differences. In a time-series setting, however, this method
can be problematic. Although any two-successive expression change can result in the corre‐
sponding expression-active subnetworks, these subnetworks may not overlap at all and ig‐
nore the temporal dependency. It is appealing to identify subnetworks that are cohesively
active across the whole time series. For the use of jActiveModules in this purpose, we pro‐
pose to calculate a gene-specific FDR as a measure of significance in temporal expression.
The basic idea is to weigh genes according to their similarity with dominant eigenvectors (as
identified by SOM-SVD). Similar to the calibration strategy, genes with expression pattern
similar to the dominant eigenvector expression are up-weighed; otherwise down-weighed.
Schematic flowchart in Figure 4 illustrates a temporal expression-active subnetwork during
early human organogenesis. Brief explanations can be found in the legend. Here, we only
detail the steps of how to calculate the gene-specific FDR from gene expression matrix (de‐
noted as M with G genes × N samples) and the L dominant eigenvectors (e.g., the first 2
→
dominant eigenvectors identified by SOM-SVD analysis in Figure 2). Let x be gene expres‐
sion vector, and ℜ L be SVD subspace spanning by the L dominant eigenvectors. We project
→
→
x ontoℜ L , obtaining projection vectorq ∈ ℜ L . Inℜ L , we compute the Euclidian distance
→
(distance statistic, DS) of projection vector q away from the coordinate-wise zero point. The
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DS measures similarity between gene expression and the dominant eigenvector expression,
with the larger value indicating the higher similarity. When comparing multiple hypothesis
tests simultaneously, we assess statistical significance of gene-specific DS by a method of
FDR, described as follows. For the matrix M, we first use the above procedure to obtain a list
of DS, being ranked asDSr 1 ≤ DSr 2 ≤ ⋯ ≤ DSrG . Then, obtain b = 1, …, B randomized matrix M

, which is generated by randomly permuting matrix M in both row and column directions.
→
Analogously, compute projection values of randomized gene expression vector x b on the
chosen L dominant eigenvectors to obtain projection vector and calculate the distance statis‐
b

b
tic DS b, and rank the distances:DSrb1 ≤ DSrb2 ≤ ⋯ ≤ DSrG
. Finally, assess statistical significance

in terms of FDR for each gene. For the ri th gene as ordered, compute the number of genes
called significant (rG – ri + 1), and the median number of genes falsely called significant by
calculating the median number of genes among each of the B sets of reference data, whose
DSrjbsatisfy:DSrjb ≥ DSri , j = 1, …, G. Thus, FDR for the ri

th

ordered gene is quantized as the

median number of falsely called genes divided by the number of genes called significant.

5. Conclusion
A great number of advances in the SOM have been made during the past decades. The ap‐
plications in the omics data mining are largely driven by the persuasive gene expression da‐
ta, as well as by the availability of the user-friendly tools. The ongoing applications are to
analyze the nonnumeric genomic sequenced data, probably combined with other existing
methods. In principle, the same SOM procedures could also be applied to the nonnumeric
sequenced data, if these sequenced data could be numerically transformed in an appropriate
way (such as regularome data illustrated in Figure 1B). We envisage that these massive
omics data, whether be quantified numerically or not, offer an unprecedented opportunity
for the next-wave applications of the SOM. It requires the better appreciation of its dual
strengths in preserving both local and global topological properties through adjusting
neighborhood functions. To guide towards this direction, we have extended our previous
approach into a SOM-centric pipeline, and through a real-world transcriptome data, have
demonstrated its practical usefulness in achieving multifaceted functionalities. Below, we
discuss future directions for further improvements.
Owing to the advantage in simultaneously displaying genes and samples, the reorganized
CPPs have been demonstrated powerful for use in a variety of omics data (Figure 1). As an
improvement to the ordinary CPPs, geometric location within a rectangular lattice has been
utilized to reveal natural relationships between samples. At the current state, the ambiguous
boundary is identified by visual inspection (Figure 1C). In the future, an automatic proce‐
dure is needed to avoid any subjective intervention from human. Another issue regarding
the reorganized CPPs is limited space left for displaying component planes, especially when
hundreds of samples are involved. One of the possible solutions is to use the tree-like struc‐
ture [84]. The tree-structured is a natural way to link together component planes that have
been clustered into different groups. Each node of the tree is a set of component planes vi‐
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sualized by the reorganized CPPs. Further efforts in this direction can increase the value of
the reorganized CPPs in transcriptome profiling-based cancer classifications.
Another promising direction is to improve the stability of the gene clusters obtained by
SOM-based two-phase clustering algorithm. The obtained clusters not only depend on ran‐
dom variations in the data, which has been reduced through the SOM-SVD gene selection
(Figure 2), but also the stochastic nature of the SOM algorithm. As a result, distance matrix
from U-matrix would differ from multiple runs, which will affect the determination of the
seed nodes (i.e., local minima of distance matrix; Figure 3). The strategies like consensus
clustering [56] could be used for the improvements.
The use of the SOM in network-level interpretations of omics data is poorly attempted in the
literature. We have showed such possibility of aiding in temporal expression-active subnet‐
work detections (Figure 4). However, the SOM here only plays an indirect role. It has been
reported to be used in the social network mining [85]. Much more work remains to be done
so that the SOM could be directly applied to the intereactome data. Since the networked da‐
ta are primarily represented as an adjacent matrix, the SOM of the matrix data (rather than
the vectors) seems to be possible too [86].
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Chapter 10

Application of Self-Organizing Maps in Text Clustering:
A Review
Yuan-Chao Liu, Ming Liu and Xiao-Long Wang
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/50618

1. Introduction
Text clustering is one of the most important text mining research directions. Despite the loss of
some details, clustering technology simplifies the structure of data set, so that people can ob‐
serve the data from a macro point of view.
After clustering process, the text data set can be divided into some different clusters, making
the distance between the individuals in the same cluster as small as possible, while the dis‐
tance between the different categories as far away from each other as possible.
Similar as text classification, text clustering is also the technology of processing a large num‐
ber of texts and gives their partition.What is different is that text clustering analysis of the
text collection gives an optimal division of the category without the need for labeling the
category of some documents by hand in advance, so it is an unsupervised machine learning
method. By comparison, text clustering technology has strong flexibility and automatic
processing capabilities, and has become an important means of effective organization and
navigation of text information. Jardine and van Rijsbergen made the famous clustering hy‐
pothesis: closely associated documents belong to same category and the same request [1].
Text clustering can also act as the basic research for many other applications. It is a prepro‐
cessing step for some natural language processing applications, e.g., automatic summariza‐
tion, user preference mining, or be used to improve text classification results. YC Fang, S.
Parthasarathy, [2] and Charu [3] use clustering techniques to cluster users’ frequent query
and then the results to update the FAQ of search engine sites.
Although both text clustering and text classification are based on the idea of class, there are
still some apparent differences: the classification is based on the taxonomy, the category dis‐
tribution has been known beforehand. While the purpose of text clustering is to find the top‐
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ic structure of documents [4] [5] [6] [7] [8] [9] [10]. Yasemin Kural [11] made a lot of
experiments and compared the clustering mode and linear array mode for search engine,
the results show that the former can indeed increase information access efficiency greatly.
Although there are many clustering methods, SOM has attracted many researchers in recent
years. In this chapter, we reviewed the application of Self-Organizing Maps in Text Cluster‐
ing. Our recent works on SOM based text clustering are also introduced briefly. The remain‐
ing of this chapter is organized as follows. Section 2 gives a review about the advances in
text clustering and SOM; section 3 presents our recent work on application of self-organiz‐
ing maps in text clustering. Then in section 4 some conclusions and discussions are given.

2. The Advances In Text Clustering And SOM
2.1. Text Clustering And Its Recent Research And Development
Text clustering is an unsupervised process that is not dependent on the prior knowledge of
data collection, and based solely on the similarity relationship between documents in the
collection to separate the document collection into some clusters. The general mathematical
description of text clustering can be depicted as follows:

Figure 1. The main framework for text clustering system.

Suppose C = {d1, d2, … , dn } is a collection of documents to be clustered, each document di

can be represented as high-dimensional space vectordi = {w1, w2, … , wi } by the famous vec‐
tor space model (VSM), where wi means the weight of di on feature j. The purpose of text

clustering is to divide C into C1, C2, … , Cx , C1 ∪ C2 ∪ … ∪ Cx = C, here 1 ≤ i ≠ j ≤ k. For hard
clustering, each document can belong to only one class, i.e. Ci ∩ Cj = Φ. Whereas for soft clus‐
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tering, one document may belong to multiple clusters. Membership degree μij can be used to
denote how much di belongs to cluster Cj .
Compared with other data types, text data is semi-structured. This makes man databasebased algorithms does not apply to text clustering.
One important preprocessing step for text clustering is to consider how the text content can
be represented in the form of mathematical expression for further analysis and processing.
The Common method is Salton's vector space model [12] (Vector Space Model, VSM). The
basic idea is: one feature space are constructed firstly, each dimension means one term,
which comes from the key words of each document. Then each document is represented as
one vector in this feature space. The document vector is usually a sparse vector as the di‐
mension is very huge.
Dimensionality reduction is an essential step in text clustering. There are several techniques
to reduce the dimension of the high-dimensional feature vector. PCA (Principal Component
Analysis) method is one of the widely used dimension reduction techniques. Given an n ×
m-order document-term matrix, the k eigenvectors of the PCA with an m × m-order cova‐
riance matrix is used to reduce the dimension of the word space, and ultimately resulted in
a k-term space dimension, which is much smaller than m.
LSI (Latent Semantic the Indexing) method is also widely used in the field of information
retrieval, dimensionality reduction. It is in essence similar with the PCA. LSI make singular
value decomposition not on covariance matrix, but on the initial n × m-order document–
term matrix, and then selecting these singular eigenvectors as representative, thereby re‐
duces the dimension.
Another problem is how to extract important features from documents. Mark P. Sinka and
David W. Corne [13] argue that stop word removal will improve the text clustering effect.
They also pointed out that after obtaining all unique words in the collection, you can only
keep some high-frequency words to construct the space. Anton V. Leouski and W. Bruce
Crof demonstrated that for each document, it is necessary to select only some important
words to represent the document, and can basically meet the needs of the cluster without
impacting clustering results. Literature [14] proposed a method to extract the key words in
the document as features Literature [15] use latent semantic indexing (LSI) method to com‐
press the dimension of the clustering feature space. Besides, ZhengYu Niu [16] and STANI‐
SŁAW OSIŃSKI [17], etc also performed research on feature selection.
Assume there are five documents doc1 doc2, doc3, doc4, and doc5. For each document, the first
steps are segmenting, stop word removal, and word frequency counting. In order to improve
the clustering efficiency, only the words which frequency is above a certain threshold value are
used to construct the feature space. Studies have shown that such a treatment will not have an
adverse impact on the clustering quality. Then the feature space can be constructed by using
the term set which comes from all these terms. Each document is represented as a vector in the
feature space. Fig.2. depicts the preprocessing steps for text clustering.
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Figure 2. the preprocessing steps of text document for text clustering.

Suppose the feature space is (apple, banana in the cat, window), and feature words frequen‐
cy threshold is 2, then the following example document-term matrix can be formed:
doc1
doc2
doc3
doc4
doc5

(Apple,
= ( 5,
= ( 4,
= ( 0,
= ( 8,
= ( 5,

banana, cat,
3,
0, 4
6,
0, 3
3,
7, 5
0,
9, 0
0,
0, 3

window)
)
)
)
)
)

As all documents are represented as the vector in the same feature space, thus it is more
convenient for computing the document similarity. In fact, the similarity calculation is very
frequent for most clustering algorithms. In addition, as there are usually many common
words in different documents, the actual dimension of the feature space is less than the sum
of the number of words selected from each document.
The evaluation of word importance. Take a science paper as an example, it is shown that
about 65% to 90% author-marked keywords can be found in the main content in the orig‐
inal paper[18]. This means that by importance evaluation, the key words can be extracted
from documents to represent the main content. Basically, keyword extraction can be seen
as a supervised machine learning problems; this idea is first proposed by Turney [19].
Turney also make a comparative study based on genetic algorithms and decision treebased keywords extraction algorithm. Factors which can denote the word importance in‐
cludes word frequency, word location (title, caption and etc.). Many researches showed
that high-frequency words are the more important words. Some typical keyword extrac‐
tion system has been listed in table 1.
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name

websites

NRC’s Extractor

http://ai.iit.nrc.ca/II_public/extractor/

Verity’s Search 97

http://www.verity.com/

KEA

http://www.nzdl.org/Kea/

GenEX

http://extractor.iit.nrc.ca/

Microsoft office 2003

http://www.microsoft.com/

Eric Brill’s Tagger

ftp://ftp.cs.jhu.edu/pub/brill/Programs/

Table 1. Some Classical Keyword Extraction Systems.

2.2. Two Clustering strategies in Text Clustering: whole clustering and incremental
clustering
There are two common Clustering strategies, and both need to measure the similarity of
the document.
The first strategy is the "complete" strategy, or called "static" strategy. During the clustering
process, the documents collection did not change neither adding documents, nor removing
documents. At the beginning of clustering, the documents in the collection are fixed. In the
clustering Method based on this policy, an N*N similarity matrix can be generated from the
beginning and there are N (N − 1) / 2 similarity values in the matrix. As it will compare the
similarity among any documents, the computation is very costly.
The second strategy is the strategy of "incremental"[20]. In many occasions, the document
collection can be increased at any time in the clustering process. When adding a document,
it will be merged into the existing cluster, or you can separate it as a new category. While
increasing documents, it may be necessary to perform re-clustering.
There are some methods to calculate the similarity or distances between different clusters: 1)
the shortest distance method (single link method). If Gp , Gq are two different clusters,
Ds ( p, q ) = min{dij | i ∈ Gp , j ∈ Gq }; 2) the longest distance method. If Gp , Gq are two different
clusters, Ds ( p, q ) = max{dij | i ∈ Gp , j ∈ Gq };3) Group average method. Ds2( p, q ) =

1
∑ d 2;4)
np nq i∈G ij
p

The centric method.

−
1
=
xG L

j∈Gq
L

∑ xi Mean Quantization Error (abbreviated as MQE) is adopted
i=l

as convergence condition as performed by Ref. [10-12]. Since MQE can measure the average
agglomeration degree of clustering results, when its value is less than a threshold such as
0.01 (which is adopted by Kohonen in Ref. [21]), this dynamic algorithm stops.
C

∑ ∑
MQE =

j=1 Di∈Cj

| Di - Nj |2
| Cj |
C

(1)
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Where, C represents the quantity of clusters. Nj represents one neuron. Cj represents the
cluster, which includes the data that are more similar to Nj than to other neurons. |Cj| rep‐
resents the quantity of the data included by Cj. Di represents one datum among Cj.
2.3. SOM And Its Application For Text Clustering
Self-organizing map network (SOM, for abbreviation) is first proposed by T.Kohonen Pro‐
fessor in University of Helsinki in Finland, also known as the Kohonen network [22]. Koho‐
nen believes that a neural network will be divided into different corresponding regions
while receiving outside input mode, and different regions have different response character‐
istics for corresponding input mode, and this process can be done automatically. SOM net‐
work has the following main properties: 1) The cluster center is the mathematical
expectation of all the documents in this cluster; 2) "cluster" of input data, and maintaining
the topological order. Fully trained SOM network can be viewed as a pattern classifier. By
inputting a document, the neurons representing the pattern class-specific in the output layer
will have the greatest response.
The self-organizing map is proposed based on this idea, which is similar to the self-organi‐
zation clustering process in human brain[23] [24]. SOM clustering method has been success‐
fully used in the field of digital libraries, text clustering and many other applications [25]
[26] [27] [28].
The running process of the SOM network can be divided into two stages: training and map‐
ping. In the training phase, the samples were input randomly. For a particular input pattern,
there will be a winning node in the output layer, which produces the greatest response. At
the beginning of the training phase, which node in the output layer will generate the maxi‐
mum response is uncertain. When the category of the input pattern is changed, the winning
node of the two-dimensional plane will also change. Due to the lateral mutual excitatory ef‐
fects, Nodes around the winning node have a greater response, so all the nodes of the win‐
ning node and its neighborhood will both perform different levels of adjustment.
SOM adjust the weights of the output layer nodes with a large number of training samples,
and finally each node in the output layer is sensitive to a specific pattern class. When the
class characteristics of the two clusters are close, the nodes on behalf of these two clusters
are also close in position.
After the training of the SOM network, the relation between output layer nodes and each
input pattern can be determined, then all the input patterns can be mapped onto the nodes
in the output layers, which is called mapping steps.
SOM method usually requires pre-defining the size and structure of the network. There are
some methods which can achieve this purpose [29][30][31]. The basic idea is to allow more
rows or columns to be dynamically added to the network, make the network more suitable
for the simulation of the real input space.
SOM method requires the definition of neighborhood function and learning rate function
beforehand. There is no fixed pattern in Kohonen model on the choice of neighborhood
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function and learning rate function, they are generally selected based on the heuristic infor‐
mation [32][33]. H.Yin proposed BSOM, which is SOM method based on Bayesian [34]. The
basic idea is to minimize the KL distance of the data density and neural models. KL distance
can measure the distance or deviation between the environment probability density and real
probability density, its value is generally a positive number. Learning process can be done
within a fixed range of the winner neuron. The BSOM therefore gives a new perspective on
the role of the conventional SOM neighborhood function. In addition, Filip, Mulier and Vla‐
dimir Cherkassky studied the learning rate function strategy in SOM [35]. The experimental
results show that the location of the neurons may be over affected by the last input data. Fil‐
ip, Mulier, Vladimir Cherkassky has improved the learning rate function and neighborhood
function, to make impact of the input training data on the neuron location more uniform.
2.4. The Comparison Of SOM With Other Text Clustering Methods
Besides from SOM, There are also two widely used text clustering methods: AHC clustering
method and K-means clustering method. The basic steps of AHC for text clustering method
are as follows:
1.

Calculate the document similarity matrix;

2.

Each document is seen as a cluster firstly;

3.

Merge the nearest two clusters into one;

4.

Update the similarity matrix, i.e, re-calculating of the similarity of the new cluster
with the current cluster; if there are only one cluster, then go to step 5), otherwise go
to step 3);

5.

End.

Researchers often use two different methods to cut the hierarchical relationships. One is
to use the number of clusters as segmentation standard; another method is using the sim‐
ilarity as the segmentation standard, that is, when the similarity between two clusters is
lower than a given threshold, the clustering algorithm will stop. Besides, it has been
shown that the clustering entropy [36] can be used as the termination conditions of the hi‐
erarchical clustering method:
k

n

k

En = (∑ ∑ e(pi( j), p0( j))) + ∑ e(p0( j), c0)
j−l i−l

j−l

(2)

The first expression in the right side of the formula is the intra-cluster entropy; the second
means the inter-cluster entropy. When En is smallest, the clustering result achieves optimum
value. c0 is the center of all the samples. pi( j) is the i documents for cluster j. p0( j) is the center of

the jth clusters. K is the number of clusters, nj is the number of documents in cluster j.

K-means clustering algorithm is the typical dynamic partition method [37] [38] [39] [40]. The
basic steps [41] are as follows:
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1.

Randomly select K documents, which represent initial cluster centroids.

2.

Assign each document to the cluster that has the closest centroid.

3.

When all documents have been assigned, recalculate the K centroids.

4.

Repeat Steps 2 and 3 until the centroids no longer change.

5.

Output the separation of these documents, i.e. different clusters.

For K-means, if the k value selected is inappropriate or the choice of initial accumulation
point is uneven, the clustering process will be delayed and the clustering results are also ad‐
versely affected. Traditionally, there are mainly two methods to select the initial cluster cen‐
ter: 1) randomly select k points; 2) use empirical method to select the initial cluster centers.
In addition, the researchers also made some of the more complex but very effective method:
1) the gravity center method. The basic idea is: first calculate the gravity center of all the
samples as the first point; then select a positive number as the minimum critical distance.
Input all the samples in turn, if the input sample has distance greater than d, it will be
deemed as a new clustering point; 2) the density method. Two positive numbers d1 and d2
(d1d2) are first set, form the ultra-dimensional ball using d1 as the radius, which density is
calculated as the number of samples in that ball. Select the sample with the maximum densi‐
ty as the first center; select the sample with the second maximum density.
Generally, SOM has proven to be the most suitable document clustering method. It can
map documents onto two-dimensional diagram to show the relationship between the dif‐
ferent documents. SOM can depict text in more figurative and better visual way. High-di‐
mensional space can be transformed into two-dimensional space, and the similarity
between the input data in the multi-dimension space is well maintained in the two-di‐
mensional discrete space, the degree of similarity between the high dimensional spatial
data can also be transformed into the location proximity of representation space, which
can maintain the topological order. SOM also has the following advantages: 1) noise im‐
munity; 2) visualization; 3) parallel processing.
Text Clustering is a high-dimensional application and closely related to the semantic fea‐
tures. The above characteristics of SOM make it very suitable for text clustering.
2.5. Dynamic clustering of SOM
Self-Organizing-Mapping (abbreviated as SOM) is one of the most extensively applied clus‐
tering algorithm for data analysis, because of its characteristic that its neuron topology is
identical with the distribution of input data. However, the inconvenience, that it needs to
predefine two parameters of cluster quantity and neuron topology, prevents it from prevail‐
ing in online situation.
As indicated by Ref. [42][43][44], many methods have been proposed to cluster dynamic da‐
ta. For example, Dhillon et al. [45] proposed a dynamic clustering algorithm to help analyze
the transfer of information. Unfortunately, this algorithm is time-consuming and impracti‐
cal, since it needs to run several times. Ghaseminezhad and Karami [46] improve this algo‐
rithm by employing SOM structure, which forms an initial neuron topology at first and then
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dynamically tunes its topology once input data are updated. However, its neuron topology
is fixed in advance and too rigid to be altered.
In order to enable neuron topology easily to be altered, some self-adaptive algorithms have
been proposed. The prominent merit of them is that they don’t need to set any assumption
about neuron topology in advance. For example, Melody in Ref. [47] initializes a neuron top‐
ology of small scale at first and then gradually expands it following the update of input da‐
ta. Tseng et al in Ref. [48] improve this algorithm by tuning neuron topology in virtue of
dynamically creating and deleting the arcs between different neurons.
Unfortunately, aforementioned self-adaptive algorithms have two defects. One is that, when
neuron topology isn’t suitable for current input data, they will insert or split neurons,
whereas, these newly created neurons may locate out of the area where input data distrib‐
ute. The other is that, they fail to preserve topology order. Therefore, they can’t perform
competitive learning as transitional SOM based algorithms, which will generate some dead
neurons and they will never be tuned. The detailed discussions are indicated in Ref. [49][50].
For avoiding predefining cluster quantity, some scalable SOM based clustering algorithms
are proposed, such as GSOM in Ref. [51] and GHSOM in Ref. [52]. Nevertheless, neuron top‐
ologies of them are fixed as liner, cycle, square or rectangle in advance. These kinds of topol‐
ogies are too rigid, and hardly to be altered.
In order to solve this problem, some topology adaptive algorithms have been proposed,
such as GNG in Ref. [53], PSOM in Ref. [54], and DASH in Ref. [55]. These algorithms free of
predefining neuron topology and can automatically construct it to let it conform to the dis‐
tribution of input data.

3. Our Recent Work On Application Of Self-Organizing Maps In Text
Clustering
3.1. The Conceptual SOM Model For Text Clustering
Most of the existing text clustering methods simply use word frequency vector to represent
the document, with little regard to the language's own characteristics and ontological
knowledge. When documents are clustered using conventional “SOM plus VSM” way, it is
hard to grasp the underlying semantic knowledge and consequently the clustering quality
may be adversely affected. However, we notice that the documents in same cluster are very
relevant to each other even though there are few common words shared by these docu‐
ments, so the relevance calculation among documents can be simplified by the relevance cal‐
culation of words in documents.
Y.C. Liu et al. have proposed a conceptional self-organizing map model (ConSOM) [56]for
text clustering, in which neurons and documents are represented by the vector in extended
concept space and that in traditional feature space. It has been shown that by importing con‐
cept relevance knowledge, SOM can achieve better performance than traditional mode due
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to its semantic sensitivity. Figure 3 give the basic principle for ConSOM. After both extend‐
ed concept space and traditional feature space are constructed, all documents and neurons
are represented by two vectors: traditional vector VF purely formed by word frequency and
extended concept vector VC, as shown in Fig. 3. Table 2.presents Concept Representation of
Word in HowNet.

Figure 3. The basic principle of ConSOM.

Table 2. Concept Representation of Word in HowNet.

3.2. Fast SOM Clustering Method For Large-Scale Text Clustering
Conventional data clustering methods frequently perform unsatisfactorily for large text col‐
lections due to 3 factors:1) there are usually large number of documents to be processed; 2)
the dimension is very huge for text clustering; 2) the computation complexity is very high.
So it is very necessary to improve the computation speed.
As similarity computation is very crucial for text clustering, and has much impact on clus‐
tering efficiency, Y. liu and etc[57]. propose one novel feature representation and similarity
computation method to make SOM text clustering much faster. Each document is coded as
the collection of some keywords extracted from the original document, and will directly be
input to SOM, whereas each output layer node of SOM are coded as numerical vector as that
of most Kohonen Networks.
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In order to directly separate documents into different groups, ring topology is adopted as
our SOM structure, thus the number of groups can be any integral values. Like Kohonen
Networks, it consists of two layers, input layer and output layer; each node in output layer
corresponds to one cluster. Only neurons need to be represented as high-dimension vector,
whereas the document will be coded as indexes of keywords.
3.3. The Variant Of SOM Model For Dynamic Text Clustering
Figure 5 shows the ring output layer topology of V-SOM [58]. The advantage of this topolo‐
gy is that sector number (node number) can be any integers, and it will be possible to reflect
topic distribution of the input documents more finely and make full use of neurons. Besides,
the number of neighboring neurons for each neuron is same, thus it can help avoid edge ef‐
fect which usually happens by using rectangular or hexagonal topology. Neurons can be in‐
serted gradually to avoid lack-of-use phenomenon of neurons. R 2 cluster criterion is used to
find suitable network size which can reflect topic distribution of input documents.

Figure 4. The rectangular topology of GHSOM (N10, N11, N12 in Figure1. (b) are the newly inserted neurons).

Figure 5. The Ring Topology of V-SOM. N10 Is The Inserted Node In Figure (b).
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4. Conclusions and discission
In conclusion, SOM has obvious advantage in terms of topology preserving order, anti-noise
ability. By using self-organizing map network as the main framework of the text clustering,
semantic knowledge can also be easily incorporated so as to enhance the clustering effect.
First, SOM can better handle the dynamic clustering problem through various kinds of dy‐
namic vari-structure model. E.g. V-SOM model, which combine the decomposition strategy
and neuronal dynamic expansion, under the guidance of clustering criterion function, dy‐
namically and adaptively adjust the network structure, thus the clustering results can better
reflect the topic distribution of input documents.
Second, semantic knowledge can be easily integrated into the SOM. Due to the diversity and
complexity of language, same concept may also have different forms of expression. The tra‐
ditional “VSM+SOM” mode rely solely on the frequency of feature words, and cannot grasp
and embody semantic information. We use HowNet as a source of conceptual knowledge
and perform effective integration with statistical information in order to enhance the sensi‐
tive ability of the clustering. if there are clusters with hidden common concept, they will be
merged into one cluster, even if they are less common words shared by these documents.
Finally, the SOM's unique training structure provides convenience for the realization of
parallel clustering and incremental clustering, thus contributing to improve the efficiency
of clustering. Incremental clustering also makes it more suitable for dynamic clustering of
web documents.
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Chapter 11

Non-Linear Spatial Patterning in Cultural Site
Formation Processes - The Evidence from MicroArtefacts in Cores from a Neolithic Tell Site in Greece
Dimitris Kontogiorgos
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/51193

1. Introduction
Micro-artefacts (i.e., cultural particles smaller than 2mm in diameter), due to their abun‐
dance and incorporation into the sedimentary matrix of an archaeological deposit, constitute
a significant part of the cultural particles present [21]. Micro-artefact analysis is extensively
complex due to the different micro-artefact categories that may appear in an archaeological
context and also because of the numerous cultural (and non-cultural/natural) formation
processes that may have been involved in the creation of characteristics specific to an ar‐
chaeological context.
Recently, the use of a non-linear method (i.e., spherical-SOFM) on micro-artefact data has
shown that the method is able to recognize and to provide a visual representation of microartefact patterns prior to performing any statistical analysis on the data, providing a quick
view into possible relationships or differences that may occur between temporally, spatially,
and culturally different archaeological contexts (i.e., pits and ditches from the Neolithic Tell
site at Paliambela (Pieria region-Northern Greece) which unusually comprises an extended
settlement component [8].
It was shown that the spherical-SOFM non-linear method revealed patterns among the data
that linear methods were unable to classify. Furthermore, the method attempted to over‐
come the difficulties posed by the friable nature of different micro-artefact classes (for exam‐
ple, unburnt clay, burnt clay, bone, shell, or charcoal). Material characteristics and the
process of micro-artefact generation, including the effects of post-depositional processes,
were considered as important factors in the search for strong pattern recognition [9]. The
analysis has shown that similar classes of micro-artefacts in three analyzed data sets were
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characterized by different non-linear associations, further suggesting that these were possi‐
bly formed through different cultural formation processes [8].

Figure 1. Map of Greece, showing the location of Paliambela (Source:‘Paliambela excavation’ archive).

The use of the spherical-SOFM non-linear method was also able to recognize and to provide
a visual representation of micro-artefact patterns in archaeological contexts (i.e., a colluvial
deposit from a Hellenistic Theatre in NW Greece) affected only by natural formation proc‐
esses [10, 11].
The implication of the applied non-linear method (i.e., spherical-SOFM) is that it has the
‘ability’ to demonstrate the dynamics of cultural or natural formation processes in leaving
non-linear ‘signals’ in archaeological contexts being in a ‘non equilibrium’ state until the time
of recovery. Therefore, the rationality for developing such recognitions in archaeological
contexts is to release the dynamics of formation processes since archaeological patterning is
arguably (at least for the most part) the result of the interplay between many complex proc‐
esses, both cultural and non-cultural (natural) [2, 28, 1, 16]. Therefore, this type of recogni‐
tion is of critical importance also in core-data, since this type of data provide broader spatial
information and are more sensitive in both cultural and natural formation processes.
Section 2 briefly describes how the spherical self-organizing map creates a 3D visual or
graphical representation of the data. Section 3 presents a summary of previous geoarchaeo‐
logical work on core-data from the Neolithic Tell site at Paliambela (Pieria region-Northern
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Greece) while section 4 and section 5 offer the results of this study and some concluding re‐
marks, respectively.

2. Spherical self-organizing feature map
The Spherical Self-Organizing Feature Map (S-SOFM), introduced by Kohonen [7], maps ndimensional data into a low-dimensional space. The spherical SOFM [17] the low-dimen‐
sional space is a tessellated sphere that is formed by subdividing an icosahedron. Every
vertex on this sphere is a strategic location of an n-dimensional vector that represents an en‐
semble of similar data vectors which are assigned to the vector during the mapping opera‐
tion. It is therefore necessary to visually enhance variations in the data using the physical
attributes of the mapping lattice. The benefit of a spherical lattice in the implementation of
the S-SOFM is that the enclosed space can be used to generate a 3D visual representation of
some physical aspect of the n-dimensional data.
Conventional implementation of the S-SOFM method have used a 2D lattice as the low-dimen‐
sional space, and associations in the data are visualized by means of a terrain map, wherein el‐
evation represents some aspect of the vector(s) at that location [27, 24]. Relative similarity
between data vectors mapped into the sphere can be visualized by introducing distortions in
the sphere accompanied by changes in the colour. Informative characteristics of the data are re‐
flected as distortions and colour gradations on the surface of the sphere. The formulation of
these measures is a non-trivial task and often application dependent. The measures reflect de‐
sired data correlations (either linear or non-linear) and must be defined by the researcher who
is familiar with the underlying data set. It is this aspect of the S-SOFM that differs from existing
literature about the self-organizing feature map. The S-SOFM utilizes the spherical lattice of
the S-SOFM space to generate a visual form of the clustered data that is more intuitive and easy
to perceive. A visual form of the data is created by scaling the radial distance of the vertices on
the sphere in proportion to a measure characterizing some physical aspect of the data. Exam‐
ples illustrating the various implementations of the spherical SOFM on different data and the
use of possible measures to create spherical SOFM graphical representations are discussed in
Sangole [17] and Sangole and Knopf [18].

3. Summary of previous work on core-data from the Neolithic Tell site at
Paliambela (Pieria region-Northern Greece-Fig.1)
Coring, as a minimally destructive technique, facilitates the definition of subsurface units,
provides a clear view of the buried surfaces on which occupations took place [23]. The mac‐
roscopic examination of all twelve cores drawn from the subsurface investigation conducted
on the tell, revealed three basic stratigraphic units: bedrock, occupation deposits and a topsoil layer. Given, therefore, their relative macrostratigraphic similarity and the rather broad
stratigraphic resolution/delineation required from the cores at Paliambela, three cores (out
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of 12) were selected for analysis (i.e., nos 1083-84-85, Fig.2). These were judged to provide
good site coverage from east to west, and thus offer information regarding the depth and
thickness of the cultural deposits on the tell, on a coarse temporal and spatial scale.
The analysis of three cores (out of twelve) defined the stratigraphy of the site on a coarse
temporal and spatial scale. The culturally sterile bedrock was identified at ca 2m depth and
the initial human occupation probably started on top of the bedrock, because remnants of
any overlying palaeosol have not been recognised, suggesting that this might have been
stripped or reworked by subsequent human activity.
The analysis of the occupation deposits revealed significant variation, both temporal and
spatial, in micro-artefacts (burnt clay, unburnt clay, shell, bone and charcoal) and so, pre‐
sumably, in human activity on the site. This indicates that the surviving occupation deposits
built up sufficiently rapidly and bury and preserve variable concentrations of micro-arte‐
facts. In short, the analysis of the cores revealed that the tell component of the site might
have been the product of long term anthropogenic accretion of sediment and artefactual ma‐
terial that created a low mound, with 0.5-2m of surviving occupation debris. [8].

4. Non-linear micro-artefact patterning as a general indicator of
differences in cultural site formation processes
4.1. Laboratory procedures
The laboratory procedure followed in micro-artefact analysis used two divisions of the phi
(ф) scale, that is -2.00ф and 0ф. Contents of the bulk samples were passed through a stack of
4mm (-2.00ф) and 1mm (0ф) sieves. The material retained in the 1mm sieve created the subsample that was processed for micro-artefacts and an optical microscope was used for iden‐
tifications. Five micro-artefact categories were identified in the deposits from the cores:
unburnt clay (e.g., from mudbricks, wattle and daub constructions), burnt clay (i.e., burnt
specimens of the previous category), shell (marine shells), bone (animal bone), and charcoal
(charred organic particles).
Shell, bone and charcoal were easily distinguished, but the more problematic distinction be‐
tween unburnt clay and burnt clay was based on the following observations: unburnt clay
grains were often very fragile even in this small fraction and were, in most cases, subdiscoi‐
dal, ranging in colour from light grey to dark grey; burnt clay fragments were, in most cases,
spherical particles of brownish colour, and relatively more solid than the unburnt clay ones.
In the core samples (total number: 120 sediment samples, ca. 1000kg each), the total subsample was sorted for micro-artefacts and the total mass for each material class was weigh‐
ed on an electronic precision balance. Physically sorting the total sub-sample for microartefacts, followed by weighing of each category, provides a representative picture of the
micro-artefacts present in a sample and is feasible when small sample sizes are involved in
analysis, as in the case of the cores.
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Figure 2. Contour map of the Neolithic tell showing the location of the Cores. Contours at 10m (Source: ‘Paliambela
excavation’ archive).

Micro-artefact density (D) was obtained by using the following equation: D= m/v, where m is
the weight of each material class, and v is the volume of each sample. This method is rather
simple but needs the total sub-sample to be sorted for micro-artefacts and the various mate‐
rial types to be weighed in a high precision electronic balance.
The construction of the S-SOFM graphical representation was based on a database of 120
five-dimensional records, each dimension representing a micro-artefact category. Every row
represented the point-counting results. Figure 3 shows the formation of three distinct white
regions that correspond to the micro-artefact core-data from the site. A non-linear structure
lies within this statistical space which can be distinguished into three separate sub-struc‐
tures. The spherical-SOFM pattern recognition procedure provides a comprehensive pre‐
liminary visual representation of inherent non-linear characteristics in data, serving as the
initial step in the analysis of the multidimensional micro-artefact data. In this study three
meaningful components were revealed – which appeared to be the determinants for the con‐
stitution of the analysed data set. This further suggests that the three groups of contexts (i.e.,
micro-artefacts from the three cores) from the site were possibly formed through different
formation processes.
It is important to mention that the five classes of micro-artefacts set for analysis -i.e., microshell, micro-bone, microfragments of charcoal, microfragments of burnt clay, and microfrag‐
ments of unburnt clay- generate from an interpretatively complicated set of larger artefacts,
those made of friable materials -the so called ‘size unstable’ [22].
The preservation of such materials in an archaeological context indeed, is closely connected
not only with the length of deposition but also with the rate and type of weathering [22].
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Moreover, micro-artefacts provide different information than do larger artefacts and defi‐
nitely should not be used simply to reflect ‘noise’ in larger artefacts [6].
Therefore, the researcher cannot assume that, for example, chronologically distant archaeo‐
logical contexts will provide similar or different micro-artefact patterning due to the many
factors that may account for the observed pattern. The implication is that it enhances at‐
tempts for developing interpretations on micro-artefact patterning by providing strong pat‐
tern recognition.
The observation of this pattern in cultural indicators such as micro-artefacts should be related
at least in part (and arguably for the most part) with differences in the spatial organization of
activities carried out in the site and ending up in the deposits. In other words, it should be relat‐
ed with spatial differences in cultural formation processes. That these differences in cultural
processes had become so embedded in the sedimentary traces of the deposits arguably reflects
long-term continuity of distinct patterns of spatial organisation of behaviour.

Figure 3. View of the S-SOFM graphical representation showing the formation of three distinct white regions – corre‐
sponding to micro-artefact core-data (each for a core).

In this study, the critical prerequisite was rather the depiction of the existence of differences
in formation processes (and arguably of cultural formation processes) and of spatial content
between different contexts (i.e., cores) from the site, on a broad spatial and temporal scale,
than a detailed presentation of the spatial and temporal use of space on the tell settlement or
of differences in formation processes between different activity areas across the site.
Despite the natural and cultural agents/processes that have disorganized the site’s behav‐
ioural contexts, the archaeological sediments from Paliambela still preserve significant nonlinear behavioural information. The spatial differences in cultural formation processes
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arguably reflect long-term continuity of distinct patterns of spatial organisation of behav‐
iour. The term ‘continuity’ is conceptualized here as the cultural product of different social
systems (Neolithic or later) that inhabited Paliambela. Their cultural outcomes, embedded in
and decoded from the archaeological sediments, contributed significantly to the site’s for‐
mation, transforming it into a cultural product. Therefore, the archaeological sediments of
Paliambela, enclose significant cultural information, and this study has demonstrated the
potential of the non-linear method to help identify this information.

5. Conclusions: The importance of understanding formation processes in
a non-linear world
Since Schiffer’s [19] original recognition of the importance of studying and understanding
the formation processes of the archaeological record, many authors have pointed out their
critical importance [5, 12, 13, 25]. Moreover, it is now widely accepted that variability is in‐
troduced into the archaeological record through cultural and non-cultural formation proc‐
esses which distort systemic patterns as well as creating their own patterns [20].
The unit of analysis appropriate for identifying formation processes is, according to Schiffer
[20] the deposit, but “viewing the deposit as a single discrete depositional event or process
has its problems, as a single depositional process can give rise to materials in different de‐
posits, and conversely, a single deposit can contain the products of many different deposi‐
tional processes” [20].
However, despite the recognised importance of cultural and natural processes in the forma‐
tion of the archaeological record, studies addressing the interpretative potential of micro-ar‐
tefacts remain relatively limited, although micro-artefacts, due to their abundance and
incorporation in an archaeological deposit constitute a significant part of the cultural parti‐
cles present and may provide information on the cultural and natural formation processes
occurring in a deposit [4, 3, 26, 6, 21].
Dunnel and Stein [6] outline some of the important characteristics of micro-artefacts that
compel their consideration as archaeological data of the first order. They note, that informa‐
tion content may be different for micro-artefacts than for larger artefacts and they may be
most informative about different things (e.g., particle transport and site formation process‐
es). Equally important, processes that generate microscopic artefacts vary depending on ma‐
terial and context [6]. These last two issues, differing information content and differing
formation processes within the micro-scale are important reasons for undertaking micro-ar‐
tefact analysis [6].
Then again, attempting to define cultural and natural formation processes in a site focusing,
for example, either in their variability or in the proportional correlation among micro-arte‐
fact classes may be misleading because their archaeological significance rests upon under‐
standing the interaction among, the almost, numerous variables within a sequence which
would determine their transport potential.
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The example offered in this study indicates that similar types of micro-artefacts within dif‐
ferent archaeological contexts across the site exhibit significant non-linear information plau‐
sibly as a result of different types of formation processes that were assumed to imply, for the
most part, differences in cultural formation processes. In any case, stronger interpretation
can only be achieved by strong micro-artefact pattern recognition [9, 10] especially in cases
of archaeological deposits sensitive to cultural formation processes.
Without underestimating the effects of natural processes or rather ‘naively’ expecting cul‐
tural factors to account for all the extant variability in an archaeological site, it seems that
drawing logical connections between geoarchaeological data and past human activities up‐
grades and enhances cultural interference upon natural factors in a site’s formation. The
study of micro-artefacts, those cultural particles included into archaeological sediments, al‐
though by no means conclusive, can be utilised to identify forms of behaviour enacted with‐
in a site, when strong pattern recognition has been achieved [8].
New ways of describing differences in archaeological assemblages could only be effective if we
could connect them with past human behaviour in a non static physical environment. The
identification of cultural formation processes, spatially and temporally, on the micro-level in a
complex site, as Paliambela, indicates that such discrimination is possible through the applica‐
tion of a certain methodology. More importantly, it calls for awareness of the multiplicity of
scales at which these cultural processes can be traced. Although not exhaustive, the non linear
spherical self organizing feature map method has provided a higher resolution with which to
view the archaeological information encoded within archaeological sediments.
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Spatial Clustering Using Hierarchical SOM
Roberto Henriques, Victor Lobo and
Fernando Bação
Additional information is available at the end of the chapter
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1. Introduction
The amount of available geospatial data increases every day, placing additional pressure on
existing analysis tools. Most of these tools were developed for a data poor environment and
thus rarely address concerns of efficiency, high-dimensionality and automatic exploration
[1]. Recent technological innovations have dramatically increased the availability of data on
location and spatial characterization, fostering the proliferation of huge geospatial databas‐
es. To make the most of this wealth of data we need powerful knowledge discovery tools,
but we also need to consider the particular nature of geospatial data. This context has raised
new research challenges and difficulties on the analysis of multidimensional geo-referenced
data. The availability of methods able to perform “intelligent” data reduction on vast
amounts of high dimensional data is a central issue in Geographic Information Science
(GISc) current research agenda.
The field of knowledge discovery constitutes one of the most relevant stakes in GISc re‐
search to develop tools able to deal with “intelligent” data reduction [2, 3] and tame com‐
plexity. More than prediction tools, we need to develop exploratory tools which enable an
improved understanding of the available data [4].
The term cluster analysis encompasses a wide group of algorithms (for a comprehensive re‐
view see [5]). The main goal of such algorithms is to organize data into meaningful struc‐
tures. This is achieved through the arrangement of data observations into groups based on
similarity. These methods have been extensively applied in different research areas includ‐
ing data mining [6, 7], pattern recognition [8, 9], and statistical data analysis [10]. GISc has
also relied heavily on clustering algorithms [11, 12]. Research on geodemographics [13-16],
identification of deprived areas [17], and social services provision [18] are examples of the
relevance that clustering algorithms have within today’s GISc research.
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One of the most challenging aspects of clustering is the high dimensionality of most prob‐
lems. While in general describing phenomena requires the use of many variables, the in‐
crease in dimensionality will have a significant impact on the performance of clustering
algorithms and the quality of the results. First, it will increase the search space affecting the
clustering algorithm’s efficiency, due to the effect usually known as the “curse of dimen‐
sionality” [19]. Second, it will yield a more complex analysis of the output, as the clusters are
more difficult to characterize due to the contribution of multiple variables to the final struc‐
ture. Thus, in a typical clustering problem, the user is asked to select a low number of varia‐
bles that optimize the phenomena’s description.
However, to produce an accurate representation of the phenomenon, it is sometimes neces‐
sary to measure it from several perspectives. A typical example is the use of census variables
to study the socio-economic environment in an urban context. Usually, the census covers a
wide range of themes describing the characteristics of the population such as the demogra‐
phy, households, families, housing, economic status, among others[20]. In these cases, some
variables are strongly correlated, independently of the subject they are covering. In fact,
with the increase in dimensionality, there is a higher probability of correlation between vari‐
ables. In addition, due to the spatial context of census data, variables have strong spatial au‐
tocorrelation [21]. Spatial autocorrelation measures the degree of dependency among
observations in a geographic space. This spatial autocorrelation corroborates Tobler’s [22]
first law (TFL) which expresses the tendency of nearby objects to be similar.
To GIScientists, clusters are usually more representative and easier to understand if they
present spatial contiguity. However, several reasons can cause the clusters to present spatial
discontinuity. Among these, the scale or zoning scheme of the geographical units, known as
the modifiable areal unit problem (MAUP) [23] can affect the expected spatial patterns. In
addition, the combination of different variables, that presents distinct levels of spatial auto‐
correlation, affects the clusters’ spatial patterns.
Traditional clustering methods, in which self-organizing maps [24] are included, are very
sensitive to divergent variables. Divergent variables are those that present significant differ‐
ences to the general tendency. These variables have a great impact in the clustering process
and are crucial in the final partition. For instance, when clustering using a set of variables
where all, except one, present spatial autocorrelation, the divergent variable will have a
higher impact than the others. In most cases, the clusters created will not follow the spatial
arrangement suggested by the majority of the variables, but will get distorted by the varia‐
bles presenting odd spatial distributions.
To avoid this problem a hierarchical structure may be used to explore and cluster geospatial
data. Variables are grouped in themes, and each theme will be independently clustered.
These partial clusters are then used to create a global partition.
One well-known clustering method is the Self-Organizing Map (SOM) proposed by Koho‐
nen [24]. One of the interesting properties of SOM is the capability of detecting small differ‐
ences between objects. SOM have proved to be a useful and efficient tool in finding
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multivariate data outliers [25-27]. SOM has also been widely used in the GIScience field in
the exploration and clustering of geospatial data [28-33, 34, 35].
In this chapter, we propose the use of Hierarchical SOMs to perform geospatial clustering.
Several characteristics of geospatial data make it a good candidate to benefit from the
HSOM specific features. The classic layer organization used in GIScience fits perfectly the
layered structure of HSOM. HSOM provides an appropriate framework to perform the clus‐
tering task based on individual themes, which can then be compared with the clusters creat‐
ed from the combination of several themes. HSOM is less sensitive to divergent variables
because these will only have a direct impact on their theme.
There are many types of hierarchical SOM, so we propose a taxonomy to classify existing
methods according to their objectives and structure.

2. Background
2.1. Self-Organizing Maps
Teuvo Kohonen proposed the Self-organizing maps (SOM) in the beginning of the 1980s
[36]. The SOM is usually used for mapping high-dimensional data into one, two, or threedimensional feature maps. The basic idea of an SOM is to map the data patterns onto an ndimensional grid of units or neurons. That grid forms what is known as the output space, as
opposed to the input space that is the original space of the data patterns. This mapping tries
to preserve topological relations, i.e. patterns that are close in the input space will be map‐
ped to units that are close in the output space, and vice-versa. The output space is usually
two-dimensional, and most of the implementations of SOM use a rectangular grid of units.
To provide even distances between the units in the output space, hexagonal grids are some‐
times used [24]. Each unit, being an input layer unit, has as many weights as the input pat‐
terns, and can thus be regarded as a vector in the same space of the patterns.
When training an SOM with a given input pattern, the distance between that pattern and
every unit in the network is calculated. Then the algorithm selects the unit that is closest as
the winning unit (also known as best matching unit- BMU), and that pattern is mapped on
to that unit. If the SOM has been trained successfully, then patterns that are close in the in‐
put space will be mapped to units that are close (or the same) in the output space. Thus,
SOM is ‘topology preserving’ in the sense that (as far as possible) neighbourhoods are pre‐
served through the mapping process.
The basic SOM learning algorithm may be described as follows:
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The learning rate α, sometimes referred to as η, varies in [0, 1] and must converge to 0 to
guarantee convergence and stability in the training process. The decrease of this parameter
to 0 is usually done linearly, but any other function may be used. The radius, usually denot‐
ed by r, indicates the size of the neighbourhood around the winner unit in which units will
be updated. This parameter is relevant in defining the topology of the SOM, deeply affecting
the output space unfolding.
The neighbourhood function h, sometimes referred to as or N c, assumes values in [0, 1], and
is a function of the position of two units (a winner unit, and another unit), and radius, r. It is
large for units that are close in the output space, and small (or 0) for faraway units.
2.2. Hierarchical SOM
Hierarchical SOMs [37-41] share many characteristics with other methods such as the multilayer SOMs [42, 43], multi-resolution SOMs [44], multi-stage SOMs [45, 46], fusion SOMs
[47] or Tree-SOMs [48].
All these methods share the idea of constructing a system using SOMs as building blocks.
They vary in the way these SOMs interact with each other, and with the original data. We
consider as Hierarchical SOMs, those where, at some stage, one of the SOMs receives as in‐
puts the outputs of another SOM, as will be described later. This type of structure resembles
a multi-layer perceptron (MLP) neural network in the sense that multiple layers exist con‐
nected in a feed-forward way. However, Hierarchical SOMs have completely different train‐
ing algorithms and types of interaction between layers.
General multilayer SOMs may have many completely different interactions between layers.
As an example, a data pattern may be mapped onto a given SOM, and then all data patterns
mapped to that unit may be visualized on a second SOM. Another common type of architec‐
ture presents several SOMs in linked windows [49], providing an environment where a data
pattern is visualised simultaneously in several SOMs. We do not consider these as Hierarch‐
ical SOMs because the outputs of one SOM are not used to actively train another SOM, nor

Spatial Clustering Using Hierarchical SOM
http://dx.doi.org/10.5772/51159

does the second SOM, in any way, use information from the first map to map the original
data patterns.
We consider that, to be recognized as a Hierarchical SOM, the interaction between different
SOMs must be of the train/map type. This type of interaction is one where the outputs of
one SOM are used to train the other SOM, and this second one maps (represents) the origi‐
nal data patterns using the outputs of the first one. If these two characteristics are not
present, we consider we do not have a true Hierarchical SOM, because it is the train/map
relationship that establishes a strict subordination between SOMs that in turn is necessary
for a hierarchy to exist.
The train/map type of interaction encompasses different specific ways of passing informa‐
tion from one SOM to another. As an examples, when a data pattern is presented to the first
level SOM, it may pass the information onto the second level by passing the index of the
best matching unit (BMU), the quantization error, the coordinates of the BMU, all activation
values for all units of the first level, or any other type of data. The important issue is that
whatever data is passed on, it is used to train the second level SOM. A particular case of
output of one SOM layer may be the original data pattern itself, or an empty data pattern.
This is the case of a first level gating SOM that filters which data patterns are sent to each
upper level SOM: it may or may not pass the pattern, depending on some characteristic.
Still, many different configurations are possible for Hierarchical SOMs. They may vary in
the number of layers used, in the different ways connections are made and even in the infor‐
mation sent through each connection.
2.3. Why use Hierarchical SOMs (HSOM)?
There are mainly two reasons for using a Hierarchical SOM (HSOM) instead of a standard
SOM:
• A HSOM can require less computational effort than a standard SOM to achieve certain
goals;
• A HSOM can be better suited to model a problem that has, by its own nature, some sort of
hierarchical structure.
The reduction of computational effort can be achieved in two ways: by reducing the dimen‐
sionality of the inputs to each SOM, and by reducing the number of units in each SOM. In‐
stead of having a SOM that uses all components of the input patterns, we may have several
SOMs, each using a subset of those components, and in this way we minimize the effect of
the “curse of dimensionality” [19]. The distance functions used for training the different
SOMs will be simpler, and thus faster to compute. This simplicity will more than compen‐
sate for the increase in the number of different functions that have to be computed. Speed
gains can also be achieved by using fewer units in each SOM. The finer distinction between
different clusters (units) can be achieved in upper level SOMs that will only have to deal
with some of the input patterns. This “divide and conquer” strategy will avoid computing
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distances and neighbourhoods to units that are very different from the input patterns being
processed in each instant.
The second reason for using HSOMs is that, in general, they are better suited to deal with
problems that present a hierarchical/thematic structure. In these cases, HSOM can map the
natural structure of the problem, by using a different SOM for each hierarchical level or the‐
matic plane. This separation of the global clustering or classification problem into different
levels may not only represent the true nature of the phenomena, but it may also provide an
easier interpretation of the results, by allowing the user to see what clustering was per‐
formed at each level. GIS science applications, as already discussed, have a strong thematic
structure that can be expressed with a different SOM for each theme, and an upper level (hi‐
erarchically superior) SOM, that fuses the information to produce globally distinct clusters.
HSOMs are often used in application fields where a structured decomposition into smaller
and layered problems is convenient. Some examples include: remote sensing classification
[45], image compression [28], ontology [43, 50], speech recognition [51] pattern classification
and extraction using health data [52-54], species data [55], financial data [56], climate data
[57],,music data [58, 59] and electric power data [60].

3. Taxonomy for Hierarchical SOMs
Based on the survey of the work made on the field, we propose the following taxonomy to
classify the HSOM methods (Fig.1).

Figure 1. HSOM taxonomy.

This is a possible taxonomy for the HSOM based on their objective and on the type of struc‐
ture used. Therefore, the first partition groups HSOM methods in two main types: the ag‐
glomerative and divisive HSOMs (Fig.2). This partition results from the type of approach
adopted in each HSOM method. In an agglomerative HSOM, we usually have several SOMs
in the first layer (i.e., the layer directly connected to the original data patterns), and then
fuse the outputs in a higher level SOM, while in the divisive HSOM, we will usually have a
single SOM in the first layer, and then have several SOMs in the second layer.
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In the agglomerative HSOM (Fig.2a), the level of data abstraction increases as we progress
up the hierarchy. Thus, usually the first level on the HSOM is the more detailed representa‐
tion (or a representation of a particular aspect of the data) and, as we ascend in the structure,
the main objective is to create clusters that will be more general and provide a simpler, and
arguably easier, way of seeing the data.

Figure 2. Types of hierarchical SOMs: a) agglomerative and; b) divisive.

In the divisive HSOM (Fig.2b), the first level is usually less accurate and uses small net‐
works. The main objective of this level is to create rough partitions, which will be more de‐
tailed and accurate as we ascend in the levels of HSOM.
In the second taxonomic level, agglomerative HSOMs can be divided into thematic and
based on clusters while divisive HSOMs can be divided into static or dynamic. In the follow‐
ing, we will present a description on each category.
3.1. Thematic agglomerative HSOM
The first class of agglomerative HSOMs is named Thematic. The name results from the fact
that the input space is regarded as a collection of subspaces, each one forming a theme. Fig.3
presents a diagram exemplifying how HSOM methods are generally structured in this category.

Figure 3. Thematic HSOMs
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In a thematic HSOM, the variables of the input patterns are grouped according to some cri‐
teria, forming several themes. For instance, in the case of census data, variables can be
grouped into different themes such as economic, social, demographic or other. Each of these
themes forms a subspace that is then presented to an SOM, and its output will be used to
train a final merging SOM. As already stated, the type of output sent from the lower level
SOM to the upper level can vary in different applications.
In Fig.3, each theme is represented by a subset of the original variables. Assuming that each
original data pattern (with all its variables) would get represented by a grey circle, a portion
of that circle is used to represent the subset of each data pattern used in each theme.
This structure presents several advantages when performing multidimensional clustering.
The first advantage is the reduction of computation caused by the partition of the input
space into several themes. This partition also allows the creation of thematic clusters that,
per se, may be interesting to the analyst. Thus, since different clustering perspectives are
presented in the lower level, these can be compared to the global clustering solution allow‐
ing the user to better understand and explore the emerging patterns.
3.2. Agglomerative HSOM based on clusters
This category is composed by two levels, each using a standard SOM (Fig.4). The first level
SOM learns from the original input data, while its output is used in the second level SOM.
The second level SOM is usually smaller, allowing a coarser, but probably easier to use, defi‐
nition of the clusters. In this architecture, if only the coordinates of the bottom level SOM are
passed as inputs to the top level, each unit of the top level SOM is BMU for several units
from the first level. In this case, the top level is simply clustering together units of the bot‐
tom level, and the final result is similar to using a small standard SOM. However, this meth‐
od has the advantage of presenting two SOMs mapping the same data with different levels
of detail, without having to train the top level directly with the original patterns. Fig.4
presents the diagram of this category of HSOM.

Figure 4. HSOMs based on clusters

A HSOM based on clusters will be significantly different from a standard SOM if, instead of
using only the coordinates of the BMU, more information is passed as input to the top level.
As an example, one might use both the coordinates and the quantization error of the input
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patterns as inputs to the top level. In this case, the top level SOM will probably cluster to‐
gether patterns that have high quantization error (i.e. patterns that are badly represented) in
the first level. Thus the top level SOM could be used to detect input patterns that, by being
misrepresented in the first level, require further attention.
The name proposed for this class (HSOM based on clusters) stems from the fact that the bot‐
tom level SOM uses the full patterns to obtain clusters, and the information about those
clusters is the input to the top level SOM. Depending on what cluster information is passed
on, the HSOM based on clusters may be similar or very different from the standard SOM.

3.3. Static divisive HSOM
In this category, the HSOM has a static structure, defined by the user. The number of levels
and the connections between SOMs are predefined according to the objective. Fig.5 presents
two examples of HSOM structures possible in this category.

Figure 5. Static HSOMs: a) structure in which each unit will originate a new SOM and; b) structure in which a group of
units will originate a new SOM.

In the first case (Fig.5a) the bottom level SOM creates a rough partition of the dataset and, in
a second level, an SOM is created for each unit of the first level SOM. Each of these second
level SOMs receive as input only the data patterns represented by its origin unit in the bot‐
tom level that acts as a gating device.
In the second case (Fig.5b), each top level SOM receives data from several bottom level
units. This allows different levels of detail for different areas of the first level SOM.
The main advantages of Static divisive SOMs over large standard SOMs are the reduction of
computational effort due to the small number of first level units (and only some of the top
level units will be used in each case), and the possibility of having different detail levels for
different areas of the SOM. If, for example, we want to train a 100x100 unit SOM, we may
use a bottom level SOM with 10x10 units, and a series of 10x10 unit SOMs to form a mosaic
in the second level. While each training pattern will require the computation of 10.000 dis‐
tances in the first case, it will require only 100+100=200 distances in the second.
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3.4. Dynamic divisive HSOM
Finally, the category of dynamic divisive HSOMs is characterized by the structure’s selfadaptation to data. These methods, also known as Growing HSOM [61], allow the growth of
the structure during the learning phase. Two types of growth are allowed: horizontal and
vertical growth. The first concerns the increase in the number of units of each SOM, while
the second concerns the increase of the number of layers in the HSOM (Fig.6).

Figure 6. Dynamic HSOMs

A diagram of this type of HSOM is shown in Fig.6. The size of each level SOM and the num‐
ber of levels is defined during the learning phase and relies on some criteria such as the
quantization error.

4. Some HSOM implementations proposed in the literature
One of the first works related to HSOM was proposed by Luttrell in [40]. In his work, hier‐
archical vector quantization is proposed as a specific case of multistage vector quantization.
This work stresses the difference in the input dimensionality between standard and hier‐
archical vector quantization and proves that distortion in a multistage encoder is minimised
by using SOM.
[38] analyses the HSOM as a clustering tool. The structure proposed is based on choosing,
for each input vector, the index of the best-matching unit from the first level to train the sec‐
ond level map. The first level produces many small mini-clusters, while the second produ‐
ces a smaller number of broader and more understandable clusters.
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HSOM has proved to be quite valuable for processing temporal data, often using different
time scales at different hierarchical levels. An example is the work of [58, 60], where the
authors use HSOM to perform sequence classification and discrimination in musical and
electric power load data. Another example is [62] where HSOM is used to process sleep
apnea data.
Another class of HSOM is proposed in [61]with the Growing Hierarchical Self-Organizing
Map (GHSOM). This neural network model is composed of several SOMs, each of which is
allowed to grow vertically and horizontally. During the training process, until a given crite‐
rion is met, each SOM is allowed to grow in size (horizontal growth) and the number of lay‐
ers is allowed to grow (vertical growth) to form a layered architecture such that relations
between input data patterns are further detailed at higher levels of the structure. One of the
problems of GHSOM is the definition of the two thresholds used to control the two types of
growth. Several authors proposed some variants to this method to better define these crite‐
ria. One example is the Enrich-GHSOM [50]. Its main difference is the possibility to force the
growth of the hierarchy along some predefined paths. This model classifies data into a predefined taxonomic structure. Another example of a GHSOM variant is the RoFlex-HSOM
extension [57]. This method is suited to non-stationary time-dependent environments by in‐
corporating robustness and flexibility in the incremental learning algorithm. RoFlex-HSOM
exhibits plasticity when finding the structure of the data, and gradually forgets (but not cat‐
astrophically) previous learned patterns. Also,[63] proposed a Tension and Mapping Ratio
extension (TMR) to the GHSOM. Two new indexes are introduced, the mapping ratio (MR)
and the tension (T) that will control the growth of the GHSOM. MR measures the ratio of
input patterns that get better represented by a virtual unit, placed between two existent
units. T measures how similar are the distances between all the units.
Another example of HSOM is proposed in [64] with the Hierarchical Overlapped SOM (HO‐
SOM). The process starts by using just one SOM. After completing the unsupervised learn‐
ing, each unit is labelled. Then, a supervised learning method is used (LVQ2) and units are
merged or removed, based on the number of mapped patterns. After this, a new LVQ2 is
applied and, based on the classification quality, additional layers can be created. The process
is then repeated for each of these layers.
A similar structure is presented in [65], which proposes a cooperative learning algorithm for
the hierarchical SOM. In the first layer, some BMUs are selected, and for each of these BMUs
a SOM in the second layer is created. Input patterns used in this second level SOM are de‐
rived from the original BMU.
Ichiki et al.[43] propose a hierarchical SOM do deal with semantic maps. In this proposal,
each input pattern is composed by two parts: the attribute and the symbol,X i = X ai X si .The

attribute partX ai is composed by the variables describing the input pattern, while the symbol
partX si is a binary vector. The first level SOM is trained using both parts of the patterns,
while the second level SOM only uses the symbol set and information from the first level.

HSOM has also been used for phoneme recognition [51]. The authors use sound signal at‐
tributes in a first level SOM to classify the phonemes into pause, vocalised phoneme, non-
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vocalised phoneme, and fricative segment. After phonemes are classified, a feature
frequency-scale vector is used to train the corresponding second level SOM.
A different approach called tree structured topological feature map (TSTFM) is presented in
[37]. This approach uses a hierarchical structure to search for the BMU, thus reducing com‐
putation times. While the purpose of this approach is strictly to reduce computation times,
its tree searching strategy is in effect a series of static divisive HSOMs.
Miikkulainen [41] proposes a hierarchical feature map to recognize an input story (text) as
an instance of a particular script by classifying it in three levels: scripts, tracks and role bind‐
ings. At the lowest level, a standard SOM is used for a gross classification of the scripts. The
second level SOMs receives only the input patterns relative to its scripts, and different tracks
are classified at this level. Finally, in the third level a role classification is made.
Table 1 provides a classification using the proposed taxonomy for the HSOM discussed above.

Method

Classification in proposed taxonomy
1st level

2nd level

Main objective

[40]

Agglomerative

thematic

Vector quantization

[38]

Agglomerative

cluster based

Clustering

[58][60]

Agglomerative

cluster based

Sequential data classification and discrimination

[61]

Divisive

dynamic

Exploratory data mining

[50]

Divisive

static

Exploratory data mining

[57]

Divisive

dynamic

Exploratory data mining

[63]

Divisive

dynamic

Exploratory data mining

[64]

Divisive

static

Exploratory data mining

[65]

Divisive

static

Clustering

[43]

Agglomerative

cluster based

Create Semantic maps

[51]

Agglomerative

thematic

Phoneme recognition

[37]

Divisive

static

Clustering

[59]

Agglomerative

thematic

Capture the various levels of information in a musical piece

[41]

Divisive

static

Story recognition

Table 1. Comparison table of HSOM methods

4.1. GeoSOM Suite’s HSOM implementation
The GeoSOM Suite is a public domain software package for working with SOMs that is par‐
ticularly oriented towards geo-referenced datasets. It is implemented in Matlab® and uses
the public domain SOM toolbox [66]. A standalone graphical user interface (GUI) was built,
allowing non-programming users to evaluate the SOM and GeoSOM algorithms. GeoSOM,
proposed in [67], is an extension of SOM, specially oriented towards spatial data mining.
The GeoSOM Suite is freely available at [68]. The purpose of GeoSOM Suite is to: 1) present
spatial data; 2) train maps with the SOM and GeoSOM algorithms; 3) produce several repre‐
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sentations (views) of the data and; 4) establish dynamic links between views, allowing an
interactive exploration of the data.
The GeoSOM Suite implementation of HSOM uses a thematic agglomerative hierarchical
SOM (see taxonomy in Fig.1). Fig.7 presents a scheme of the HSOM where several thematic
SOMs are created, according to the themes used.

Figure 7. Hierarchical SOM (HSOM) used in this paper. Labels a, b and c refer to different themes.

This HSOM divides the input data space into several subspaces according to different
themes. Fig.7 shows an example of HSOM using three themes: a, b and c. Each of these
themes can be viewed as a subspace created by a subset of variables from the dataset. For
instance, if theme a is demography, some of the possible variables to use in it are the age
structure, the number of inhabitants, the number of births, etc.
Each of these data subspaces is used to train a SOM, and its output will be used to train a
final merging SOM. When compared to the standard SOM, this approach has the advantage
of setting an equal weight for each theme.
Generally, HSOM implemented can be described as follows:
Let
X be the set of n training patterns X1,X2,...Xn.
Xi be a vector with m components d1,...dm
t be a theme composed by kt components of Xi from d1,...dkt
st be a thematic SOM map relative to the theme t, i.e. a SOM trained with the
components of Xi belonging to theme t.
oi be the image of Xi in the maps St, i.e. the concatenation of the outputs of
all the maps St when patternxi
is presented.
O be the set of all.
oi
This set constitutes the modified training set for the top level SOM.
Do
1 For each theme t
2 Train each thematic SOM map st in a standard way using as input the relevant
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components of X
3 Create the set of modified training patterns O as a concatenation of the possible outputs of maps St, using for each input pattern:
a. The coordinates of its BMU.
b. Its quantization error.
c. Its distance to each unit(i.e., all quantization errors).
4 Train the top level SOM using as input the set of modified training patterns
O.

GeoSOM Suite’s implementation of HSOM is shown in Fig.8. GeoSOM suite presents an in‐
terface where the user can choose the HSOM inputs, based on the SOMs created before,
and/or the original variables. Thus, to create a structure like the one presented in Fig.7, the
user must create three first level SOMs. Each of these SOMs will use the variables relative to
one theme. Then the user can create the HSOM by choosing as input data the outputs ob‐
tained from the three SOMs. Fig.8 presents a screen-shot of GeoSOM Suite in which this se‐
lection and the HSOM parameterization is shown.

Figure 8. HSOM implementation in GeoSOM suite. In this example, two SOMs are trained using buildings and popula‐
tion age data. An HSOM is parameterized using these two SOM’s outputs (BMU coordinates and quantization error)
and the geographical coordinates of each ED.

5. Conclusions
In this chapter we presented a case for using Hierarchical Self-Organizing Maps (HSOM)
when analysing high dimensional spatial data. We showed that several different approaches
can be used to construct HSOM, and presented a taxonomy for them. We pointed out
strengths and shortcomings of the different variants, and reviewed several previous propos‐
als of HSOM in the light of the proposed taxonomy. Finally, we presented an implementa‐
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tion of a HSOM that is particularly well suited for spatial analysis. This implementation is
publically available for general use at [68].
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Chapter 13

Self-Organizing Maps: A Powerful Tool for the
Atmospheric Sciences
Natasa Skific and Jennifer Francis
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/54299

1. Introduction
Self-organizing maps (SOMs) are a powerful tool used to extract obscure diagnostic infor‐
mation from large datasets. In the context of issues related to threats from greenhouse-gasinduced global climate change, SOMs have recently found their way into atmospheric
sciences, as well. In meteorology SOMs provide a means to visualize the complex distribu‐
tion of synoptic weather patterns over a region of interest (Hewitson and Crane 2002), ex‐
plore extreme weather and rainfall events (Hong et al. 2005, Zhang et al. 2006, Uotila et al.
2007), classify cloud patterns (Tian et al. 1999, Ambroise et al. 2000) and reveal causes and
effects of climate changes projected using global climate models (Lynch et al. 2006; Cassano
et al. 2007, Skific et al. 2009a, 2009b).
The SOMs’ unsupervised learning algorithm reduces the dimension of large data sets by
grouping similar multi-dimensional fields together and organizing them into a two-dimen‐
sional array (Kohonen 2001). To a trained operational meteorologist the interpretation of
SOMs is intuitive, as they are reminiscent of synoptic charts arranged adjacent to one anoth‐
er according to their similarity (much like tracking a weather system in time, as is done in
synoptic meteorology, Hewitson and Crane 2002). Although still largely underutilized,
SOMs are gradually becoming more widely used for applications in atmospheric science.
Unlike most traditional clustering algorithms, SOMs attempt to conserve space continuum,
utilizing the information from the provided data. The resulting clusters will therefore have
some resemblance because the process of SOM creation assumes that a single sample of data
will contribute to the creation of more than one cluster, as the whole neighborhood around
the best matching cluster is also updated in each step of training. It will also result in a more
detailed presentation of particular features appearing on neighboring clusters, if the infor‐
mation from the original data enables it to do so. On the other hand, as the SOMs attempts
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to span a continuous data space, some of the resulting clusters may have only a few mem‐
bers ascribed to them, in the attempt to overlap the data gap or the region where data infor‐
mation exists but is very sparse.
This chapter provides a brief summary of several experiments using SOMs to explore how
Arctic climate will change by the end of the 21st century. It demonstrates how the SOM tech‐
nique can be adapted to quantify a change in a meteorological variable of interest and possi‐
bly reveal the underlying mechanism driving that change.

2. Data preparation
In this application, the high-dimensional data subjected to SOM analysis are daily fields of
sea-level pressure (SLP) anomalies simulated by the Community Climate System Model,
version 3 (CCSM3), for time periods from 1960 to1999, 2010 to 2030, and 2070 to 2089. The
latter two periods are extracted from a simulation for the “worst-case scenario: of green‐
house gas emissions for the 21st century as specified by the Special Report on Emission Sce‐
narios, SRES A2 (Nakicemovic and Swart 2000). These scenarios are based upon
assumptions for future greenhouse gas pollution, land use, global economic development,
etc. The SLP fields are then interpolated from the original 1.4º x 1.4º grid to a 200 km x 200
km Equal Area-Scalable Earth (EASE) grid (Armstrong et al. 1997), covering the area north
of 60ºN and consisting of 51 x 51 grid points. Interpolation to an equal area grid avoids er‐
rors that might occur owing to equal weighting in the SOM algorithm of the original lati‐
tude-longitude grid boxes, which decrease in size toward the pole.
Daily SLP anomalies are then derived by subtracting the gridpoint SLP from the domainaveraged SLP for each daily field (Cassano et al. 2007). The spatial distribution of the daily
SLP anomalies represent the SLP gradient, which drives the strength and direction of the
circulation, without being influenced by fluctuations in the area-mean absolute SLP values.
Areas with elevation higher than 500 m are removed from the fields because pressure reduc‐
tion to sea level can lead to unrealistic singularities emerging in the SOM training, which
then obscure the realistic patterns.

3. SOM methodology
The SOM consists of a two-dimensional grid of clusters or nodes, which in this case is a grid
of SLP anomaly maps. Each node i corresponds to an n-dimensional weight or reference vec‐
tor, mi, where n is the dimension of the input data, treated as a vector created from the gridpoints in each sample.
The initial step of this routine is the creation of a first-guess array, which consists of an arbi‐
trary number of nodes and corresponding reference vectors. In this study we use a grid of 35
nodes, creating a 7x5 array. Slightly smaller and larger SOM matrices were tested to deter‐
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mine a suitable number of nodes for this analysis. If the matrix is too small, some character‐
istic atmospheric patterns may not be represented; if it is too big, adjacent patterns will be
too similar and visualization is unwieldy. The 7x5 matrix appears to capture and separate
the important differences in pressure patterns. Moreover, the results are not affected by
small differences in the matrix size (see Skific et al. 2009a).
The reference vectors are created at the beginning using linear initialization, which consists
of first determining the two eigenvectors with the largest eigenvalues, then letting these ei‐
genvectors span the two-dimensional linear subspace (Kohonen 2001). We use the cova‐
riance matrix of the input SLP dataset to determine the two eigenvectors. In this case the
centroid of a rectangular array of initial reference vectors identified with array points corre‐
sponds to the mean of the sea level pressure values, and the vectors identified with the cor‐
ners of the array correspond to the largest eigenvalues. By initiating a SOM in this way, the
procedure starts with an already ordered set of weights, then training begins with the con‐
vergence phase. Linear initialization helps achieve faster convergence, which is an advant‐
age of this procedure over other methods (i.e., random initialization), but the SOM results
are not sensitive to the selected initialization method. In the process of training, each data
sample (i.e., one daily map of SLP) is presented to the SOM in the order it occurs in the orig‐
inal data set.
The similarity between the data sample and each of the reference vectors is then calculated,
usually as a measure of Euclidean distance in space. In this process, the “best match” node is
identified as that with the smallest Euclidean distance between its reference vector and the
data sample. Only the vectors for the best-matching node and those that are topologically
close to it in the two-dimensional array are updated. The updating scheme is shown below
mi (t + 1) = mi (t) + h ci (t) ⋅ x(t) − mi (t) ,
where t is a discrete-time coordinate, mi is a reference vector, x is a data sample, and hci is a
neighborhood function (Kohonen 2001), usually in the form of the Gaussian function,
h ci = a(t) ⋅ exp( −

r c − ri
2σ 2(t )

2

.

α is the training rate function (usually an inverse function of time), r is the location vector in
the matrix, ||rc-ri|| corresponds to the distance between the best-matching node (location rc)
and each of the other nodes (location ri) in the two-dimensional matrix, and σ defines the
width of the kernel, or a relative distance between nodes, often referred to as the radius of
training. The training procedure is controlled by the training rate α, the training radius r,
and the duration of training, which is fixed at 20 times the number of data samples. This
choice is based on the “rule of a thumb” for optimal training length, which should be longer
than 500 times the vector size (see Kohonen 2001). The initial value of r is 4, and decreases
linearly in time. The training scheme is repeated several times, with the training rate re‐
duced by an order of a magnitude each time. At the end of each trial the mean quantization
error is calculated, defined as
mqe =

∑Mi =1 ( xi − mc )2
M

,
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where xi is a data sample, M is the number of samples, and mc is its best matching unit out of
35 reference vectors. A smaller mean quantization error indicates a closer resemblance be‐
tween mc and the daily SLP anomaly fields. Once the smallest mean quantization error is
found, we then fine-tune the training by varying the training rate slightly around that value
and calculating the error for each trial. The training is complete once the smallest mean
quantization error is identified, as the reference vectors from that training best approximate
the data space of interest. The final reference vectors are then mapped onto a 2D grid, with
their locations in the matrix corresponding to their matching nodes. The maps in the result‐
ing matrix represent the predominant patterns in which the atmosphere tends to reside, or
alternatively the centroid of the particular data cluster.
Although the measure of similarity between the data and the reference vector is linear, it is
this iterative training procedure that allows the SOM to account for the non-linear data dis‐
tributions (Hewitson and Crane 2002). The non-linear approximation of the data space is
therefore a great advantage of the method compared to some other approaches, such as em‐
pirical orthogonal functions (EOFs) (Reusch et al. 2005).

4. SOMs application in practical meteorology
4.1. Detection of regional climate change
Once the SOM has been trained and the final set of reference vectors has been identified,
daily fields of SLP anomalies can be mapped to the best-matching pattern to form clusters of
daily maps that are most similar to each pattern. This is achieved by finding the pattern in
the SOM that minimizes the Euclidean distance between itself and the daily field. Once all
the SLP anomaly fields have been assigned to a node, the frequencies of occurrence (FO) can
be determined, i.e., the fraction of daily fields that reside in each cluster. Ascribing a particu‐
lar daily SLP sample to a specific circulation pattern in the SOM also enables an analysis of
associated variables (such as temperature, precipitation, cloud amount, etc.) for the same
days as those in each cluster. By mapping the new variable onto a particular SLP-derived
cluster, the matrix of maps for any other variable can be used to describe the conditions as‐
sociated with a specific circulation regime. The following examples elaborate this procedure
in more detail.
Figure 1a shows dominant circulation regimes in which Arctic atmosphere resides, accord‐
ing to the CCSM3 model output described above. These clusters or neuronal weights form a
discrete approximation of the data distribution, which in the process of SOM creation, be‐
come organized on a 2D grid. Clusters near each other on the grid are more similar than
clusters farther away. Most distinct patterns are situated in the corners of the map, while the
cluster positions on the master SOM and their mutual distances approximate the probability
density function of a given dataset. This technique results in an overlap among neighboring
clusters because the process of training a single data sample will contribute to defining the
neighboring clusters as well, not only to the most similar one.
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In this example, the clusters in the lower right side of the master SOM are characterized by a
pronounced low pressure center in the North Atlantic and Pacific region, and high pressure
over the Eurasian continent. These features bare close resemblance to the North Atlantic Os‐
cillation (NAO), the most dominant SLP mode of variability in the high-latitude winter at‐
mosphere. The upper right side of the master SOM has cluster groups characterized by a
pronounced low pressure in the North Atlantic that extends farther northward and east‐
ward, towards the Norwegian and Barents Seas. A strong high-pressure ridge generally re‐
sides over the western Arctic in these clusters. The lower left corner of the map contains
clusters with low pressure over the Arctic, while in the clusters of the upper left corner low
(high) pressure is generally present in the western (eastern) Arctic. The clusters in the mid‐
dle of the map show a weak or moderate ridge over the central Arctic region.
Further insight about the relationships between adjacent nodes is provided by the so-called
Sammon map (Figure 1b). This distortion surface is a projection of Euclidean distance be‐
tween neighboring nodes of the SOM matrix (Figure 1a) to a set of 2D vectors, following a
Sammon mapping algorithm (Sammon 1969). Numbers 1 to 35 on the distortion surface cor‐
respond to the nodes on the SOM matrix, from the upper left to the bottom right corner of
the map. Generally, the closer two nodes are together on the Sammon map, the more similar
they are to each other. Although the distortion surface generally conforms to the expected
rectangular shape of the SOM matrix (Figure 1a), some more detailed relationships between
the nodes are revealed. One can see that nodes on the left of the SOM are closer in Euclidean
space than those on the right. This shows that node distribution approximates the multi-di‐
mensional distribution function, as the nodes are more closely spaced in regions where data
density is higher, i.e., where nodes have more members in their group. The Sammon map is
also useful for visualizing the process of creating the SOM. If one were to draw a Sammon
projection at each step of SOM training, each iteration would look like a wrinkled tablecloth
that is gradually becoming less wrinkled, until at the end of the training, it resembles its fa‐
miliar rectangular shape (Figure 1c).
To better understand the origin and characteristics of circulation patterns in the master
SOM, we create monthly histograms of CCSM3 mean SLP for each node in the SOM. Figure
2 shows a matrix of histograms corresponding to the master SOM (Figure 1). The x-axis of
each histogram is a month, while the y-axis is the number of times that this particular cluster
was a best match for an individual daily SLP map during that month. The histograms illus‐
trate the frequency with which a particular regime occurs during each month. As mentioned
earlier, the clusters on the right side are recognized as the NAO pattern, which is most com‐
mon in winter. The histograms for these clusters confirm that the non-summer days are
most likely to have these patterns. A single cluster in the upper left corner of the master
SOM also describes non-summer circulation patterns. These cold-season histograms show
that the clusters with pronounced low pressure in the North Atlantic along with a ridge
over the Eurasian continent or over the western Arctic occur most frequently in the winter
months. Come spring, although still present, these patterns become less frequent through
summer, then increase again in fall. These patterns thus depict the annual cycle of develop‐
ment and intensification of the Icelandic low, influenced by strong temperature gradients
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along the sea ice margins (Serreze 1995; Serreze et al. 1997a), “splitting” of lows moving in
from the south and southwest by the high orographic barrier of Greenland (Serreze and Bar‐
ry 2005), and lee-side vorticity production off the southeast coast of Greenland (Petersen et
al. 2003). The vigorous synoptic activity in the Atlantic is also related to the large moist static
energy transport into the Arctic through this sector (Overland et al. 1996). Features towards
the middle left side of the master SOM are primarily summer patterns, with increased FOC
as the warmest season approaches. They are characterized by either weak low pressure,
most commonly in the western Arctic, or a weak atmospheric ridge over the central Arctic.

(a)
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(b)

t =20

t =1000

t =5000

t =100000

(c)

Figure 1. a: Master SOM of sea level pressure anomaly patterns (hPa) derived from daily SLP anomaly fields CCSM3
(1960-1999, 2010-2030, and 2070-2089), and from the ECMWF Reanalysis (ERA-40) from 1958 to 2001. b: Sammon
map of the SOM matrix shown in Figure1 a.c: Projections of reference vectors in 2-dimensional space for various
stages of map training (from Kohonen, 1990).
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Figure 2. Frequency of occurrence displayed as monthly histograms for each node in the master SOM. The x–axis is
month, y-axis is the number of times that node was the best matching unit during that month.

The SOM algorithm keeps track of which days in the data record fall into which of the clus‐
ters, thus one can analyze other variables corresponding to the same days that exhibit that
circulation regime. This is a highly valuable tool for attributing causes for variations in par‐
ticular variables. We illustrate this tool by investigating fields of cloud fraction.
Figure 3 shows cluster-averaged cloud fraction for the CCSM3 1971-1999 period. The fact
that the minimum values are near 50% indicates that the Arctic is a very cloudy place. Low
stratus clouds account for over 80% of the total cloud cover in this region. Clusters on the
right side of the map correspond to the cold-season regimes, and as expected, these are char‐
acterized by lower values of cloud fraction, typically around 50% for the central Arctic re‐
gion. Summer patterns, located in the middle left of the SOM, show the most extensive
cloud cover for the central Arctic, ranging around 75%. The projection of cloud features on a
geographic map assist in understanding the reasons for observed cloud patterns. Variability
over the central Arctic, for example, is primarily driven by the seasonality in the low-level
stratus, which is related to the availability of moisture. In summer when the surface is melt‐
ing, evaporation increases and clouds are more abundant than in the much colder winter
months when evaporation is small (Beesley and Moritz 1999). The Atlantic sector, in con‐
trast, is frequently overcast, reflecting abundant moisture and intense cyclonic activity, par‐
ticularly during the winter season. Large cloud fractions over the Scandinavian Peninsula in
winter patterns (right side of the map) are due to orographic uplift at the continental boun‐
dary. Heavy overcast is also seen along the land-ocean boundary in the summer patterns (in
the middle left of the SOM). These areas of increased cloudiness likely reflect summer cy‐
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clonic activity in connection with the development of the summer Arctic frontal zone. This
discontinuity is sustained by differential heating between the Arctic Ocean (at temperatures
kept at the melting point) and snow-free land, as well as sharpening of the baroclinicity by
coastal orography (high topography can “trap” the cold ocean air). Increased summer cloud
fraction over Eurasia and northwestern Canada likely also reflects increased cyclogenesis
over land areas and more abundant convective clouds, in contrast to the winter months that
are dominated by low stratus.

Figure 3. Node- averaged cloud fraction (in %) ascribed to a corresponding SLP pattern of the master SOM.

Another related variable that is highly dependent on cloud characteristics is the downward
longwave (infrared) radiation flux (DLF). This is an important quantity for studies of the
Arctic energy balance, as no energy is received from the sun during the 6-month polar night.
Figure 4 shows cluster-averaged downward longwave flux (DLF), corresponding to each
circulation pattern on the master SOM (Fig 1). The spatial pattern of the mean DLF is similar
to the distribution of total cloud fraction (Fig 3), underscoring the close relationship between
DLF and cloud properties. During the cold season (patterns on the right of the matrix) the
highest values of DLF occur in the Atlantic sector, where cloud cover is extensive both hori‐
zontally and vertically, water vapor is abundant, and temperatures are relatively warm. The
surface elevation of central Greenland is above much of the cloud cover, which along with
low temperatures and humidity values, results in low DLF values in all clusters and sea‐
sons. Higher values of DLF for the clusters on the left side of the map, corresponding to the
summer patterns, are related to seasonal increase of surface temperature and atmospheric
water vapor.
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Figure 4. Node-averaged downward longwave flux (W m-2) ascribed to each individual SLP pattern on the master
SOM.

In addition to investigations of relationships between circulation patterns and correspond‐
ing atmospheric variables, the SOM analysis also allows an assessment of changing tenden‐
cies for the atmosphere to reside in particular circulation patterns. These kinds of questions
are relevant to climate-change studies (for example, whether summer-like patterns are be‐
coming more frequent as the climate warms, or whether the relative locations of high and
low pressure centers are shifting.
The top two panels of Figure 5 display the percentage of winter and summer days that fall
into each node during the late 20th century. Corresponding to the histograms shown in Fig‐
ure 2, it is clear winter days tend to exhibit the circulation patterns along the right side of the
master SOM, while summer patterns occur in nodes in the center left. By calculating fre‐
quencies of occurrence (FO) in two time periods, one can determine whether the atmospher‐
ic circulation patterns are shifting. We present an example in the lower panel of Figure 5 that
assesses changes in the FOs of each cluster on the master SOM from the late 20th century
(1971-1999) to the late 20st century (2070-2089). Black solid (dashed) contours show areas of
significantly (> 95% confidence) higher (lower) difference in frequency of occurrence. The
range in a 95% confidence interval,
±1.96

p1(1 − p2)
n2

+

p2(1 − p2)
n2

,
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where p1(1-p1)/n1 and p2(1-p2)/n2 are variances of two independent, random, binomial
processes, p1 and p2 are the expected frequencies of occurrence for the two time periods
(p=1/35), n1 is the number of samples in the first data set, and n2 is the number of sam‐
ples in the second data set (for more details see Cassano et al., 2007). Because this statis‐
tical test does not account for the effects of serial correlation in the daily SLP fields, and
thus likely overestimates the degrees of freedom, we determine an approximation for the
effective degrees of freedom by dividing the number of samples of the two data sets by
7. This value is determined from the serial correlation of the SLP time series, which indi‐
cates that the atmosphere tends to reside in a circulation regime for about one week.
This procedure decreases the degrees of freedom, thus establishing a higher threshold
for determination of a significance level.

Figure 5. Frequency of occurrence (FO) of winter (DJF) days (upper left) and summer (JJA) days (upper right) in
CCSM3. Frequencies are presented as percent of total days of the 1971-1999 period that map into each node of the
master SOM. Change in FO from the late 20th century to the late 21st century is shown in bottom panel. Significantly
larger (smaller) differences are indicated with solid (dashed) lines, with a level of confidence above 95%.

A pronounced, statistically significant increase is apparent in patterns with low pressure
over the central Arctic (left of the master SOM, Figure 1), as well as those with strong high
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pressure across the western Arctic region and strong low pressure in the Atlantic sector and
eastern Arctic (upper right SOM). The clusters in the middle, mostly dominated by a weak
or a moderate high pressure over the central Arctic, decrease significantly. Taken together
these changes represent a decrease in pressure over the central Arctic in this greenhousegas-forced model projection, but SOMs and their corresponding FOs allow for a more de‐
tailed, quantified look at regional variability in pressure change.
4.2. Attribution of regional climate change
This section demonstrates how the SOM technique can be adapted to better understand
what processes are driving the change in a variable of interest. Cassano et al. (2007) formu‐
lated a method that separates the factors contributing to a temporal change in a variable of
interest into the portion caused by a change in the FO of daily maps in a cluster, the portion
due to a change in the cluster-mean value of the physical variable, and a third due to a com‐
bination of the two effects. The equation is given as follows:

=
Dx

N

å (xi + Dxi )( fi + Dfi ) - xi fi
i =1

(1)

where Δx is the total change in a variable between two different time periods, xi is the clus‐
ter-averaged variable in the initial time period, fi is the FO of the daily maps in cluster i dur‐
ing the initial period, Δfi is the change in FO for cluster i between the two periods of interest,
Δxi is the change in the cluster-averaged variable between the two periods of interest, and N
is the total number of clusters (N = 35 in this study). Expanding (1):
D=
x

N

å=t

1( xi Dfi + fi Dxi + Dxi Dfi ).

(2)

The first term, xiΔfi relates changes in the pressure field to changes in the FO of circula‐
tion patterns. It shows a portion of the total change owing to shifts in the frequencies
with which daily SLP fields reside in the patterns depicted in the SOM. A change in this
distribution represents a change in the surface circulation, and thus we loosely refer to
this contribution as the “dynamic factor.” The second term, fiΔxi, relates to temporal
changes in the variable of interest averaged over all days that belong to a cluster. In the
case of cloud fraction, changes of this type are likely caused mainly by thermodynamic
effects – such as changes in the horizontal and vertical distribution of water vapor, vary‐
ing moisture and temperature gradients, or changes in evaporation—thus we refer to this
contribution as the “thermodynamic factor”
(Cassano et al. 2007; Skific et al. 2009a;
2009b). The third term in Eq. 2 represents the contribution from the interaction of both
changing pattern frequency and the cluster-averaged variable. This term tends to be
small compared to the other two.

Self-Organizing Maps: A Powerful Tool for the Atmospheric Sciences
http://dx.doi.org/10.5772/54299

(a)

263

264

Applications ofand
Self-Organizing
Developments
ApplicationsMaps
of Self-Organizing Maps

(b)
Figure 6. a: Annual and seasonal changes in total cloud fraction (%) in the region north of 70°N in the CCSM3 from
the late 20thcentury (1971-1999) to the late 21st century (2070-2089). Contributions to the total change from the dy‐
namic, thermodynamic, and combined terms are also shown b: Annual and seasonal changes in downward longwave
flux (DLF, in W m-2) over the region north of 70°N in the CCSM3 from the 20th century (1971-1999) to the late 21st
century (2070-2089). Contributions to the total change from the dynamic, thermodynamic, and combined terms are
also shown.

We therefore utilize the derived master SOM and the aforementioned procedure to de‐
termine a portion of a total change in cloud fraction (Figure 6a) and DLF (Figure 6b)
from the late 20th century to the late 21st century due to dynamics, thermodynamics, and
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their combination. The experiment focuses on both the annual and seasonal changes. To‐
tal cloud fraction north of 70ºN is projected to increase by 6.5% by the end of the 21st
century, with largest changes expected to occur in the fall and winter (increase in cloud
fraction of about 2%). The figures show that for both variables, the increase is caused
mainly by the thermodynamics factor, while the contribution to cloud and DLF changes
from shifting FO of particular pressure patterns is relatively small. Thermodynamic proc‐
esses driving the cloud changes are likely related to local temperature changes and their
effects on cloud formation, such as changes in precipitable water that would lead to
changes in cloud amount even under the same dynamics, changes in the temperature
and humidity profiles, and changes in relative humidity owing to changes in evapora‐
tion. The largest increase in cloud fraction in this model run occurs in the fall season
and smallest in the summer (Figure 6a). These changes are driven by the projected in‐
creases in surface temperature, which are strongest in fall and winter. It also suggests
that the seasonality in cloud cover over the Arctic is primarily driven by low-level stra‐
tus (Serezze and Barry 2005), as they constitute about 80% of the total cloud cover over
the central Arctic Ocean. They are greatly affected by the changes in surface temperature
through its affect on the stratification of the atmospheric boundary layer. Fall and winter
seasons have experienced the largest changes in surface temperature in connection with
the loss of sea ice and resulting increased absorption of solar energy into the Arctic
Ocean.
DLF increases most in the winter (by 12.6 W m-2, Figure 6b), which points to the sensitivity
of DLF to surface temperature, water vapor, and cloud cover. Small summer increases in
both cloud amount and DLF because surface temperature is fixed at the melting point while
sea ice melts, and a heavy overcast of low clouds persists through the melt season. These
relatively constant conditions dictate small changes in DLF. Because the model projects only
a small increase in summer surface temperature by the end of the 21st century, it is expected
that cloud fraction and DLF will not increase substantially either.
Changes in both cloud fraction and DLF are driven mainly by processes that occur for a
fixed circulation regime, which implies that the same synoptic pattern with similar pressure
gradients will generate more clouds and thus a larger DLF occur by the end of the 21st centu‐
ry. Because clouds are an important element of Arctic energy budget, these changes will
feed back on surface temperatures, leading to even higher surface temperatures.

5. Conclusion
Here we present examples of our application of SOMs to understanding changes in the Arc‐
tic climate system as greenhouse gas concentrations continue to increase. The purpose of
this exercise is to illustrate the power and adaptability of the SOM technique for a variety of
scientific applications. Understanding and possibly predicting potential drivers of the Arctic
climate change has great implications for society as a whole, such as sea-level rise, mid-lati‐
tude weather patterns, marine and terrestrial productivity, to name only a few. Linkages be‐
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tween the dramatic changes within the Arctic and the global system remain poorly
understood in present conditions, thus the uncertainty regarding future changes will remain
an important focus for global-change research.
Changes in Arctic cloud fraction and downward longwave flux, and mechanisms responsi‐
ble for those changes, are presented through the rather simple and conceptually appealing
neural network technique of SOMs, introduced in Cassano et al. (2007), and further elaborat‐
ed in Skific et al. (2009a, 2009b). Given the recent and rapid changes of the Arctic climate
system and uncertainties associated with many climate feedbacks over this region, this tech‐
nique offers a valuable contribution toward attributing these changes to either shifts in the
dominant atmospheric circulation patterns or to thermodynamically driven changes in the
set of variables associated with them.
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Chapter 14

Image Simplification Using Kohonen Maps: Application
to Satellite Data for Cloud Detection and Land Cover
Mapping
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1. Introduction
In this study, we present classification results obtained by applying Kohonen maps to Earth
observation data. Earth observation refers to the use of sensors onboard artificial satellites
dedicated to the monitoring of the Earth surface-atmosphere system geophysical properties.
These sensors may perform passive or active remote sensing.
In the domain of Earth Observation, the information delivered by optical telescopes is most
of the time multi-spectral, meaning that several light wavelengths are measured from near
ultraviolet to thermal infrared, depending on the mission [1, 2, 3]. In Synthetic Aperture Ra‐
dar (SAR) imagery, if most of the time only one information is available (the unpolarised
backscatter cross-section in the SAR emitted wavelength), recent satellite missions [4, 5, 6]
deliver polarised response, leading to two to four variables. In both cases (optical and SAR),
Earth Observation interpretation is thus a multivariate problem.
Physical theory used to interpret passive observations is called radiative transfer, while elec‐
tromagnetism is used to interpret active sensor measurements. In both cases, the interpreta‐
tion of satellite images corresponds to the inversion of the physical theory that explains
observation as a function of geophysical parameters describing surface properties and atmos‐
phere. Because satellite imagery is geo-referenced, this retrieval leads to cartographic maps of
Earth-atmosphere geophysical variables (atmosphere gas contents, aerosols and clouds opti‐
cal thickness, vegetation chlorophyll content, surface soil moisture, sea surface salinity etc.).
But physically interpreting satellite imagery requires a classification step prior to the retrieval
of geophysical parameters. Indeed, for the same bio-geophysical variable, the physical inver‐

©
This
is a
distributed
underdistributed
the terms of
the Creative
Commons
© 2012
2012 Angeli
Angeliet
etal.;
al.;licensee
licenseeInTech.
InTech.
This
is paper
an open
access article
under
the terms
of the Creative
Attribution
License (http://creativecommons.org/licenses/by/3.0),
which permitswhich
unrestricted
Commons Attribution
License (http://creativecommons.org/licenses/by/3.0),
permitsuse,
unrestricted use,
distribution,
the
original
work
is properly
cited.
distribution,and
andreproduction
reproductionininany
anymedium,
medium,provided
provided
the
original
work
is properly
cited.

270

Applications ofand
Self-Organizing
Developments
ApplicationsMaps
of Self-Organizing Maps

sion scheme may be different depending on the processed pixel location on Earth. As an exam‐
ple, the chlorophyll concentration in mg.m-3 is not estimated by the same algorithm if the
observed pixel is located on a continental land surface or on liquid water surface. Moreover,
because physical inversion is often an ill-posed problem, an identification step is required to
simplify this problem by a priori knowledge introduction (variables initialisation or default
values). Indeed, land cover maps are often used as auxiliary inputs of physical inversion. A
good example is the land SMOS (Soil Moisture and Ocean Salinity) processing chain [7] which
requires soil properties and land cover classifications. These data give useful information over
the observed surfaces and allow their modelling trough a reduced number of free parameters
which remain to retrieve (soil moisture, optical thickness of the vegetation cover).
Physicists generally use very simple methods to classify the pixels according to their geo‐
physical content: they apply thresholds or threshold cascades, equivalent to decision trees
based on linear tests, on spectral information or spectral information linear compositions.
The choice of the tested variables at each node of the decision tree is based on physical
knowledge, the thresholds values are found empirically by an operator on a few observation
cases. Typical examples are the MODIS (Moderate Resolution Imaging Spectroradiometer)
level 2 cloud mask [8] and the Météo-France ECOCLIMAP classification of land cover at 1
km of resolution [9].
But these kinds of algorithms are very costly in time to develop, and are often imperfect be‐
cause remote sensing problems cannot be stacked into linear subspaces. Indeed, for most ap‐
plications, classification problems on SAR and optics imageries are non linear and
continuous, and should be addressed by Bayesian theory. Moreover, because thresholds are
very sensitive, each time a new sensor is launched, physicists have to redefine the decision
trees or the thresholds values. We thus decided to attempt more automatic and more mathe‐
matically adapted solution to the problem of satellite observation geophysical identification.
In order to underline the achieved progress when using Kohonen maps instead of linear de‐
cision trees, we applied the Mixed Topological Map algorithm (MTM) [10] to two wellknown classification problems in satellite imagery: cloud detection on low resolution (LR)
optics imagery and land cover mapping on high resolution (HR) optics imagery. In the first
use-case, we compared the results obtained by the MTM on MODIS data algorithm with the
Level 2 MODIS cloud mask [8]. We showed that cloud detection is largely improved over
bright surfaces like snow and deserts using the MTM algorithm. In the second use-case, be‐
cause no real-time labelled land cover is available at high resolution spatial scale, we vali‐
dated our results by projecting HRG sensor images (Haute Résolution Géométrique [11])
classified by the MTM algorithm on Google Earth cartographic background, showing that
temporally stable structures (down-town areas, rivers and forests) are correctly detected.
We propose to organise this chapter into four paragraphs. The first paragraph de‐
scribes our methodology. The second one details the application of the MTM algo‐
rithm to MODIS data for cloud detection and includes a cloud detection state of the
art. The third paragraph describes the application of the MTM algorithm to HRG da‐
ta for land cover mapping. Finally, a general conclusion detailing satellite imagery clas‐
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sification improvements using Kohonen map is proposed, and an overview of possible
continuations of the methodology is presented.

2. Methodology
The amount of satellite data available is very large (more than several tenth of millions of
pixels are available each day with low resolution sensors), and thus, statistical methods are
well adapted to develop automatic classification of remote sensing observations. On the oth‐
er hand, the amount of in situ data (ground truth) which could be used as target data for a
supervised learning is very small, meaning not representative, compared to the amount of
available input data (remote sensing pixels). Therefore, applicable statistical tools are unsu‐
pervised, and in-situ data are to be used as test (or validation) data.
Because Kohonen maps are unsupervised algorithms, and moreover because they preserve
the genuine space topology (close neurons on a Kohonen map represent close data accord‐
ing to the dissimilarity that is used during the learning phase), they are good candidates to
address remote sensing data classification. Indeed, topology conservation is essential to fa‐
cilitate the a posteriori physical interpretation of the results, like neurons identification. As
an example, it allows propagating labels to neighbourhood on the Kohonen map (automati‐
cally or not [12]). Another advantage of Kohonen maps is that they are adapted to multivari‐
ate non Gaussian distributions (like we have in remote sensing data ensembles), and they
allow the simultaneous process of quantitative and qualitative variables [10].
Our methodology can be described by three steps: the first step is the data ensembles prepa‐
ration for learning, labelling and testing a Kohonen map, the second step is a Kohonen map
learning and labelling phase, and the third step is the application of a calibrated Kohonen
map to satellite images.
Indeed, the first step corresponds to posing the problem, i.e. encoding the variables to im‐
prove the performance of the targeted classification. This encoding may thus be different
from a problem to another.
The second step realisation (the learning phase) also may differ from a problem to another
because some choices have to be done concerning learning algorithm and parameters (as an
example do we proceed the calibration of the map with or without a priori label, do we
choose a probabilistic map or not, which dissimilarity shall we use etc.), concerning Koho‐
nen map architecture (typically the size of the map), and last concerning the method to label
the map, depending on the quantity and the nature of the available a priori knowledge.
The third step of the method (the application of a calibrated Kohonen map to classify pixels),
may be completed by an image processing algorithm to arrange the results if they are too noisy,
which may be the case for high and very high resolution optical images or SAR imagery. In this
case, the radiometric value of a pixel is replaced by the value of its corresponding neuron
weights prior to the image processing application, in order to simplify the problem.
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In paragraphs 3 and 4, these three steps are detailed in the case of our two use-cases: cloud
detection and land cover mapping using optical imagery.
2.1. Data preparation
In the case of optical imagery, if exception is made of future European Spatial Agency (ESA)
Sentinels missions, the lower spatial resolution, the less available spectral bands, for evident
reasons of data volumetry management. Typically, HR sensors are radiometers equipped
with wide band-pass filters from the green (G) to the near infrared (NIR) and are referred to
as broadband radiometers (BBR), while LR sensors are radiometers equipped with about ten
narrow band-pass filters (sometime more) from the blue (B) to the short-wave infrared
(SWIR), and are referred to as multispectral imagers (MSI). Moreover, a very few MSI like
PARASOL [13] and MISR [14] are multidirectional and polarised, leading to several tenth of
variables by pixel.
As our methodology is general and applicable to both BBR and MSI, we decided the follow‐
ing: each pixel will be represented by all its available spectral information, but avoiding the
bands that are sensitive to gas absorption, which are too sensitive to atmosphere content. A
data is thus an optical pixel defined by several spectral bands, in our case irregularly distrib‐
uted from the blue to the SWIR. No geometrical information (solar and viewing angles, solar
and satellite azimuth angles) is taken into account in the definition of a data vector, but irra‐
diances (e.g. in W. m-2. sr-1. nm-1) are transformed into reflectances (dimensionless) prior to
further computations. Moreover, in order to improve classification quality, we completed
the available spectral information with new variables, created from reflectance data with
various kinds of transformations.
Red (R), green (G) and blue (B) bands were converted into other colour spaces:
1.

The CMYK (Cyan, Magenta, Yellow and Key (black)) space is the colour model used in
colour printing. The black component is used to increase the black density which can be
obtained by addition of magenta, cyan and yellow.

2.

The HSV colour model can be seen as a cylinder space of three components: Hue gives
the colour in degree, Saturation corresponds to the colour intensity in percent and Val‐
ue is the colour brightness in percent.

3.

The CIE L*a*b* (more often called Lab) space have been created by the CIE (Commis‐
sion Internationale de l’Eclairage) so that distances between colours are closer to colour
differences for human eyes. The L* variable indicates the lightness in percent. The col‐
our is explained by two axes: between green (negative) and red (positive) in the compo‐
nent a* and between blue (negative) and yellow (positive) in the component b*.

Moreover, we applied a gamma correction on RGB bands to increase their contrasts [15].
This transformation consists in taking the puissance of the corresponding channel. We used
as exponentiation the value 0.45, generally used for sRGB space. This kind of correction is
currently used to adjust screen or camera.
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Some physical indexes were created from spectral bands, like normalized difference indices.
They are commonly used by scientists to detect different kind of earth surfaces and their
temporal variations:
• The Normalized Difference Vegetation Index (NDVI) is the most common vegetation in‐
dex used. It is created from near-infrared (NIR) and red (R) bands and used by physicists
in order to control the vegetation variation :
NIR − R
NDVI = NIR + R

(1)

• The Normalized Difference Snow Index (NDSI) [16] is made from green (G) and mid-in‐
frared (MIR) bands. The difference between visible and thermal bands allows us discrimi‐
nating snow and cloud :
NDSI =

G − MIR
G + MIR

(2)

• The Normalized Difference Built-up Index (NDBI) [17] is created from mid-infrared (MIR)
and near-infrared (NIR) bands. This index enables distinguishing urban areas :
NDBI =

MIR − NIR
MIR + NIR

(3)

The shape of the spectrum produced for each pixel by spectral bands reflectances is a very
useful indication. Each type of earth surface has its own shape. In order to add this informa‐
tion in the database, we fitted the spectrum of each pixel by a polynomial approximation
using wavelengths values. Depending on the number of spectral bands of the studied sen‐
sor, we used a three or four degree for the polynomial. The calculation of the spectrum de‐
rivative by a simple polynomial derivative is also possible but, in our case, adding these
variables does not allow to improve the classification. Polynomial coefficients are additional
information and they are added in the database.
Some qualitative variables may also be added to the variables vector, like information about
the observed background or the weather, if they are available. They are used in order to in‐
terpret our classification results by comparison to these existing qualitative image masks. If
a mask concerning the targeted classification is available (which is the case for MODIS, be‐
cause a cloud mask is distributed as a Level 2 product), this mask is taken as a priori label,
and it is added to the data vector by the way of integer variables.
All variables were independently normalized between 0 and 1 in order to ensure that they
have the same weight during the Kohonen learning phase, except of the integer variables
(e.g. a priori labels).
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We then posed the problem by taking the imagery pixels as independent data, which, on a
local spatial scale is false, but by sub-sampling images on the full Earth become true. Pixels
for which one variable is missing are not put in the databases.
For the learning database constitution, that must be representative of the problem, we decid‐
ed to equally represent the different observable land covers, in order to avoid under repre‐
sentation of certain geophysical cases. Indeed, choosing a natural sampling of Earth would
lead to a massive representation of water pixels in the data distribution. Moreover, each
type of forest, crop, field, desert, and city are equally important from a physical point of
view. In the case of cloud detection, we did the same according to the weather, by collecting
the same pixel number for each kind of clouds on each earth surface type.
We also constituted a labelling database, smaller than the learning database, in which a pri‐
ori knowledge is equally represented considering the targeted classes. This database will be
used to control or to create the neurons labels, depending on which Kohonen map algorithm
will be used during the learning phase. It is constituted by pixels taken from as many identi‐
fied areas as desired classes, as examples: urban area, forest area, crop area etc.
Finally, the testing database is constituted by all the data that has not been used for the
learning database or the labelling database constitution.
2.2. Calibration and labelling of a Kohonen map
First step of our methodology is the Kohonen map calibration using the learning database.
As already stated, we chose to use the MTM algorithm [10]. This algorithm is a classical
topological map algorithm in which the use of binary variables is allowed. This is done by
declaring which variables from the input vector are continuous and which ones are binary,
and then applying the Euclidian distance to the continuous variables and the Hamming dis‐
tance to the binary variables. The cost function is thus constituted by the sum of two parts:
one is the classical cost function used by the Kohonen Batch algorithm [18] and is based on
the continuous variables (this cost function is denoted Esom in the following); the other part is
the cost function used in the denoted BinBatch algorithm [19] and is based on the binary
variables (denoted Ebin).
For the learning phase, the classical Kohonen iterative scheme is applied, following two
steps: the assignment step and the optimisation step. The assignment step consists in associ‐
ating, for each iteration, each data of the learning database to its closer neuron considering a
current neighbourhood function (which size decreases at each iteration), using a ponderated
sum of the Euclidian distance and the Hamming distance. The optimisation step consists in
calculating the new value of the weights of each neuron using the input vectors assigned to
it. The neurons weights are defined as the concatenation of the mean of the inputs continu‐
ous part, and the median of the inputs qualitative part. Iteratively performing the assign‐
ment and the optimisation steps leads to the minimisation of Esom and Ebin.
In the case of cloud detection, because a priori labels were available, the MTM algo‐
rithm was used to calibrate a Kohonen map, using binary masks completing the radio‐
metric information, and giving an equivalent ponderation to the radiometric information
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and the binary masks. But in the case of the land cover mapping, no a priori knowl‐
edge was available, thus the MTM code was applied without binary part in the in‐
put vector, which means that we used a classical Kohonen algorithm only. For both
cases, we use a exponential neighbourhood function.
Second step of our methodology is the Kohonen map neurons labelling, according to the tar‐
geted classes of each problem. If a priori labels are present in the learning database, the
MTM algorithm automatically labels each neuron by majority vote. If no a priori labels are
present in the learning database, we project the labelling database on the Kohonen map and
label the neurons by majority vote.
To finalise the resulting classification, we have to control the learned label and regroup them
in order to match the desired classes. A control is performed on images which have not been
used for the labelling (testing data set). Controls of the labels are applied on images and
with respect to the topology of the Kohonen map. One label must correspond to neighbour
labelled neurons on this map. If neurons are unidentified, they may be corrected manually
or automatically (as example by hierarchical clustering [12]).
2.3. Operation of a Kohonen map
Once calibrated and labelled on a representative learning data set, the Kohonen map may be
used in an operational mode, i.e. using only the assignment algorithm in order to associate a
winning neuron, and thus a winning label, to each new pixel presented to the map.
This process is sufficient in the case of LR imagery in order to obtain smooth and easy to
interpret classified image masks, superimposable on the processed satellite product. But it
may be insufficient in the case of LR imagery, because in this case images have much more
high frequencies in their radiometric values, and thus the result of the Kohonen map label‐
ling may seem noisy to a human eye.
In the case of LR imagery only, we thus decided to apply image processing to achieve the
process of pixel classification. It is also needed because of the radiometric high frequencies
values, but it is also justified because of the local spatial pixel correlation that may be very
high in LR imagery (and is much smaller in HR imagery). A lot of algorithms may be used
to complete or correct the first classification result given by a Kohonen map: from simple
local filters computed on a local window like mean or median filters, to more sophisticated
image processing solutions like growing region algorithms [20].
In this study, to achieve the classification, we simply chose to perform a majority vote be‐
tween labels on a local window, because we wanted to avoid costly algorithms in calculus
time. We thus do not use any radiometric information to perform this post-processing. But if
we had chosen some real image processing algorithm, we would have replaced each pixel
radiometric value by its winning neuron weights value before perform the image processing
scheme. By this way, we would have simplified the problem (by removing radiometric high‐
est frequencies) and gain calculus and scientific performance on the resulting classification.
In other study cases, we perform this simplification prior to change detection.
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Figure 1. RGB composite image from MODIS data, North of Great Lakes, Canada.

3. First use-case: Cloud detection
The determination of the presence of global cloudiness is essential because clouds play a
critical role in the radiative balance of the Earth and must be accurately described to assess
climate and potential climate change. Moreover, the presence of cloudiness must be accu‐
rately determined to retrieve properly many atmospheric and surface parameters. For many
of these retrieval algorithms even thin cirrus represents contamination.
Visible and infrared window threshold approaches are largely used in the cloud detection
because they allow separating easily bright, dense, and cold surfaces. However, some sur‐
face conditions such as snow covers, ice cover, bright desert surfaces, or even salty areas
could be detected as clouds by these classical tests. Moreover, some cloud types such as thin
cirrus, low stratus at night, and small cumulus are difficult to detect because of insufficient
contrast with the surface radiance.
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In brief, cloud detection is a difficult and recurrent problem when using a sensor which does
not provide information in the thermal infra-red. Classical threshold methods on reflectance
data are insufficient, even though a lot of attempts have been made to create decision trees
depending on latitude, seasons and observed surfaces [21], because the detection problem is
continuous and non linear if all kind of Earth surfaces and all types of cloud optical thick‐
nesses are taken into account.
We thus decided to challenge one of these classical algorithms by a Kohonen map used for
classification. MODIS sensor has been chosen because of its important number of spectral
bands (eight for land observation from visible to mid infrared) and because of the availabili‐
ty of validated, but not perfect, cloud detection masks deduced from a decision tree [8]. In
order to calibrate the MTM algorithm on the entire Earth, fourteen sites were chosen every‐
where on the planet. For each site, five satellite images (MODIS Calibrated Radiances Level
1B products, MYD021KM collection 5.1) were selected at different seasons for their balanced
cloud proportion (you can see an example on Figure 1).
3.1. Data preparation for cloud detection on MODIS data
Multiple Level 2 cloud masks (MYD35_L2 collection 5) were combined to have five “weath‐
er” labels (clear sky, thin clouds, thick clouds, shadows and indeterminate pixels) and six
background labels (water, coastal, glitter, snow/ice, land and desert) (Figure 2). These labels
allowed the random selection of the same amount of pixels by background type and weath‐
er type (about 100 000 per combination), avoiding indefinite weather pixels, leading to a
learning database containing a total number of two millions pixels.
The learning and testing databases were built using the eight spectral bands, with a gamma
correction for RGB bands. Moreover, we decided to add new colour spaces: Lab, CMYK and
HSV. As H component of HSV is a circular angle between 0° and 360°, it had been separated
into two variables corresponding to its sine and cosine. A polynomial regression of degree
four was applied for each pixel of the database and we added their polynomial coefficients.
We also computed the NDVI index in order to improve the discrimination efficiency be‐
tween cloud and snow or ice.
First, we performed a Linear Discriminant Analysis using the four weather labels to control
the linearity of the problem. It clearly appeared that linear models cannot discriminate thin
clouds from thick clouds. During this descriptive analysis of the database, we also studied
the correlation matrix of variables. It seemed that some components of new colour space are
correlated, such as K component of CMYK and L component of Lab. Then, we computed
another Linear Discriminant Analysis deleting correlated variables and using only two
classes: clear weather (regrouping clear sky and shadows) and cloudy weather (regrouping
thin and thick clouds). Results were better than the first one but not enough discriminant. It
was then justified to attempt the use of MTM algorithm in order to distinguish several cloud
optical depths.
As a result of this prior study, we decided to put the cloud probability result obtained by the
second Linear Discriminant Analysis in the input vector constituting learning and testing
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databases of the Kohonen map, as a new pre-processing variable. We also added two quali‐
tative variables to the input vector: weather labels and background labels, in order to take
advantage of the MTM algorithm binary variable processing.

Figure 2. Example of background labels (on the left) and weather labels (on the right) created from MODIS masks.
White pixels correspond to non available data. North of Great Lakes, Canada.

3.2. Calibration and labelling of a Kohonen map for cloud detection on MODIS data
The MTM algorithm was then applied to the learning database, in order to calibrate a 20 by
20 neurons map. After a short study of the first results, it was decided to make the following
changes:
• coastal pixels were removed from the database, because they were radiometrically unsta‐
ble,
• glitter pixels were changed to water pixels, because they correspond to a particular case
of water observation,
• shadows were declared as clear sky, because they correspond to a particular case of clear
sky observation,
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• For thick clouds, there was no distinction between backgrounds, that’s why we created a
new background for them (equivalent to undetermined background).

Figure 3. Example of cloud detection made by the MTM algorithm, two optical depths thresholds: “thick” in red,
“thin” in yellow, (black pixels correspond to non available data). North of Great Lakes, Canada.

After these modifications, a new 20 by 20 neurons map was produced with pre-classified
neurons by the MTM algorithm. In order to correct the map (and at the same time the
MODIS mask), three test images were chosen with different backgrounds and under differ‐
ent latitudes: an image of Great Lakes in Canada, to see the difference between snow/ice and
cloud (top of Figure 3), another image on Sahara to discriminate cloud with sand, and the
last image on Mediterranean Sea with glitter. For each neuron, we studied corresponding
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pixels on the three images, and corrected its label when necessary, respecting the Kohonen
map topology (see paragraph 2.2).
3.3. Operation of a Kohonen map for cloud detection on MODIS data
Using confusion matrices between MODIS Level 2 cloud mask and the MTM results com‐
puted on the test database (in operation mode only), we showed that we entirely retrieved
MODIS level 2 mask results in confident cases and improved it on indefinite cases. As it can
be seen on Great Lakes image, undefined pixels on water appear as clear sky and our cloud
detection classification makes less error on snow and ice. More precisely, if we compare Fig‐
ure 2 –right and Figure 3, to Figure 1, we can see that fewer pixels are undefined in the case
of presence of snow, and that fewer pixels are over-detected as clouds. This is confirmed
when computing confusion matrices on this image (Tables 1 and 2), where we can see that
11.7% of the pixels are declared as thick or thin clouds by the MODIS mask but declared as
clear sky by the MTM algorithm, and 28.5% of the pixels are declared as undefined by the
MODIS mask although declared as clear sky by the MTM algorithm (Table 1).
Results of the MTM algorithm
Clear sky

Thin cloud

Thick cloud

MODIS

Clear sky

33,104

0,022

0,000

cloud

Thin cloud

6,277

1,364

5,484

mask

Thick cloud

5,397

3,241

16,315

Undefined

28,486

0,153

0,157

Table 1. Confusion matrix (distribution of pixels in %) comparing results of the MTM algorithm after correction and
MODIS cloud mask on the image of North of Great Lakes, Canada.

Table 2 shows the confusion matrix computed between the two algorithms on pixels de‐
clared as snow by the MODIS background mask. We can see that all snow pixels are de‐
clared as clear sky by the MTM algorithm, while 45.5% of them were declared undefined by
the MODIS cloud mask.
We can note by the examination of these matrices that we do not have the same definition of
thin cloud between MODIS and MTM classification, because we did not chose the same cor‐
responding cloud optical thickness. On the Great Lakes image, 5.5% of the pixels declared as
thin cloud by MODIS are declared as thick cloud by the MTM algorithm.
3.4. Generalisation to other sensors
Some other sensors have their own cloud masks too, that could be used to perform the same
kind of study, but they are made by threshold values using generally fewer spectral bands
than MODIS, leading to lesser quality reference cloud mask. In order to create cloud detec‐
tion masks for other sensors, we thus decided to create pseudo-sensors (Landsat [2], Pleia‐
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des [3], Sentinel 2 [22], etc.) using the learning and testing MODIS databases, keeping only
MODIS closest spectral bands to the targeted sensors. As an example, learning and testing
databases containing the bands 1, 2, 3 and 4 of a pseudo HRG sensor were constituted using
the MODIS bands 4, 1, 2 and 6, respectively.
Results of the MTM algorithm
Clear sky

Thin cloud

Thick cloud

MODIS

Clear sky

54,459

0,009

0,000

cloud

Thin cloud

0,005

0,000

0,000

mask

Thick cloud

0,002

0,000

0,000

Undefined

45,506

0,190

0,000

Table 2. Confusion matrix (distribution of pixels in %) for pixels labelled as snow or ice by MODIS mask, comparing
results of the MTM algorithm after correction and MODIS cloud mask on the image of North of Great Lakes, Canada.

Figure 4. On the left: RGB composite image of SPOT 5 HRG Level 1B data, On the right: results of the MTM algorithm
calibrated using pseudo HRG data and applied to SPOT 5 HRG real data (in orange: thick clouds, in red: thin clouds
and in blue: clear sky), Reunion Island, France.

We logically showed that the lesser the bands, the more difficult to discriminate clouds from
bright targets. But the performance is decreasing more rapidly when using classical linear
algorithms; we thus still encourage the use of Kohonen maps, even when less multi-spectral
information is available (Figure 4).
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4. Second use case: Land cover mapping
Human actions have a negative impact on biodiversity. Construction of roads and urban ex‐
pansion fragment living environment of wildlife. Some species need a minimum area to live
and the reduction of their habitats can lead to their extinctions. In order to decrease these
effects, some infrastructures help wildlife to overpass or underpass roads such as amphib‐
ians’ tunnels and animals’ bridges. Satellite data can help governments to detect urban and
natural surfaces from the sky and see if natural areas are sufficiency vast and connected.
Moreover, land cover mapping has a lot of applications in the sector of urbanism; we thus
decided to test the MTM algorithm [10] on this problem in order to verify its applicability to
HR data processing.
4.1. Data preparation for land cover mapping on HRG data
We chose to use SPOT 5 (Satellite Pour l’Observation de la Terre) HRG Level 1B images at
20 metres of spatial resolution [11]. Only four spectral bands (at 545 nm, 645 nm, 885 nm and
1.665 nm) are available. The HRG spectral information is thus very different from the
MODIS one. Moreover, unlike the MODIS use-case, we did not have any qualitative infor‐
mation to help us to label the data. The database was generated from zooms on seven cities
in France and their surrounding landscape (three cities around Bordeaux, three cities on Re‐
union Island and three zooms on different sector in Toulouse) at different seasons and lati‐
tudes. These zooms were made in order to have as many urban pixels as natural pixels on
each of them.
Because there are only four spectral bands, adding new variables like physical indexes is
very important (please refer to the Methodology chapter). For this specific problem, we
choose to add to the database the NDVI, the NDBI, the NDSI, polynomials coefficients com‐
puted on a three degree polynomial, and a gamma correction was applied on green and red
bands (see paragraph 2.1). As no blue band is available on HRG sensor, we could not create
new colour spaces. Thus, the database was made of eleven variables when we had only four
reflectances in entry.
In order to constitute the learning database, about four millions pixels were randomly chos‐
en and controlled in order to have the same amount of pixels in each town and each type of
vegetation from the nine chosen images.
In this study, no labels are available for HRG pixels, we thus created the labelling database
from available images: four labelled sub-databases, corresponding to the four backgrounds
expected to be distinguished (water, city, crop and forest), were created by several little zooms
on images. However, this labelled database was not entirely consistent; as an example, some
gardens and trees could be found on little zooms made on city, despite all of our attention.
4.2. Calibration and labelling of a Kohonen map for land cover mapping on HRG data
The MTM algorithm was applied on the database on a 20 by 20 neurons square map, with
100 learning iterations. Because no validated a priori knowledge was available concerning
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the targeted classes, no qualitative variables were used during the learning phase. The label‐
ling database was used to label the Kohonen map by majority vote after the learning phase
(please refer to the Methodology paragraph), but because this database was not completely
consistent, we kept in mind that it only gave us a first idea of the Kohonen map labelling.

Figure 5. Kohonen activation map obtained by majority vote (on the left) and the same activation map after correc‐
tion on the image of Toulouse (on the right).

Figure 6. RGB composite image (B4, B3, B2, respectively) of SPOT 5 HRG data, May 21st 2011, Toulouse, France.

After the projection of the labelling database on the map, only one neuron could not be
clearly attributed to a class and had been flagged as “indefinite” (Figure 5 - left). In order to
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correct the Kohonen map, a visual rectification was made with the help of three representa‐
tions of Toulouse: the RGB image computed with the original HRG data (RGB composite
image from bands B4 B3 B2, of May 21st 2011, Figure 6), Google Maps website and the
French website Géoportail created by IGN (Institut Géographique National) and BRGM (Bu‐
reau de Recherches Géologiques et Minières). It appeared that a new class, distinguishing
bare soil, had to be taken into account. This new class was added to the corrected Kohonen
map (Figure 5 - right). Results of Kohonen classification before and after the map correction
are shown on Figure 7 (on the Toulouse image).
4.3. Operation of a Kohonen map for land cover mapping on HRG data
During the Kohonen map correction, we decided to favour crop, water and forest from city
pixels and then to add a new step, consisting in a sliding window filter, favouring city pixels
(please refer to the paragraph 2.3). After a sensitivity study of the window length and of
classes’ priority, two window filters were applied:
• A first 7 by 7 window filter had been used on classes image of Toulouse with the follow‐
ing algorithm: if one pixel of the window is of class town: pixel is town, else if one pixel of
the window is of class water: pixel is water, else a majority vote on the window was made
between forest, crop and bare soil.
• Then, a second 7 by 7 window filter had been applied with a majority vote without class
priority.

Figure 7. Visualisation of the activation map obtained by majority vote, before (left) and after correction (right) of the
neurons labelling. May 21st 2011, Toulouse, France.

These filters allowed us to correct Kohonen maps classification taking into account spatial in‐
formation (see Figure 8). In order to finalize this product for scientists and governmental ad‐
ministrations, we will have to add real geolocated information to this image, such as roads and
already done infrastructures. Indeed, on this interpreted SPOT 5 HRG image of Toulouse, we
can distinguish highways, but they do not appear continuous. Other roads are not visible be‐
cause of the resolution of the sensor. We will have to reconstruct them with the help of a geolo‐
cated map of roads, and using different information depending on the targeted product.
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As an example, if we target environment control, we will have to include animal bridges
which can appear as discontinuities in the road and have to be kept as animal movement
possibilities. Moreover, we need to have information about existing wildlife crossing which
are not visible by satellite such as amphibians’ underpass tunnels. On the other hand,
bridges detected over rivers are real road detections. This also means that post-processing
will not be the same depending on map application. For example, road bridges are not use‐
ful for fishes study.
Results were visually validated on Google Earth cartographic background, showing a slight
over-detection of urban structures (Figure 9). But the method seems to be adapted to per‐
form automatic land cover mapping, which is generally done manually in operational struc‐
tures today. Indeed, relatively timely stable structures were well retrieved, as rivers, forests
and urban down-town buildings.

Figure 8. Results of the classification after the image processing step, May 21st 2011, Toulouse, France.

In order to finalize this study, the next step will be the geolocation of roads and other infra‐
structures made for animals. Once this information will be added in the database, the study
of the living environment of each type of animals can be done. Indeed, we also have an algo‐
rithm able to reproduce animals’ moves from a starting pixel, which can be used in order to
visualize their displacements for a chosen kind of land cover. Moreover, this methodology
needs to be validated on another city.
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5. Conclusion
Application of Kohonen map to satellite cloud detection and land cover mapping problems
has been presented, as an alternative to classical decision trees algorithms based on linear
tests (e.g. thresholds applied to radiometric information). General methodology using the
MTM algorithm [10] is explained (paragraph 2) and then detailed for the two use cases,
which correspond to low resolution (LR) imagery and high resolution (HR) imagery, respec‐
tively (paragraphs 3 and 4).
Results show that in the case of cloud detection, the use of the MTM algorithm improves sig‐
nificantly the detection results over bright targets as snow, ice, and deserts, reducing false de‐
tections and indetermination, when comparing the MTM results to the operational MODIS
Level 2 cloud mask. These results are very important for scientists, as cloud and snow/ice
masks are used as one of the necessary inputs for computing the radiative budget of the planet.

Figure 9. Automatic land cover detection by Kohonen map (city in black, bare soil in yellow, crop in light green, forests
in dark green, water in blue): validation by projection on Google Earth. Toulouse, France.

In the case of land cover mapping, results show that a fully automatic algorithm may be
used to rapidly interpret HR imagery, producing instantaneous cartographic maps for a
wide range of applications, from environment survey to urbanism. The classification results,
interpreted as number of pixels of each targeted class in the image, may also be used to in‐
dex the images in voluminous satellite databases, improving the extraction of useful infor‐
mation from them. Moreover, because Kohonen map neurons correspond to radiometric
information, they may also be used to radiometrically simplify voluminous HR images prior
to further image processing, like change detection as we propose in paragraph 2.3, or even
prior to save them in satellite databases for volumetry economy purpose. This would be
done by saving only the image of the winning neurons of each pixel (which would be one
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integer image and not about a tenth of radiometric bands), associated to the table of corre‐
sponding radiometric vectors.
Finally, because Kohonen maps are simple solution for multivariate classification, we think
it will allow the fusion of optic and SAR imagery, in the case of well geographically co-regis‐
tered missions.
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The self-organizing map, first described by the Finnish scientist Teuvo Kohonen, can
by applied to a wide range of fields. This book is about such applications, i.e. how the
original self-organizing map as well as variants and extensions of it can be applied in
different fields. In fourteen chapters, a wide range of such applications is discussed.
To name a few, these applications include the analysis of financial stability, the fault
diagnosis of plants, the creation of well-composed heterogeneous teams and the
application of the self-organizing map to the atmospheric sciences.
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