New Applications of Artificial
Intelligence
Edited by Pedro Ponce,
Arturo Molina Gutierrez and Jaime Rodriguez

NEW APPLICATIONS OF
ARTIFICIAL INTELLIGENCE
Edited by Pedro Ponce, Arturo Molina
Gutiérrez and Jaime Rodríguez

New Applications of Artificial Intelligence
http://dx.doi.org/10.5772/61364
Edited by Pedro Ponce, Arturo Molina Gutierrez and Jaime Rodriguez
Contributors
Hong Qi, Feng Liu, Ping Jiang, Yiliao Song, Mohammad Divandari, Hiram Ponce, Ernesto Moya-Albor, Jorge Brieva,
Luis Ibarra, Colin Webb, Gelu-Ovidiu Tirian, Raluca Rob, Caius Panoiu
© The Editor(s) and the Author(s) 2016
The moral rights of the and the author(s) have been asserted.
All rights to the book as a whole are reserved by INTECH. The book as a whole (compilation) cannot be reproduced,
distributed or used for commercial or non-commercial purposes without INTECH’s written permission.
Enquiries concerning the use of the book should be directed to INTECH rights and permissions department
(permissions@intechopen.com).
Violations are liable to prosecution under the governing Copyright Law.

Individual chapters of this publication are distributed under the terms of the Creative Commons Attribution 3.0
Unported License which permits commercial use, distribution and reproduction of the individual chapters, provided
the original author(s) and source publication are appropriately acknowledged. If so indicated, certain images may not
be included under the Creative Commons license. In such cases users will need to obtain permission from the license
holder to reproduce the material. More details and guidelines concerning content reuse and adaptation can be
foundat http://www.intechopen.com/copyright-policy.html.
Notice
Statements and opinions expressed in the chapters are these of the individual contributors and not necessarily those
of the editors or publisher. No responsibility is accepted for the accuracy of information contained in the published
chapters. The publisher assumes no responsibility for any damage or injury to persons or property arising out of the
use of any materials, instructions, methods or ideas contained in the book.
First published in Croatia, 2016 by INTECH d.o.o.
eBook (PDF) Published by IN TECH d.o.o.
Place and year of publication of eBook (PDF): Rijeka, 2019.
IntechOpen is the global imprint of IN TECH d.o.o.
Printed in Croatia
Legal deposit, Croatia: National and University Library in Zagreb
Additional hard and PDF copies can be obtained from orders@intechopen.com
New Applications of Artificial Intelligence
Edited by Pedro Ponce, Arturo Molina Gutierrez and Jaime Rodriguez
p. cm.
Print ISBN 978-953-51-2534-1
Online ISBN 978-953-51-2535-8
eBook (PDF) ISBN 978-953-51-5776-2

We are IntechOpen,
the first native scientific
publisher of Open Access books

3,450+ 110,000+ 115M+

Open access books available

151

Countries delivered to

Downloads

International authors and editors

Our authors are among the

Top 1%
most cited scientists

12.2%

Contributors from top 500 universities

Selection of our books indexed in the Book Citation Index
in Web of Science™ Core Collection (BKCI)

Interested in publishing with us?
Contact book.department@intechopen.com
Numbers displayed above are based on latest data collected.
For more information visit www.intechopen.com

Meet the editors
Pedro Ponce studied engineering in automation and
control and graduated in 1995. Subsequently, he completed his graduate studies, obtaining the degree of
Master of Science in 1998 and Doctor of Science in 2002.
He worked as a field and designer engineer in several industries. He specialized in the areas of industrial
automation systems, electrical machines, electric drives,
power electronics, conventional and digital control, expert systems, neural networks fuzzy logic, biological artificial systems, and evolutionary
systems. He is a professor and a researcher at Tecnologico de Monterrey
campus Ciudad de Mexico.
Arturo Molina Gutiérrez is a professor and researcher, as well as Vice President of Research, Postgraduate
Studies and Continuing Education, at the Tecnológico de
Monterrey.
He has a bachelor’s degree in computational systems
and a master’s degree in computational sciences (1990)
from the Tec de Monterrey, Campus Monterrey (1986),
a doctorate degree in mechanics from the Technical University of Budapest (1992), and another in manufacturing systems from the Loughborough University of Technology in England (1995).
Jaime Rodriguez is a professor and researcher at Instituto Politecnico Nacional, Mexico City. He served as
coordinator of postgraduate programs in electrical engineering for 3 years at ESIME-SEPI-IPN. He has received
a bachelor’s degree in electrical engineering in Cuba
and a master’s degree in electric drives as well as a PhD
degree in control of induction motors and power electronics; he received both degrees in Moscow, Russia. His research areas are
focused on electric drives, power electronics, electric cars, and alternative
energy. He has conducted research projects for solving industrial applications for the private and government sectors.

Contents

Preface XI
Section 1

Power Electronics and Artificial Intelligence 1

Chapter 1

Intelligent System for Controlling a Three-Phase
Active Filter 3
Raluca Rob, Gelu Ovidiu Tirian and Caius Panoiu

Chapter 2

Comparison Study of AI-based Methods in Wind Energy 27
Ping Jiang, Feng Liu and Yiliao Song

Chapter 3

Fuzzy Logic Control of Switched Reluctance Motor Drives 59
M. Divandari and B. Rezaie

Section 2

Novel Applications by Artificial Intelligence 91

Chapter 4

Advantages of Fuzzy Control While Dealing with Complex/
Unknown Model Dynamics: A Quadcopter Example 93
Luis Ibarra and Colin Webb

Chapter 5

Retrieval of Optical Constant and Particle Size Distribution of
Particulate Media Using the PSO-Based Neural Network
Algorithm 123
Hong Qi, Ya-Tao Ren, Jun-You Zhang, Li-Ming Ruan and He-Ping
Tan

Chapter 6

A Novel Artificial Organic Controller with Hermite Optical Flow
Feedback for Mobile Robot Navigation 145
Hiram Ponce, Ernesto Moya-Albor and Jorge Brieva

Preface
New Applications of Artificial Intelligence is a mandatory book for undergraduate and
graduate students, engineers, and researchers because it covers the most relevant applica‐
tions in several areas based on Artificial Intelligence (AI), so the reader gains knowledge
about the new methodologies and process for implementing AI methods. There are a lot of
books that address AI applications. However, this book shows the newest applications
reached according with the technological changes that are presented nowadays. Those
changes drastically appear in digital systems or other parallel areas which allow to improve
the performance of AI algorithms. Hence, sometimes, the AI algorithms have to be rede‐
signed in order to run in microcontrollers or FPGAs. The topics covered generate a struc‐
tured book, so it could be used as a textbook, but it is designed to be accessible to a wide
audience interested in AI.
On the other hand, the book has two main sections; one of them is about power electronics,
in which there are several new applications of AI, such as three-phase active filter controlled
by a LabVIEW based on intelligent systems for power quality. The second section is about
novel applications of AI methods in several areas; this topic shows a wide selection of appli‐
cations and new methods of AI to present a complete view of AI. For instance, one of the
chapters shows a novel nature-inspired and intelligent control system for mobile robot navi‐
gation using a fuzzy-molecular inference (FMI) system as the control strategy and a single
vision-based sensor device, i.e., image acquisition system, as feedback, and they improve the
performance of mobile robot navigation.
We edited this book because we were excited about the newest applications of AI as an inte‐
grated topic, which consists of several areas. Thus, an application of AI is a set of technologi‐
cal tools that create new possibilities for solving engineering problems, and this book
presents a complete set of clear examples that motivate the readers to create their own appli‐
cations based on the book examples.
Pedro Ponce
Tecnologico de Monterrey
Escuela de Posgrado Ingenieria, Mexico City, Mexico
Arturo Molina Gutiérrez
Tecnologico de Monterrey
Escuela de Posgrado Ingenieria, Mexico City, Mexico
Jaime Rodríguez
Instituto Politecnico Nacional
ESIME, Mexico City, Mexico

Section 1

Power Electronics and Artificial Intelligence

Chapter 1

Intelligent System for Controlling a Three-Phase Active
Filter
Raluca Rob, Gelu Ovidiu Tirian and Caius Panoiu
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/63640

Abstract
This chapter describes the base algorithm and the implementation of a three-phase
active filter controlled by a LabVIEW software application. This intelligent system was
designed for power quality improvement in functioning of an electrothermal installa‐
tion with electromagnetic induction. The active filtering device is composed by pulse
width modulation (PWM) converter, which processes the power and the controller that
is responsible for signal processing. The PWM converter accomplishes the current
compensation from the power distribution. The filter controller processes the signal for
a real-time determination of the references for instantaneous compensating current.
These currents are continuously supplying the PWM converter. The LabVIEW
application is also responsible for the electric parameter’s computing. The application
uses a data acquisition board connected to a computer and an active filter realized with
insulated gate bipolar transistors (IGBTs). This work also contains real measurement
sets and parameter variation obtained by using the presented soft-controlled device.
Keywords: active filtering, current harmonic compensation, frequency modulation,
electrothermal installation, electrical parameters, Labview, data acquisition

1. Introduction
The nonlinear elements contained by electrothermal installation lead to three main negative
effects, which are reflected in the power quality: circulation of reactive power, appearance of
harmonic currents and unbalance of the power supply system.
The problems that appear in power quality are due to the functioning of static electronic
converters, power electronic devices, arc furnaces or fluorescent lamps. The frequency

© 2016 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited.
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converters, which come in the electric scheme of the electrothermal installation, develop
unfavourable effects into the power system: distortion regime generated by the voltage or
current waveform, additional heating developed by the high value of the effective currents,
or cable insulation damage. These problems can lead to malfunctioning of other electric
devices, which are supplied from the same power distribution and also a quality diminution
in electric power delivering [1].

2. Description of the intelligent system for controlling a three-phase active
filter
2.1. Electrothermal installation based on electromagnetic induction studied as a generator
of distorting regime into the power distribution
2.1.1. The electric scheme of the electrothermal installation
The electric scheme of the electrothermal device has a diode bridge rectifier and an inverter
source. Therefore, it represents a current harmonic source. The current waveforms are deeply
distorted from the sinusoidal shape, the harmonic current amplitudes are more influenced by
the impedance of the power system, and the rectified voltage is less dependent on it.
2.2. Technical characteristics of the electrothermal installation
The hardening of electrothermal installation presented in Figure 1 is composed of a converter
CTC100K15 and two inductors for hardening the materials. CTC100K15 has the following
electric characteristics: supplying voltage 3 × 400 V, 50 Hz, rated current 27 A, control voltage
24 Vdc, consumed power at high frequency 15 kW, voltage at medium frequency 500 Vac.
-Power supply system. The electrothermal installation is supplied from the three-phase power
distribution on 0.4 kV, through a general distribution board.
-Solid-state relay. The on/off switching of the installation is made with three static contactors
WG480-D50Z (Solid-state relay-SSR).
-Diode bridge rectifier. In the electric scheme, two diode bridge rectifiers KBPC 3508 are
introduced with the following electric characteristics: maximum recurrent peak reverse
voltage of 800 V, maximum RMS bridge input voltage of 560 V, maximum forward voltage
drop per element of 1.2 V and maximum reverse current at rated DC blocking voltage per
element of 1 μA.
-Single-phase inverter. In order to control the frequency in the hardening process, an inverter
with four IGBT transistors is used: FF150R12KS4 with the following characteristics: collectoremitter breakdown voltage of 1200 V, collector-emitter saturation voltage of 3.2 V and
continuous collector current ICmax= 225 A.
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-High-frequency transformers. For supplying the hardening inductors, the electrical scheme
contains two high-frequency toroidal transformers—T1: 660/500 V, 40 kVA, 70/100 kHz; T2:
500/500 V, 15 kVA, 70/120 kHz.

Figure 1. The electric scheme of the electrothermal installation.

2.2.1. Measurements of the electrical parameters using a data acquisition system
Data acquisition system (Figure 2) also follows the acquisition of samples from phase voltages
and phase currents at the point of common coupling. In order to accomplish the system for
measuring and computing the electrical parameters acquisition, an adapting block and a data
acquisition board connected to a computer were used. The connection of data acquisition
system to PCC [2] is presented in Figure 2. The phase voltages and phase currents were
acquired using the adapting block, which was designed in order to accomplish the galvanic
isolation between the electrothermal installation and the data acquisition system and also to
realize the compatibility of the voltage levels. The data acquisition board has the following
main characteristics: 16 analogic inputs with 16-bit resolution and 250 kS/s, two analogic
outputs with 16-bit resolution and 740 kS/s, and 24 TTL digital in/out and one digital trigger.

Figure 2. Connection to the power distribution of the data acquisition system.
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In order to process the acquired data, two soft applications designed in LabVIEW 2011 were
used: an acquisition application and a computing application. Using the acquisition applica‐
tion, the voltage and current samples are stored into a file. This file is loaded by the computing
application, which is able to compute the most important electrical parameters that charac‐
terize the functioning of the electrothermal installation.
The algorithm configures 10 analogical input channels. The maximum sampling rate provided
by the acquisition device is 250 kS/s, so, the maximum sampling rate for one channel is 25 kS/
s. Equation (1) defines the number of samples on each period:
=
=
N f S × T 25 kS s × 0.02 s =
500 samples

(1)

Figure 3. The variation of the electrical parameters: (a, b) Phase voltages and currents on 20 ms for 4.5 and 15 kW; (c, d)
THD of voltages and currents on 10 s for 4.5 and 15 kW; (e, f) active and reactive powers on 10 s for 4.5 and 15 kW.
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The acquisition is developed on a 10-s interval. The number of the acquired samples on each
channel is 250,000. Using presented applications, 10 measurement sets were accomplished by
increasing with 10% the power of electrothermal installation. In Figure 3, the variation on 0.02
and 10 s for phase voltages, phase currents, and also the variation on 10 s of total harmonic
distortion (THD) for phase voltages, phase currents and the active and reactive powers are
presented when the absorbed power of the power installation is 4.5 and 15 kW. Some obser‐
vations must be made. In figures that represent the variation form of the currents and voltages,
on period of 0.02 s, phase 1 is red, phase 2 is green and phase 3 is blue. For the variations on
10 s, the colour signification is black for all three phases, red for phase 1, green for phase 2 and
blue for phase 3.
In Table 1, the electrical parameters obtained by accomplishing 10 measurement sets using
data acquisition system are synthesized. In Figure 4, the variation of the current and voltage
harmonic spectrum is presented. Table 2 presents the harmonic current values.
Absorbed power (kW)

Phase voltages (V)

Phase currents (A)

THD voltages (%)

THD currents (%)

1.5

226.5

3.5

2.95

140

3

227.0

6.0

2.80

120

4.5

226.5

10.0

2.65

105

6

226.6

10.5

2.70

105

7.5

226.5

11.0

2.65

100

9

226.5

13.0

2.50

98

10.5

226.3

15.5

2.40

95

12

227.0

19.0

2.35

92

13.5

227.0

24.0

2.10

90

15

226.5

28.0

2.00

85

Table 1. Electrical parameters measured with data acquisition system.

Figure 4. The variation of the current and voltage harmonic spectrum: (a) for 4.5 kW; (b) for 15 kW.
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Installation power (kW)

Harmonic currents (A)

Rank →

1

3

5

7

9

11

13

15

17

19

3.0

4.0

–

3.0

2.7

–

1.5

1.0

0.3

0.1

–

4.5

6.7

–

5.0

4.0

–

2.8

1.0

0.1

–

–

6.0

6.0

–

4.3

3.8

–

1.8

1.0

–

–

–

7.5

8.0

–

6.0

4.8

–

2.0

1.5

0.2

–

–

9.0

9.2

–

7.0

5.3

–

2.0

1.5

0.1

–

–

10.5

11.5

–

8.0

6.0

–

2.0

1.5

0.1

–

–

12.0

14.0

–

10.0

7.5

–

2.4

1.8

–

–

–

13.5

17.0

–

12.5

9.5

–

2.4

1.9

–

–

–

15.0

20.0

–

15.0

10.0

–

2.5

2.0

–

–

–

Table 2. Current harmonic spectrum.

The data acquisition system presents the advantage of permanent improvement concerning
the soft applications that compute the electrical parameters in real time. The application
displays the variation on 0.02 and 10 s of the phase voltages, phase currents, THD for phase
voltages and phase currents and also the variation of active and reactive powers.
By studying Figures 3 and 4, we can conclude that the voltages are balanced and symmetrical
and THD for phase voltages are approximately constant and can be neglected. By studying
Figure 3, we can observe that the variation on 10 s presents three stages. Studying Table 1, the
values of the phase currents are increasing (3.5/28 A) and the THD for phase currents are
decreasing (140/85 A) with the increasing of the absorbed power. Even in this situation, the
values of THD for phase currents fall below standard limits. The most important conclusion
is that the harmonic currents must be compensated using appropriate devices. Table 3
synthesizes the values for the electrical parameters.
Electrical parameters

Measurements with data acquisition system
4.5 kW (30% Pn)

15 kW (100% Pn)

Phase voltage (V)

226.5

226.5

Phase current (A)

10

27

Active power (W)

4700

14,000

Reactive power (VAr)

500

2000

THD voltages (%)

2.65

2

THD currents (%)

105

85

Table 3. Measured and computed values for the electrical parameters.
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2.3. Designing of the harmonic compensation equipment
In order to compensate the harmonic distortion, the electrothermal installation must be
equipped with harmonic compensation devices for bringing the parameters into standard
limits. Therefore, a power-quality improvement system was designed. For decreasing the total
harmonic distortion of the phase currents, the system contains a three-phase passive filtering
system accorded on 5th, 7th, 11th and 13th harmonic currents and a shunt active filter, which
controls an IGBT module using the software application. The function of monitoring the
electrical parameters and controlling the hardware devices is accomplished by a LabVIEW
application. As well, this application is able to generate pulses to command the active filter
and also to receive the compensating currents [3] by data acquisition board. In Figure 5, the
block scheme with the connection of the harmonic compensation devices is presented.

Figure 5. The connection of the harmonic compensation equipment.

2.3.1. Harmonic compensation using active filters
Shunt active filter determines in real time the compensating current and commands a power
converter to synthesize it accurately.
Shunt active filter generally consists of two main blocks: pulse width modulation (PWM)
converter for power processing and the active filter controller for signal processing. The PWM
converter is responsible for power processing in synthesizing the compensating current that
should be drawn from the power system.
The shunt active filter controller works in a closed-loop manner, continuously measuring the
distorted current and computing the instantaneous values of the compensating current for the
PWM converters [4].
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The PWM converter should have high switching frequency in order to accurately reproduce
the compensating currents [5].
The present paragraph details the algorithm for designing a three-phase active filter accom‐
plished with IGBT transistors.
The distorted signals of currents and voltages are assumed by algorithm which uses the Fast
Fourier Transformer for extracting the phase and the amplitude of the fundamental compo‐
nent.
The signals, which represent the fundamental components for the current and voltages, are
calculated in complex form as Eqs. (2) and (3):
=
I11 I11 × e j ×q11 , I 21 = I 21 × e j ×q21 , I 31 = I 31 × e j ×q31

(2)

U11 =
U11 × e j ×q11 ,U 21 =
U 21 × e j ×q21 ,U 31 =
U 31 × e j ×q31

(3)

where Iik represents the effective value of I ik , ∅ is the phase difference, i is the phase and k is
_

the current harmonic order.
The notations for the voltages are the same.
The positive sequence components of the voltages and currents are calculated by the algorithm.
For generating the variation form of the positive sequence components, the application follows
sinusoidal signal generators. The amplitudes of the generated signals are equal to the modules
of the current fundamental component.
The residual currents result by subtracting the positive sequence of the fundamental compo‐
nents from distorted currents.
Using the symmetrical component method, the positive and negative components of the
fundamental components of the current and voltage can be determined as in the relations:
I11+=

1
1
I11 + a × I 21 + a 2 × I 31 , U11+=
U11 + a × U 21 + a 2 × U 31
3
3

)

(4)

+
I=
21

1
1
+
I 21 + a × I 31 + a 2 × I11 , U=
U 21 + a × U 31 + a 2 × U11
21
3
3

)

(5)

+
I=
31

1
1
+
I 31 + a × I11 + a 2 × I 21 , U=
U 31 + a × U11 + a 2 × U 21
31
3
3

)

(6)

(

(

(

)

)

)

(

(

(
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I11-=

1
1
I11 + a × I 21 + a 2 × I 31 , U11-=
U11 + a × U 21 + a 2 × U 31
3
3

)

(7)

I=
21

1
1
I 21 + a × I 31 + a 2 × I11 , U=
U 21 + a × U 31 + a 2 × U11
21
3
3

)

(8)

I=
31

1
1
I 31 + a × I11 + a 2 × I 21 , U=
U 31 + a × U11 + a 2 × U 21
31
3
3

)

(9)

(

(

(

)

)

)

(

(

(

where a is the shift operator:
a = e j ×2p /3

(10)

The residual currents are obtained by subtracting the positive components of the currents from
the distorted signals (input signals)

i1r ( t ) =
i1 ( t ) - i11+ ( t ) , i2 r ( t ) =
i2 ( t ) - i21+ ( t ) , i3r ( t ) =
i3 ( t ) - i31+ ( t )

Figure 6. Generation of residual currents.

(11)
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In order to generate PWM pulses proportional to the amplitude of the input signal samples,
the algorithm contains six PWM modulators: three for positive and three for negative cycles
of the residual currents. The six residual currents, i1r + (t), i1r − (t), i2r + (t), i2r − (t), i3r + (t), i3r − (t), are
assumed by PWM modulators that generate pulses with the width proportional to the
amplitude of the residual signals.
The modulation frequencies fm are the following: 2500, 4000, 5000, 10,000 and 12,500 Hz. The
block scheme for generating the residual currents is presented in Figure 6.
2.3.2. Description of the computing application for electrical parameters. Implementation of the active
filter algorithm in LabVIEW environment
The LabVIEW computing application has to monitor the electrical parameters and also to
control the active filter. This application also receives the compensating currents from the
active filter using the data acquisition board [6]. In the following, the computing application
is described.
Using the data acquisition board, the computing application can control the active filter system
in order to generate the compensation currents.

Figure 7. Block scheme of the active filtering system.

Intelligent System for Controlling a Three-Phase Active Filter
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The control application is accomplished by subroutines which are functioning from the main.
The block scheme of the active filtering algorithm is presented in Figure 7. The LabVIEW
source code is presented in Figure 8.

Figure 8. LabVIEW source code for computing application.

In the first sequence of the sequential structure which is named System for loading samples, the
application allows the sample files to be loaded.
These files contain samples from currents and voltages that they have been assumed by the
proposed system during the functioning of the electrothermal device when the passive filtering
system was connected at the point of common coupling.
2.3.2.1. System for loading samples
The algorithm configures 10 analogical input channels.
The maximum sampling rate provided by the acquisition device is 250 kS/s, so, the maximum
sampling rate for one channel is 25 kS/s.
The LabVIEW application is structured in such a way that the measuring set can be selected
from the front panel. The algorithm generates a vector and its elements are the amplitudes of
the assumed samples.
2.3.2.2. System for electrical parameters computing
The second sequence of the application contains the computing system, which calculates the
electrical parameters using the samples assumed during the functioning of the electrothermal
installation equipped with the passive filtering system. The samples of voltage and current
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signals are taken from the loading matrix presented in the first sequence. With appropriate
functions from LabVIEW library, the algorithm divides the currents from the voltage samples,
calculating the effective values of the phase voltages and currents on each period of the power
system.
The computing application is structured in subroutines, which will be detailed in the following
section.
2.3.2.2.1. Parameter analyser subroutine
The present subroutine computes the electrical parameters that characterize the functioning
of the electrothermal installation which are as follows: the effective values for the phase voltage
and phase currents, the total values of the voltages and currents, apparent, active, reactive and
distorted powers and also the total harmonic distortion of voltages and currents.
In Figure 9, the LabVIEW code for the parameter analyser is presented.

Figure 9. LabVIEW source code for parameter analyser subroutine.

2.3.2.2.2. Residual current subroutine
The presented subroutine is based on the algorithm described here and uses another subrou‐
tines, Current phasors and Voltage phasors for computing the positive sequence components of
the current and voltage fundamental components.

Intelligent System for Controlling a Three-Phase Active Filter
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2.3.2.2.3. PWM modulator
The algorithm must generate PWM pulses, which must be proportional with the input signals’
sample amplitude; therefore, it includes six PWM modulators: three for negative and three for
positive cycles of the residual currents. Mathematical functions from LabVIEW library must
separate the cycles. The modulation frequencies for PWM modulators can be selected from the
first panel of the application. This property offers a high accuracy level to the output signals.
The PWM modulators are subroutines, which run under the main application. The six residual
currents, i1r + (t), i1r − (t), i2r + (t), i2r − (t), i3r + (t), i3r − (t), are acquired by PWM modulators, which
accomplishes pulses that have proportional width with the amplitude of the residual currents.
PWM modulators are presented in Figure 10.

Figure 10. LabVIEW source code for residual current subroutine.

The modulation frequencies fm are the following: 2500, 4000, 5000, 10,000 and 12,500 Hz and
can be chosen from the front panel. Each subroutine generates an array containing a pulse. The
sample number for each pulse depends on the maximum internal clock frequency of the
acquisition board and also the PWM controller modulation frequencies fm, as in Eq. (12):
N samples = f clock f m

(12)

These number of samples (40, 25, 20, 10 and 8), correlated with frequencies of 2500, 4000, 5000,
10,000 and 12,500 Hz, are used to select the index of the sample, which gives the width of the
PWM controller pulse, as in Figure 11.
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The generated pulses width depends on the residual signal amplitude. In order to determine
the generated pulses width, a base of selection of the sample was created, using the residual
signal samples. The base of selection represents one one-dimensional (1D) array generated in
the following manner: the 500 samples/period of the residual signal are interleaved using the
LabVIEW function Interleave 1D Array. The algorithm obtains a 1D array of 2000 samples that
implies a single residual signal period, sampled four times slower. This array is repeated five
times in order to get a new 1D array with 10,000 elements, which was previously mentioned,
being the base of selection of the sample.

Figure 11. PWM modulator for one half-cycle.

The sample selection that determines the pulse width is realized using the function Index
Array that returns a base of selection element. In the following, the situations that appear by
varying the modulation frequency fm are related.
If fm = 2500 Hz, the sample width is taken from index n2500 = 40 ⋅ i
If fm = 4000 Hz, the sample width is taken from index n4000 = 25 ⋅ i
If fm = 5000 Hz, the sample width is taken from index n5000 = 20 ⋅ i
If fm = 10,000 Hz, the sample width is taken from index n10,000 = 10 ⋅ i
If fm = 12,500 Hz, the sample width is taken from index n12,500 = 8 ⋅ i , where i = 0…249 represents
the order number for the generated pulses.
The number of pulses generated by PWM is 50, 80, 100, 200 and 250 and is correlated with
frequencies of 2500, 4000, 5000, 10,000 and 12,500 Hz.
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It can be observed that the duration of generated pulses has the lowest value when the
modulation frequency has the highest value, but the product of them is a constant equal to
2000.
2.3.3. Measurements accomplished during the functioning of the electrothermal installation equipped
with harmonic compensation devices
2.3.3.1. Variation of the electrical parameters using passive filtering system
The computing application uses the information from txt files generated when the passive
filtering system is connected. In Figures 12 and 13, the variation of the electrical parameters
on 10 s is presented: phase voltages, phase currents, THD for voltages and currents, and active
and reactive powers. The absorbed power of the electrothermal installation is 4.5 and 15 kW
and only the passive filtering system is connected. The colour signification for the parameter
variation is the following: black for all three phases, red for phase 1, green for phase 2 and blue

Figure 12. Variation of the electrical parameters, passive filtering, P = 4.5 kW.
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for phase 3. In Figure 14, the variation of the current harmonic spectrum with passive filters
is presented.
Table 4 synthesizes the average values generated by the variation from Figures 12 and 13, and
Table 5 synthesizes the values from Figure 14.

Figure 13. Variation of the electrical parameters, passive filtering, P = 15 kW.

Figure 14. Variation of the harmonic current spectrum with passive filtering system (4.5 and 15kW).
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Phase
voltage
(V)

Phase
current
(A)

Active
power
(W)

Reactive
power
(VAr)

Distorted
power
(VAd)

Apparent
power
(VA)

THD for
voltages
(%)

THD for
currents
(%)

1300

−11,000

3000

11,476

3.15

28.6

2700

−11,000

3000

11,717

3.00

33.0

4000

−10,800

4800

12,477

2.90

39.0

4000

−10,800

4800

12,477

2.90

37.0

5000

−10,800

5000

12,909

2.85

42.5

5800

−10,700

5000

13,158

2.85

45.0

6000

−10,700

6000

13,656

2.80

45.0

8800

−10,000

7000

15,048

2.65

55.0

11,000

−10,000

8000

16,882

2.50

60.0

13,000

−9500

10,000

18,954

2.30

65.0

P = 1.5 kW (10% Pn)
227.6

17.0

P = 3 kW (20% Pn)
228.0

17.4

P = 4.5 kW (30% Pn)
228.0

18.0

P = 6 kW (40% Pn)
228.0

18.1

P = 7.5 kW (50% Pn)
228.0

18.7

P = 9 kW (60% Pn)
228.4

19.3

P = 10.5 kW (70% Pn)
228.8

19.5

P = 12 kW (80% Pn)
228.2

22.2

P = 13.5 kW (90% Pn)
228.0

25.0

P = 15 kW (100% Pn)
227.5

28.0

Table 4. Electrical parameters obtained with passive filtering system for specified active powers (percent of nominal
power).
Active power (Kw)
Rank →
1.5

Harmonic currents (A)
1
3
5
7
16
–
2
4

9
–

11
3

13
2

15
–

17
–

19
–

21
–

3

16

–

3

4

–

2

2

–

–

–

–

4.5

17

–

4

5

–

2

2

–

–

–

–

6

17

–

3

5

–

2

2

–

–

–

–

7.5

17.5

–

4

6

–

2

2

–

–

–

–

9

18

–

5

6

–

2

3

–

–

–

–

10.5

18

–

5

6

–

2

3

–

–

–

–

12

20

–

7

7.5

–

2

3

–

–

–

–

13.5

21

–

9

8

–

2

2

–

–

–

–

15

23

–

11

10

–

2

3

–

–

–

–

Table 5. Average values for the harmonic current spectrum with passive filtering system.

2.3.3.2. Variation of the electrical parameters using active filtering system
Table 6 synthesizes the average values generated by the variation from Figures 15 and 17, and
Table 7 works with Figure 16.
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Phase
voltage (V)

Phase
current (A)

Active
Reactive
Distorted
power (W) power (VAr) power (VAd)

Apparent
power (VA)

THD for
voltages (%)

THD for
currents (%)

9500

−1250

3000

10,041

3.15

16.0

10,500

−800

2000

10,719

3.00

17.5

10,600

−600

2100

10,823

2.90

17.5

9800

−2000

3000

10,442

2.90

20.0

10,500

−1250

3000

10,991

2.85

20.0

10,800

−1200

2200

11,087

2.85

19.0

11,000

−250

2500

11,283

2.80

18.1

12,500

−1200

3000

12,911

2.61

21.0

14,000

−80

2300

14,188

2.50

17.0

15,000

−100

2500

15,207

2.30

17.0

P = 1.5 kW (10% Pn)
228

14.7

P = 3kW (20% Pn)
228

15.5

P = 4.5 kW (30% Pn)
228

15.8

P = 6 kW (40% Pn)
228

15.0

P = 7.5 kW (50% Pn)
228

16.0

P = 9 kW (60% Pn)
228.3

16.5

P = 10.5 kW (70% Pn)
228.7

16.5

P = 12 kW (80% Pn)
228.3

19.0

P = 13.5 kW (90% Pn)
228

21.5

P = 15 kW (100% Pn)
227.8

23.0

Table 6. Electrical parameters obtained with passive and active filtering system for specified active powers (percent of
nominal power).

Figure 15. Variation of the electrical parameters, passive and active filtering, P = 4.5 kW.
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Figure 16. Variation of the harmonic current spectrum with passive and active filtering system.

Figure 17. Variation of the electrical parameters, passive and active filtering, P = 15 kW.

Active power (kW)

Harmonic currents (A)

Rank →

1

3

5

7 9

11

13

15

17

19

21

1.5

14

–

2

4 –

3

2

–

–

–

–

3

15

–

2

4 –

2

2

–

–

–

–

4.5

15

–

2

1 –

2

1

–

–

–

–

6

15

–

2

3 –

1

1

–

–

–

–

7.5

15

–

3

2 –

1

1

–

–

-

–

9

16

–

2

1 –

1

1

–

–

–

–

10.5

16

–

2

2 –

1

1

–

–

–

–

12

18

–

3

3 –

1

1

–

–

–

–

13.5

20

–

2

3 –

1

1

–

–

–

–

15

21

–

3

3 –

1

1

–

–

–

–

Table 7. Harmonic currents with passive and active filtering system.

21

22

New Applications of Artificial Intelligence

In Figures 15 and 17, the variation of the electrical parameters is presented when the passive
and active filtering system is connected and Figure 16, variation of the current harmonic
spectrum, is presented.
The variation on 0.02 s of the active filter signals is presented in Figures 18–22, during the
functioning of the electrothermal installation at nominal power of 15 kW. The active filtering
system generates an input signals soft compensation; therefore, the phase currents get more
sinusoidal. This achievement is followed by the total harmonic distortion of the phase currents
that is decreased. These parameter variations are obtained by choosing the modulation
frequency fm of the active filter at the following values: 12,500, 10,000, 5000, 4000 and 2500 Hz.

Figure 18. Variation of the active filter signals, P = 15 kW, fm = 12,500 Hz.

Figure 19. Variation of the active filter signals, P = 15 kW, fm = 10,000 Hz.
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Figure 20. Variation of the active filter signals, P = 15 kW, fm = 5000 Hz.

Figure 21. Variation of the active filter signals, P = 15 kW, fm = 4000 Hz.

Figure 22. Variation of the active filter signals, P = 15 kW, fm = 25,000 Hz.
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By choosing the active filter modulation frequency, the following signals are depicted:
- Commanding pulses represent the signals that are generated by PWM modulator subroutine.
The commanding signals represent pulses with variable duration and constant amplitude, they
being proportional with the distorted signal sample amplitudes, which are assumed into the
active filter application. PWM1+ signal represents the PWM modulation of the positive cycles
of the phase 1, and PWM1− signal represents the PWM modulation of the negative cycles of
the phase 1 and so on.
- Passive filtered current signals represent the phase currents, which are assumed using this
system when the passive filter system is connected.
- Residual current signals represent the current signals that must be compensated.
Ideal filtered current signals are ideal-simulated filtered currents.
- Compensating current signals are the signals generated by the active filtering system.
- Filtered current signals represent the phase currents generated by using the passive and active
filtering system.
The colour signification is presented in the following: cyan for PWM1+, red for PWM 1−,
magenta for PWM 2+, green for PWM2−, yellow for PWM 3+ and blue for PWM 3−. In the other
figures, phase 1 is red, phase 2 is green and phase 3 is blue. The phase currents are represented
in red for phase 1, green for phase 2 and blue for phase 3.
In Table 8, the variation of THD of the phase currents is synthesized, when the electrothermal
installation is equipped with passive filters and also with the entire filtering system, that is,
passive and active filtering system.
Active power (kW)

THD (%)

THD (%)

Passive filtering

Passive + active filtering for fm =
12,500 Hz

10,000 Hz

5000 Hz

4000 Hz

2500 Hz

1.5

28

16

1.5

28

16

1.5

3

33

17

3

33

17

3

4.5

39

17

4.5

39

17

4.5

6

37

20

6

37

20

6

7.5

42

20

7.5

42

20

7.5

9

45

19

9

45

19

9

10.5

45

18

10.5

45

18

10.5

12

55

21

12

55

21

12

13.5

60

17

13.5

60

17

13.5

Table 8. Variation of THD of the phase currents.
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A very important conclusion regarding the electrical parameter variation is the voltage
balancing [7]. The phase voltages are constant [8] during the 10% increase of the consumed
power of the installation and they are situated between 227.5 and 228.8 V in Table 4 and also
in Table 6.

3. Conclusions
This paper describes an intelligent system, which is able to command and control an active
filtering system using a software application and a data acquisition board.
The electrothermal installation, which is equipped only with passive harmonic compensation
devices, generates distorted regime into the power system.
When the active filtering system is connected, the effective values of the phase currents increase
from 23 to 28 A. Another important conclusion is the voltage balancing.
The electrothermal installations with electromagnetic induction are current harmonic sources.
Therefore, the low values of the total harmonic distortion of the phase voltages and the very
high values of the total harmonic distortion of the phase currents are obtained. As it can be
seen in Table 4 and also in Table 6, THD for phase voltages lays in standard limits. The most
important improvement that is reached in the present study consists in decreasing the phase
currents’ THD when the active filtering system is connected, from 60 to 17%. This is due to
decreasing of the distorted power from 10,000 to 2500 VAd when the active filtering system is
connected.
Concerning the variation of the active filter signals, it can be concluded that the number of
pulses for each cycle is decreased with the decreasing of the modulation frequency. The
duration of the pulses becomes proportionally higher because the pulse-frequency generation
by the LabVIEW appropriate functions decreases. The active filter presents the highest
accuracy when the modulation frequency is chosen on a maximum level (12,500 Hz), because
a less number of samples from the input signals are processed. Therefore, the amplitude of the
unwished oscillations, which overlaps the filtered signals, can be neglected. The level of these
oscillations is decreasing with the increasing of the modulation frequency.
The monitoring and filtering system presented in this chapter represents an alternative method
to the classical harmonic compensation systems, which determines high costs [9]. The software
and devices described here represent laboratory equipment, which has great advantage for
permanent improvement.
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Abstract
Wind energy forecasting is particularly important for wind farms due to cost-related
issues, dispatch planning, and energy market operations. Thus, improving forecasting
accuracy becomes an urgent task for researchers in the field of wind energy. Howev‐
er, there is limited research to discuss an overall comparison among various forecast‐
ing types, which is a foundation for future works with respect to wind energy prediction
because this comparison may reveal whether there is a best model for a specific
forecasting type or specific data in this field. For the purpose of laying a strong
foundation for wind energy research, this chapter introduces five basic forecasting
models, which are Autoregressive Moving Average Model (ARMA), Back-Propaga‐
tion Neuron Network (BPNN), Support Vector Regression (SVR), Extreme Learning
Machine (ELM), and Adaptive Network-Based Fuzzy Inference System (ANFIS) with
implement codes before comparing the forecasting effectiveness of five different models
in three wind farms based on five forecasting types. Comparison results indicate that
each model has great divergent forecasting results in different wind farms and every
forecasting type has its own “best model.”
Keywords: wind power, AI-based models, forecasting, comparison, Matlab codes

1. Introduction
The important environmental advantages of renewable energy sources have been significant‐
ly noticed, which results in most industrialized countries committed to developing the
installation of wind power plants [1]. The share of total installed capacity of wind power in
China has reached approximately 27% in the global capacity, which is 96.37 GW, due to the
historically high installation of new wind power capacity. Moreover, a renewable-energy1

1

N.E. Administration, http://www.nea.gov.cn/2015-02/12/c_133989991.htm (2015).
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oriented power system was proposed as the fundamental aim of China’s energy transforma‐
tion during the Asia-Pacific Economic Cooperation (APEC) Conferences. Advanced prediction
techniques are urgently needed to integrate wind energy into the electrical power grid in a
manner that benefits both Transmission System Operators (TSOs) and Independent Power
Producers (IPPs) [2,3].
2

Since wind energy has the inherently intermittent nature and stochastic nonstationarity, it
brings significant levels of uncertainty to system operators [4]. Thus, accurate wind forecasts
are of primary importance to solve operational, planning, and economic problems in the
growing wind power scenario [4,5]. Current wind power forecasting research has been divided
into point forecasts (also called deterministic predictions) [6–8] and uncertainty forecasts
[9,10]. Deterministic forecasts deliver specific amounts of wind power and focus on reducing
the forecasting error [11]. By contrast, it is essential to decision-making processes and electricity
market trading strategies [12] that uncertainty forecasts provide uncertainty information for
system operators to manage the wind power generation of wind farms [11,13].
The existing approaches published in the literature with respect to wind energy prediction can
be divided into three categories—artificial intelligent model, physical model, and statistical
model—and sometimes a hybrid one, which integrates advantages of different categories, is
involved. Researchers often utilize them to forecast various types of wind speed and wind
power by various types including the multi-step forecasting, long-term wind speed (power)
forecasting, and so on. However, few literature exist to discuss an overall comparison among
various forecasting types, which is a foundation for future works of wind energy prediction
because this comparison may reveal whether there is a best model for a specific forecasting
type or specific data in the field of wind energy.
The following parts in this paper are demonstrated by four sections: methodology briefly
introduces forecasting approaches that this paper adopts; data collection specifically illustrates
three types of wind data; simulation and result displays and evaluates the final results of
forecasting effectiveness of each model; and conclusion draws the main results that this paper
investigates.

2. Methodology
In this section, we will introduce five basic models including Autoregressive Moving Average
Model (ARMA), Back-Propagation Neuron Network (BPNN), Support Vector Regression
(SVR), Extreme Learning Machine (ELM), and Adaptive Network-Based Fuzzy Inference
System (ANFIS) as forecasting methods in this paper to predict wind speed. For the purpose
of clearly demonstrating procedures of forecasting wind speed using these methods, this
chapter will attach the Matlab code after introduction of each model and the wind speed series
is defined as follows:
2

N.E. Administration, http://www.nea.gov.cn/2015-06/08/c_134305870.htm (2015).
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Ws = ( ws1 , ws2 , L ,wsN )

(1)

where N is a positive integer and wsn ∈ (0, + ∞ ) ⊂ ℝ represents the wind speed of time n.

2.1. Autoregressive moving average model
2.1.1. Brief introduction of ARMA
This section displays ARMA model and the ARMA(p, q) model can be expressed as follows [14]:

p

q

i =1

j =1

yt = d + å ji yt - i + å f j et - j + et

(2)

Where δ is the constant term of the ARMA model, φi is the ith autoregressive coefficient, ϕj is
the jth moving average coefficient, et is the error term at time period t, and represents the value
of wind speed observed or forecasted at time period t. Thus, the first step in applying ARMA
model to forecast wind speed is to identify p and q, which is related to the stationarity of the
time series, which means that the stationarity assumption of observed series should be checked
first. For this purpose, inspection of the run plots and Auto Correlation Function (ACF) plots
can be used for deciding on the order of differencing.

2.1.2. Implement for wind speed forecasting
Since the Matlab has the ARMA package, we will implement this model to forecast wind speed
using five steps as follows:
1.

Identify the domain of p and q. In this chapter, we set p ∈ {1, 2, 3, 4, 5} and

q ∈ {1, 2, 3, 4, 5}.

2.

For each pair (p, q), calculate corresponding model’s AIC value.

3.

Select the pair (p, q), which makes corresponding model’s AIC value to be minimum one
among all of pairs of (p, q) as the best (p, q) and denote this pair as (p_test, q_test).

4.

Apply (p_test, q_test) to establish ARMA model.

5.

Forecast m steps using the model established in step (4).

The detailed Matlab codes are listed in Code 1.
Code 1. Matlab Codes of ARMA.
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function [y_output,p_test,q_test] = arma_dynmc(Ws,m)
z = Ws; step = m;
test = [];
for p = 1:5
for q = 1:5
m = armax(z,[p,q]);
AIC = aic(m);
test = [test;p q AIC];
end
end
[min_aic,min_i] = min(test(:,3));
p_test = test(min_i,1);q_test = test(min_i,2);
m = armax(z,[p_test,q_test]);
P = predict(m,z,step);
y_output = P(end-step+1:end,1)';

2.2. Back-propagation neuron network
2.2.1. Brief introduction of BPNN
Mccelland and Rumelhart developed the BP neural network model in 1985. There are three
layers in a particular network: the input, hidden, and output layers. Each layer has designed
nodes, whose functions aim to calculate the inner product of the input vector and weight vector
by the transfer function [15]. The process of BPNN is demonstrated by the following steps:
1.

Initialize. Assume that the input layer has n nodes, and hidden layer has l nodes, and
output layer has m nodes. Let the network distribute values randomly for each threshold
value θj, γt and the connection weight wij, vjt, i = 1, 2, …, n, j = 1, 2, …, l, and t = 1, 2, …, m.

2.

Calculate the output of hidden layer. Assume X ⊂ − 1, 1 n is the input space and
Y ⊂ − 1, 1 m is the output space, which means X is an n-dimensional space and Y
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is an m-dimensional space. We denote each element in as xi and each element in
Y is yt. Thus, the output of hidden layer can be calculated using the following
function:
æ n
ö
H
f ç å wij xi - q j ÷=
, j 1, 2 , ..., l
=
j
è i =1
ø

(3)

f ( • ) is the transfer function and is expressed as follows:

1
1 + e- z

f ( z) =
3.

Calculate the output of the network. Using Hj, vjk, and γt, the output of the network can
be calculated as follows:
=
Ot

l

åv
j =1

jk

H j - g=
1, 2 , ..., m
t ,t

(4)

4.

Error calculation. The error between yt and Ot can be expressed as et = Ot – yt.

5.

Weights updating. According to back-propagation algorithm, the weights wij, vjt can be
updated by using the following functions:
m

wij =+
wij h H j (1 - H j ) xi å w jt et

(5)

v jt = v jt + h H j et

(6)

t =1

where η is the learning rate and i = 1, 2, …, n, j = 1, 2, …, l, and t = 1, 2, …, m.
6.

Biases updating. Similarly, the biases θj, γt can be updated by using the following
functions:
m

qj =
q j + h H j (1 - H j ) å w jt et

(7)

g t = g t + et

(8)

t =1

7.

Iteration. If the error is more than the expected value, then execute steps (2)–(6).
Otherwise, denote θj, γt, wij, and vjt as the optimized parameter of this network
with respect to X and Y.
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2.2.2. Implement for wind speed forecasting
In this part, how to apply BPNN to forecast wind speed will be introduced in detail and the
MATLAB code for predicting wind speed will be attached. There are six steps to forecast wind
speed applying BPNN as follows:
1.

Design forecasting mode. In this chapter, AI-based model will apply the following mode
to forecast wind speed of different wind databases
forecast
¾
® wst
( wst -1 , wst - 2 ) ¾¾¾

(9)

Eq. (8) indicates that the input space X for BPNN model is a two-dimensional space and
the output space Y is a one-dimensional space, meaning that n = 2 and m = 1 as described
in Section 2.2.1.
2.

Assign training samples. Based on step (1), the input and output of training samples are
expressed as follows:
æ ws
Train _ input = ç 1
è ws2
Train _ output = ( ws3

ws2 L wsN - 2 ö
÷
ws3 L wsN -1 ø

(10)

ws4 L ws N )

(11)

The Matlab codes of this step are listed in Code 2.
Code 2. Matlab codes to construct training samples.

n = length(Ws);
for i = 1:2
Train_input(i,:) = Ws(i:n+i-3);
End
Train_output = Ws(3:n)

3.

Normalize Train_input and Train_output. Since X ⊂ − 1, 1 n and Y ⊂ − 1, 1 m, Train_input
and Train_output need to be adjusted to satisfy this condition. First, the maximum and
minimum values of each row in Train_input need to be calculated using the following
functions:
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()
Mininput
= min {i th row in Train _ input}

(12)

()
Maxinput
= max {i th row in Train _ input}

(13)

i

i

(i )
(i )
(i )
= Maxinput
− Mininput
and normalized Train_input can be obtained by the following
Let Dinput

equation (i = 1, 2):

(1)
æ ws1 - Mininput
ç
(1)
Dinput
ç
Train _ inputm = ç
( 2)
ç ws2 - Mininput
çç
( 2)
Dinput
è

()
ws2 - Mininput
1

()
Dinput
1

( )
ws3 - Mininput
2

( )
Dinput
2

(1) ö
wsN - 2 - Mininput
÷
(1)
Dinput
÷
÷
( 2)
wsN -1 - Mininput ÷
L
÷÷
( 2)
Dinput
ø

L

(14)

Similarly, normalized Train_output can be obtained by the following equations:
()
Minoutput
= min {i th row in Train _ output}
i

()
Maxoutput
= max {i th row in Train _ output}
i

()
()
()
=
Doutput
Maxoutput
- Minoutput
i

(1)
æ ws3 - Minoutput
Train _ outputm = ç
(1)
ç
Doutput
è

i

i

()
ws4 - Minoutput
1

()
Doutput
1

L

(1) ö
wsN - Minoutput
÷
(1)
÷
Doutput
ø

(15)

The Matlab codes of this step are listed in Code 3.
Code 3. Matlab codes to normalize training samples.

[Train_inputm, inputs] = mapminmax(Train_input);
[Train_outputm, outputs] = mapminmax(Train_output);

4.

Assign parameters and train the network. We assign that the network has three layers and
the input layer has two nodes, the hidden layer has two nodes and the output layer has
one node. Thus, according to Section 2.2.1, the optimized weights and biases of this
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network can be calculated and denoted by θj, γt, wij, vjt, i = 1, 2, j = 1, 2, and t = 1. The Matlab
codes of this step are listed in Code 4.
Code 4. Matlab codes to build and train BPNN.

Net = newff(Train_input, Train_output, 2);
Net = train(Net, Train_input, Train_output);

Net is the trained network and can be applied to forecast wind speed in the following
steps:
5.

Forecast wsN +1. Based on the forecasting mode in step (1), we need to apply wsN −1 and wsN

to forecast wsN +1, which means that the Test_input is (wsN −1, wsN )T . Then,
()

()

()

i
i
i
Dinput
, Maxinput
and Mininput
obtained in step (3) will be applied to normalize Test_input and

the normalized Test_input can be expressed using Test_inputm as follows:
(1)
æ wsN -1 - Mininput
ç
(1)
Dinput
ç
Test _ inputm = ç
( 2)
ç wsN - Mininput
çç
( 2)
Dinput
è

ö
÷
÷
÷
÷
÷÷
ø

(16)

Applying Eqs. (3) and (4) in Section 2.2.1, we can obtain the output of the network and
denote it by O ∈ ℝ. Thus, the forecasting value of wsN +1 is Ws_forecast =
( )

( )

1
1
O × Doutput
+ Minoutput
.

The Matlab codes of this step are listed in Code 5.
Code 5. Matlab codes to forecast using established BPNN (single step ahead)

Test_inputm = mapminmax(‘apply’, Test_input, inputs);
O=sim(Net, Test_inputm);
Ws_forecast= mapminmax(‘reverse’, O, outputs);

6.

Forecast wsN +2. Based on the forecasting mode in step (1), we need to apply wsN and

forecasting value of wsN +1, Ws_forecast, to forecast wsN +2, which means that the Test_in‐

(i )
(i )
(i )
put2 is (wsN , Ws _ forecast )T . Then, Dinput
, Maxinput
and Mininput
obtained in step (3) will be
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applied to normalize Test_input2 and the normalized Test_input2 can be expressed using
Test_inputm2 as follows:
(1)
æ
wsN - Mininput
ç
(1)
Dinput
ç
Test _ inputm2 = ç
( 2)
ç Ws _ forecast - Mininput
çç
( 2)
Dinput
è

ö
÷
÷
÷
÷
÷÷
ø

(17)

Applying Eqs. (3) and (4) in Section 2.2.1, we can obtain the output of the network and
denote it by O2 ∈ ℝ. Therefore, the forecasting value of wsN +2 is Ws_forecast2 =
( )

( )

1
1
O2 × Doutput
+ Minoutput
.

The Matlab codes of this step are listed in Code 6.
Code 6. Matlab codes to forecast using established BPNN (two-step ahead).

Test_inputm2 = mapminmax(‘apply’, Test_input2, inputs);
O2=sim(Net, Test_inputm2);
Ws_forecast2= mapminmax(‘reverse’, O, outputs);

2.3. Support vector regression
2.3.1. Brief introduction of SVR
SVR is the most common application of support vector machines (SVMs) and constructs a
hyperplane that separates examples with maximum margin, to categorize or forecast series
[16]. Given the training data {( x1, y1), … , ( xl , yl )} ⊂ Χ × ℝ, where Χ = ℝd denotes the space of
input patterns, then the goal of SVR is to find a function f ( x ) that is as flat as possible with at
most ε deviation from the actually obtained targets yi for all the training data. The simplest,
linear formula for the output of a linear SVR is defined as [17]
f ( x )=

w,x + b, w Î X , b Î ¡

(18)

where w, x denotes the dot product in Χ . One way to get the largest flatness is to minimize
the w in Eq. (18) and this problem can be written as Eq. (19) by introducing slack variables ξi ,
ξ*i into a convex optimization problem function:
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1 2
l
w + C å i =1 (xi + xi* )
2
ì yi - w, xi - b £ e
ï
subject to í w, xi + b - yi £ e
ï
*
³0
îxi , xi

minimize

(19)

The constant C > 0 determines the trade-off between the flatness of f and the amount up to
which deviations larger than ε are tolerated.
To figure out the support vector regression function, the dual problem of Eq. (19) is defined
in Eq. (20) by constructing a Lagrange function from the objective function:
ì1 l
*
*
ï å i , j =1 (a i - a i )(a j - a j ) xi , x j
maximize í 2
ï-e l (a + a * ) + l y (a - a * )
å i =1 i i i
i
î å i =1 i
subject to

-a )
å (a=
l

*
i

i

i =1

(20)

0 and a i ,a i* Î [ 0, C ]

With the solution of (α, α *) from Eq. (20), the support vector regression function can be written
as follows:
f ( x ) =å i =1 (a i - a * ) xi , x + b
l

(21)

When it comes to the nonlinear regression problem, the training patterns xi can be mapped
into a high-dimensional space, where the nonlinear regression problem is transformed into a
linear one. The expansion of Eq. (21) is defined as Eq. (22):
f ( x) =
å i =1 (a i* - a i ) k ( xi , x; g ) + b
N

(22)

where αi* and αi are Lagrange multipliers and k ( xi , x; g ) is the kernel function, in which g is a
parameter and generally set as 1/d.
2.3.2. Implement for wind speed forecasting
We use the libsvm package (Version 3.17) to implement forecasting task of wind speed using
SVR. There are six steps and steps (1)–(3) are same as in steps (1)–(3) in Section 2.2.2. Thus, we
start to introduce from step (4).
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(4) Assign parameters and train the SVR model. We assign that C is 4 and g is 0.5. Thus,

according to Section 2.3.1, the optimized solution (α, α *) can be calculated. The Matlab codes
of this step are listed in Code 7.
Code 7. Matlab codes to establish and train SVR.

Model = svmtrain(Train_output’, Train_input’, ‘-C 4 –g 0.5’);

Model is the trained SVR model and can be applied to forecast wind speed by the following
steps:
(5) Forecast wsN +1. Based on the forecasting mode in step (1), we need to apply wsN −1 and wsN
to

forecast
()

()

wsN +1,

which

means

that

the

Test_input

is

(wsN −1, wsN )T . Then,

()

i
i
i
obtained in step (3) will be applied to normalize Test_input and the
Dinput
, Maxinput
and Mininput

normalized Test_input can be expressed using Test_inputm as follows:
(1)
æ wsN -1 - Mininput
ç
(1)
Dinput
ç
Test _ inputm = ç
( 2)
ç wsN - Mininput
çç
( 2)
Dinput
è

ö
÷
÷
÷
÷
÷÷
ø

(23)

Applying Eqs. (3) and (4) in Section 2.2.1, we can obtain the output of the network and denote
(1)
(1)
it by O ∈ ℝ. Thus, the forecasting value of wsN +1 is Ws_forecast = O × Doutput
+ Minoutput
. The Matlab

codes of this step are listed in Code 8.

Code 8. Matlab codes to forecast using established SVR (single step ahead).

Test_inputm = mapminmax(‘apply’, Test_input, inputs);
O=svmpredict(0, Test_inputm’,Model);
Ws_forecast= mapminmax(‘reverse’, O, outputs);

(6) Forecast wsN +2. Based on the forecasting mode in step (1), we need to apply wsN and the
forecasting value of wsN +1, Ws_forecast, to forecast wsN +2, which means that the Test_input2 is

(i )
(i )
(i )
, Maxinput
and Mininput
obtained in step (3) will be applied to
(wsN , Ws _ forecast )T . Then, Dinput

normalize Test_input2 and the normalized Test_input2 can be expressed using Test_inputm2 as
follows:
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(1)
æ
wsN - Mininput
ç
(1)
Dinput
ç
Test _ inputm 2 = ç
( 2)
ç Ws _ forecast - Mininput
çç
( 2)
Dinput
è

ö
÷
÷
÷
÷
÷÷
ø

(24)

Applying Eqs. (3) and (4) in Section 2.2.1, we can obtain the output of the network and denote
(1)
(1)
+ Minoutput
.
it by O2 ∈ ℝ. Therefore, the forecasting value of wsN +2 is Ws_forecast2 = O2 × Doutput

The Matlab codes of this step are listed in Code 9.
Code 9. Matlab codes to forecast using established SVR (two-step ahead).

Test_inputm2 = mapminmax(‘apply’, Test_input2, inputs);
O2=svmpredict(0,Test_inputm2’,Model);
Ws_forecast2= mapminmax(‘reverse’, O, outputs);

2.4. Extreme learning machine
2.4.1. Brief introduction of ELM
Huang et al. [18] investigated the ELM, which is an effective and efficient learning algorithm.
The ELM aims to randomly initialize the weights and biases of SLFN and then to explicitly
calculate the hidden layer output matrix and hence the output weights. Because of the nature
of non-adjusted weights and bias, the network can be established using a very low computa‐
tional cost [19]. Then, the ELM with l hidden neurons and transfer function φ( · ) can approx‐
imate the N samples with zero error as
l

å b j (w x
j =1

j

j

k

+ b j ) = yk , k = 1, 2, ..., N

(25)

which can be written as HB=Y, with
æ j ( w 1x1 + b1 ) L j ( w l x1 + bl ) ö
ç
÷
H ( w1 , ..., w l , b1 , ..., bl , x1 , ..., x N ) = ç
M
O
M
÷
çj ( w x + b ) L j ( w x + b ) ÷
N
1
l
N
l
1
è
ø

(26)
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where wi is the weight vector connecting the ith hidden neuron and the input nodes, βi is the
weight vector connecting the ith hidden neuron and the output neurons, and bi is the threshold
of the ith hidden neuron, and B = (β1T … βlT )T , Y = ( y1T … yNT )T

Then, the output weights B can be calculated from the hidden layer output matrix H and the
target values Y as B^ = H†Y, where H† is the Moore-Penrose generalized inverse of the matrix
H.
2.4.2. Implement for wind speed forecasting
We use Matlab to compile ELM model and provide two *.m files, which are Elmtrain.m and
Elmpredict.m, in Appendix. Elmtrain function is similar to train function for BPNN and
svmtrain function for SVR and Elmpredict function is similar to sim function for BONN and
svmpredict function for SVR. In detail, there are six steps for forecasting wind speed using
ELM model and steps (1)–(3) are same as in steps (1)(3) in Section 2.2.2. Thus, we start to
introduce them from step (4).
(4) Assign parameters and train the ELM model. We design that the input layer of ELM model
has two nodes, and the hidden layer of ELM has two nodes, and the output layer of ELM model
has one node. Thus, according to Section 2.4.1, the optimized B can be calculated. The Matlab
codes of this step are listed in Code 10.
Code 10. Matlab codes to establish and train ELM.

[W,b,B,TF,TYPE] = elmtrain(Train_input, Train_output, 2);

W is the weight matrix of the input layer and hidden layer, and b is the bias vector of input
layer and hidden layer, and B is B^ in Section 2.4.1, and TF is the transfer function φ( · ), and
TYPE is model’s functions (classification or regression). We select sigmoid function as the
transfer function φ( · ) of ELM, which is same as that of BPNN.
(5) Forecast wsN +1. Based on the forecasting mode in step (1), we need to apply wsN −1 and wsN
to

forecast
()

()

wsN +1,

which

means

that

the

Test_input

is

(wsN −1, wsN )T . Then,

()

i
i
i
Dinput
, Maxinput
and Mininput
obtained in step (3) will be applied to normalize Test_input and the

normalized Test_input can be expressed using Test_inputm as follows:
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æ wsN -1 - Mininput
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Dinput
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Dinput
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(27)
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Applying Eqs. (3) and (4) in Section 2.2.1, we can obtain the output of the network and denote
(1)
(1)
it by O ∈ ℝ. Thus, the forecasting value of wsN +1 is Ws_forecast = O × Doutput
+ Minoutput
. The Matlab

codes of this step are listed in Code 11.
Code 11. Matlab codes to forecast using established ELM (single step ahead).

Test_inputm = mapminmax(‘apply’, Test_input, inputs);
O=elmpredict(Test_inputm, W,b,B,TF,TYPE);
Ws_forecast= mapminmax(‘reverse’, O, outputs);

(6) Forecast wsN +2. Based on the forecasting mode in step (1), we need to apply wsN and
forecasting value of wsN +1, Ws_forecast, to forecast wsN +2, which means that the Test_input2 is
(i )
(i )
(i )
, Maxinput
and Mininput
obtained in step (3) will be applied to
(wsN , Ws _ forecast )T . Then, Dinput

normalize Test_input2 and the normalized Test_input2 can be expressed using Test_inputm2 as
follows:
(1)
æ
wsN - Mininput
ç
(1)
Dinput
ç
Test _ inputm 2 = ç
( 2)
ç Ws _ forecast - Mininput
çç
( 2)
Dinput
è

ö
÷
÷
÷
÷
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ø

(28)

Applying Eqs. (3) and (4) in Section 2.2.1, we can obtain the output of the network and denote
(1)
(1)
it by O2 ∈ ℝ. Therefore, the forecasting value of wsN +2 is Ws_forecast2 = O2 × Doutput
+ Minoutput
.

The Matlab codes of this step are listed in Code 12.
Code 12. Matlab codes to forecast using established ELM (two-step ahead).

Test_inputm2 = mapminmax(‘apply’, Test_input2, inputs);
O2=svmpredict(Test_inputm2, W,b,B,TF,TYPE);
Ws_forecast2= mapminmax(‘reverse’, O, outputs);
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2.5. Adaptive network-based fuzzy inference system
2.5.1. Brief introduction of ANFIS
ANFIS is introduced to compensate for the disability of conventional mathematical tools to
address uncertain systems, such as human knowledge and reasoning processes. There are two
contributions of FIFs restructured: proposing a standard method for transforming ill-defined
factors into identifiable rules of FIS and using an adaptive network to tune the membership
functions. We assume that there are two fuzzy if-then rules contained in the system, two inputs
(x and y) and one output (z), and the processes of ANFIS are described in Figure 1 [20–21].

Figure 1. Five processes included in this figure. In an ANFIS architecture, circles are fixed nodes without parameters
and squares represent adaptive nodes whose parameters are determined by training data and a gradient-based learn‐
ing procedure.

Layer I: Mapping a certain input x to a fuzzy set Oi(1) for every node i by the member functions

μA, which is usually bell-shaped with a parameter set {ai , bi , ci }, as is y

Oi = m A ( x ) , where m A ( x ) =
(1)

1
éæ x - ci ö ù
1 + êç
÷ú
êëè ai ø úû

bi

or m A ( x ) = e

æ x - ci
- çç
è ai

ö
÷÷
ø

2

(29)

Layer II: In this layer, each circle node performs the connection “AND” and multiplies inputs,
as well as sends the product out:
Oi( ) = wi = m A ( x ) ´ m B ( x )
2

(30)

Layer III: Every circle node in this layer calculates a normalized firing strength, namely a ratio
of the rule’s firing strength to the sum of all rules’ firing strengths:
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Oi( ) = wi =
3

wi
å wi

(31)

Layer IV: Assume the rules of this system are as follows:
Rule 1: If x is A1 and y is B1, then f 1 = p1 x + q1 y + r1
Rule 2: If x is A2 and y is B2, then f 2 = p2 x + q2 y + r2
Then, the outputs of the adaptive nodes in this layer are computed by
Oi( ) = wi f i = wi ( p1 x + q1 y + r1 )
4

(32)

Layer V: The overall output is the weighted average of all incoming signals:
Oi( ) = å wi f i =
5

i

åw f
åw

i i

i

i

i

(33)

Particularly, in this case,
2

2

i =1

i =1

Oi( ) = å wi f i = å (wi x ) pi + (wi y ) qi + wi ri
5

(34)

2.5.2. Implement for wind speed forecasting
We use the genfis3 function and ANFIS function in Matlab to implement forecasting task of
wind speed using ANFIS. There are six steps and steps (1)–(3) are same as in steps (1)–(3) in
Section 2.2.2. Thus, we start to introduce from step (4).
(4) Assign parameters and train the ANFIS model. We set the number of iteration of ANFIS as
100. Thus, the optimized parameters can be calculated. The Matlab codes of this step are listed
in Code 13.
Code 13. Matlab codes to establish and train ANFIS.

fismat = genfis3(Train_input’, Train_output’);
out_fis1 = anfis([Train_input’ Train_output’],fismat,100);

The out_fis1 is the trained ANFIS and can be applied to forecast wind speed.
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(5) Forecast wsN +1. Based on the forecasting mode in step (1), we need to apply wsN −1 and wsN
to

forecast
()

()

wsN +1,

which

means

that

the

Test_input

is

(wsN −1, wsN )T . Then,

()

i
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normalized Test_input can be expressed using Test_inputm as follows:
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Applying Eqs. (3) and (4) in Section 2.2.1, we can obtain the output of the network and denote
(1)
(1)
+ Minoutput
. The Matlab
it by O ∈ ℝ. Thus, the forecasting value of wsN +1 is Ws_forecast = O × Doutput

codes of this step are listed in Code 14.
Code 14. Matlab codes to forecast using established ANFIS (single step ahead).

Test_inputm = mapminmax(‘apply’, Test_input, inputs);
O=evalfis(Test_inputm’, out_fis1);
Ws_forecast= mapminmax(‘reverse’, O, outputs);

(6) Forecast wsN +2. Based on the forecasting mode in step (1), we need to apply wsN and
forecasting value of wsN +1, Ws_forecast, to forecast wsN +2, which means that the Test_input2 is
(i )
(i )
(i )
, Maxinput
and Mininput
obtained in step (3) will be applied to
(wsN , Ws _ forecast )T . Then, Dinput

normalize Test_input2 and the normalized Test_input2 can be expressed using Test_inputm2 as
follows:
(1)
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Test _ inputm2 = ç
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Applying Eqs. (3) and (4) in Section 2.2.1, we can obtain the output of the network and denote
(1)
(1)
+ Minoutput
.
it by O2 ∈ ℝ. Therefore, the forecasting value of wsN +2 is Ws_forecast2 = O2 × Doutput

The Matlab codes of this step are listed in Code 15.
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Code 15. Matlab codes to forecast using established ANFIS (two-step ahead).

Test_inputm2 = mapminmax(‘apply’, Test_input2, inputs);
O2=evalfis(Test_inputm2’, out_fis1);
Ws_forecast2= mapminmax(‘reverse’, O, outputs);

3. Data collection
We select three types of wind data to train and test forecasting models, which are 10-minute
wind speed data in wind farm A (this database is denoted by WFD1), 15-minute wind speed
data in wind farm B (this database is denoted by WFD2), and 15-minute wind speed data in
wind farm C (this database is denoted by WFD3), and wind farms B and C are in the same city
in China.

Figure 2. Descriptive information and histograms of three wind farm databases.

In this section, the descriptive information of each database will be provided and we will test
the similarity between WFD2 and WFD3 using Friedman test. In the beginning, Figure 2 shows
the three databases and their histograms.
From Figure 2, this is apparent that WFD1 and WFD2 have similar maximum and minimum
values because they are in the same city. However, WFD1 and WFD2 have different mean and
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variance values. Thus, we use Friedman test to figure out whether both of two time series are
significantly different, which is shown in Table 1. In Table 1, the p-value of Friedman test is
very small (2.46e–11), which indicates that WFD1 and WFD2 have a significant difference.
Source

SS

df

MS

Chi-squared

Prob>Chi-squared

Columns

73.3

1

73.2825

44.57

2.46e–11

Interaction

61568.7

17,085

3.6037

Error

22,649

34,172

0.6628

Total

84,291

68,343

Table 1. The result of Friedman test between WFD1 and WFD2.

For WFD3, its mean value is significantly different from others and the histogram of WFD3 is
also different from those of other databases. From the description of these three databases, it
can be seen that they are very different, which lays a strong foundation for the comparison
study.

4. Simulation and results
For these different databases, we will test 1-h-ahead, 4-h-ahead, 1-h average, 4-h average, and
1-day average wind speed forecasting effectiveness by using five methods separately, which
is to say that we conduct five experiments of different time scales or time horizons in this
comparison study. To test the overall forecasting effectiveness of each model, the testing period
is 30 weeks in 2014 and we apply three criteria to evaluate forecasting error, which are the
mean absolute percent error (MAPE), root-mean-squared error (RMSE), and mean absolute
error (MAE). The formulas of three criteria are expressed as follows:
ˆyt - yt
e=
t

MAPE =

(37)

1 N et
å ´ 100%
N t =1 yt

RMSE =
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1
N

N

åe
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2
t

(38)

(39)

(40)
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where t represents the time t, yt is the actual value in time t, ^y t is the forecasting value in time

t, and N is the length of testing period.

4.1. Experiment I: 1-h-ahead wind speed forecasting
In this experiment, we will test the 1-h-ahead forecasting effectiveness of five models. It should
be pointed that 1-h-ahead prediction means a four-step forecast for WFD1 and WFD2 and a
means six-step forecast for WFD3 because WFD3 is constructed by 10-min wind speeds. The
main results are shown in Table 2, which contains MAPE, RMSE, and MAE of each model
when forecasting 1-h-ahead wind speed.
Wind farms

Criteria

ANFIS

BPNN

ELM

SVM

ARMA

WFD1

MAE

1.4193

0.8066

0.8335

0.9471

1.4293

MAPE

43.67%

19.25%

19.51%

30.74%

30.96%

RMSE

1.5092

0.9083

0.9375

1.0521

1.5574

MAE

1.8110

0.7651

0.7649

0.8590

2.9846

MAPE

49.82%

20.21%

19.76%

28.11%

83.01%

RMSE

1.8837

0.8611

0.8607

0.9550

3.0937

MAE

1.2618

0.9781

0.8571

0.9055

3.0764

MAPE

25.22%

20.26%

16.29%

19.05%

64.92%

RMSE

1.3735

1.1019

0.9797

1.0290

3.1724

WFD2

WFD3

Table 2. The forecasting results of Experiment I.

From Table 2, it is apparent that BPNN has the best performance among these five models in
WFD1 and ELM outperforms others in WFD2 and WFD3 by three criteria. By contrast, the
forecasting accuracy of ANFSI and ARMA is poor and even cannot be accepted in some wind
farms, such as the performance of ARMA in WFD1 and WFD2 and the performance of ANFIS
in WFD1 and WFD2. These results show that each wind farm has the corresponding best
forecasting model and there is no single model that can perform best in every wind farm by
three criteria.
4.2. Experiment II: 4-h-ahead wind speed forecasting
Experiment II shows the 4-h-ahead forecasting effectiveness of wind speed, and the 4-h-ahead
forecasting is equal to a 16-step forecast for WFD1 and WFD2 and is a 24-step forecast for
WFD3. Table 3 descripts forecasting results of five models in three wind farms.
In Table 3, BPNN is the best model in WFD1 and WFD2 by three criteria and outperforms
other models in three databases by MAE and RMSE. ANFIS has the lowest MAPE in WFD3
among these models but has high MAPE, MAE, and RMSE in WFD1 and WFD2. It is similar
to Experiment I that ARMA does not have a decent forecasting results in three wind farms.
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These results indicate that model’s forecasting effectiveness varies a lot when the wind farm
changes (such as the effectiveness of ANFIS).
Wind farms

Criteria

ANFIS

BPNN

ELM

SVM

ARMA

WFD1

MAE

1.9441

1.4385

1.4725

1.6147

2.4799

MAPE

54.41%

35.36%

36.67%

52.28%

55.59%

RMSE

2.1531

1.6664

1.7062

1.8376

2.7478

MAE

1.9937

1.3251

1.3492

1.4246

2.8887

MAPE

54.96%

34.71%

36.36%

45.85%

78.64%

RMSE

2.1770

1.5440

1.5647

1.6301

3.1138

MAE

1.3250

1.3176

1.3575

1.3951

2.6248

MAPE

26.04%

26.80%

27.20%

30.12%

53.30%

RMSE

1.5494

1.5347

1.5924

1.6122

2.8495

WFD2

WFD3

Table 3. The forecasting results of Experiment II.

4.3. Experiment III: 1-h average wind speed forecasting
In Experiment III, we will forecast 1-h average wind speed in three wind farms using ANFIS,
BPNN, ELM, SVM, and ARMA, and 1-h average wind speed forecasting is a one-step forecast
for three wind farms. Table 4 shows the forecasting effectiveness of each model in this
experiment.
3

Wind farms

Criteria

ANFIS

BPNN

ELM

SVM

ARMA

WFD1

MAE

1.5664

0.8586

0.8315

0.9069

1.2883

MAPE

44.82%

20.15%

19.33%

24.92%

27.58%

RMSE

2.0981

1.2376

1.1882

1.2805

1.8759

MAE

1.7780

0.7924

0.7607

0.7919

2.5731

MAPE

47.44%

20.30%

19.35%

21.92%

80.67%

RMSE

2.3788

1.1838

1.1298

1.1712

3.3596

MAE

0.8873

0.7964

0.7943

0.7914

1.1274

MAPE

16.90%

15.07%

14.95%

14.91%

20.75%

RMSE

1.1568

1.0568

1.0548

1.0539

1.4833

WFD2

WFD3

Table 4. The forecasting results of Experiment III.
3

It should be pointed that every day has 24 1-h average wind speed.
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From Table 4, ELM and SVM have decent forecasting accuracy in WFD3, but ELM is better
than SVM and other models in WFD1 and WFD2. ANFIS has a good performance in WFD3
and cannot forecast 1-h average wind speed with a reasonable accuracy. Similarly for ARMA,
it works well in WFD1 and WFD3 but has a high MAPE in WFD2.

4.4. Experiment IV: 4-h average wind speed forecasting
It is similar to Experiment III, but this experiment shows the one-step-ahead wind speed
forecasting effectiveness of each model. Table 5 demonstrates the results of five models
obtained in three wind farms.
Wind farms

Criteria

ANFIS

BPNN

ELM

SVM

ARMA

WFD1

MAE

2.0516

1.6435

1.6209

1.5747

2.1725

MAPE

55.75%

41.64%

38.76%

36.76%

48.81%

RMSE

2.6411

2.1411

2.1478

2.1241

2.8977

MAE

2.1538

1.4282

1.3489

1.3422

2.4222

MAPE

55.53%

36.02%

34.27%

30.86%

74.71%

RMSE

2.8318

1.9498

1.8597

1.8933

3.1035

MAE

1.2564

1.2015

1.1483

1.1689

1.6348

MAPE

23.37%

22.33%

21.13%

21.19%

29.41%

RMSE

1.5951

1.5249

1.4856

1.5074

2.0953

WFD2

WFD3

Table 5. The forecasting results of Experiment IV.

The analyzing results in Table 5 are quite different from that in Table 4. Specifically, SVM
model has better performance in WFD1 and WFD2 than other models, and ELM is the best
forecasting model in WFD3. For each model, wind speed in WFD3 can be forecasted more
accurately than that in WFD1 and WFD2, and AI-based models (ANFIS, BPNN, ELM, and
SVM) outperform ARMA in WFD3.
4.5. Experiment V: 1-day average wind speed forecasting
In this experiment, we will test the one-step-ahead forecasting effectiveness based on 1-day
average wind speed database. Similar to other experiments, Table 6 demonstrates each model's
forecasting effectiveness.
Table 6 shows that SVM has the best forecasting performance on three criteria in three wind
farms. By contrast, ARMA and ANFIS have the higher MAPE, MAE, and RMSE than other
models.
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Wind farms

Criteria

ANFIS

BPNN

ELM

SVM

ARMA

WFD1

MAE

2.1001

1.9069

1.8377

1.7675

2.5753

MAPE

52.78%

42.99%

45.70%

36.81%

60.59%

RMSE

2.5729

2.3784

2.3053

2.2692

3.1655

MAE

1.9384

1.9710

1.9038

1.7653

1.9271

MAPE

51.81%

47.82%

48.19%

38.04%

52.61%

RMSE

2.4685

2.4758

2.3848

2.3573

2.4679

MAE

1.9288

1.8385

1.5886

1.5487

1.8763

MAPE

32.30%

30.40%

26.39%

24.79%

30.47%

RMSE

2.4229

2.3061

1.9152

1.9159

2.2568

WFD2

WFD3

Table 6. The forecasting results of Experiment V.

5. Conclusion
The inherently intermittent nature and stochastic nonstationarity of wind sources bring great
levels of uncertainty to system operators and are an urgent problem in the wind-forecasting
field. This chapter introduces some basic forecasting approaches and corresponding proce‐
dures to forecast wind speed (detailed codes are attached). After simulating these methods
(the testing period is 30 weeks) in MATLAB based on three databases, conclusions can be
drawn as follows:
1.

None of ANFIS, BPNN, ELM, SVM, and ARMA has the best forecasting performance in
all experiments.

2.

Based on the experimental results of different forecasting types (1-h-ahead forecasting, 4h-ahead forecasting, 1-h-average-ahead forecasting, 4-h-average-ahead forecasting, and
1-day-average-ahead forecasting), the best model varies in time scales and time horizons.

3.

The forecasting effectiveness differs a lot from database to database (in Experiment II,
ANFIS is the best model of which MAPE is 26.04% in WFD3 but has a high MAPE, 54.41%,
in WFD1).

4.

AI-based models are more suitable for wind speed forecast than ARMA.

According to these conclusions, it is obvious that wind speed forecasting models or systems
need to be built up under specific conditions in wind farms and model selection in wind speed
forecasting plays a significant role to improve the accuracy.
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Appendices
In the appendix, we will provide two functions which are coded by Matlab to implement
training process (elmtrain.m) and predicting process (elmpredict.m) of ELM. The elmtrain.m
is expressed as follows:
Code A1. Matlab function file to establish and train ELM.

function [IW,B,LW,TF,TYPE] = elmtrain(P,T,N,TF,TYPE)
% ELMTRAIN Create and Train a Extreme Learning Machine
% Syntax
% [IW,B,LW,TF,TYPE] = elmtrain(P,T,N,TF,TYPE)
% Description
% Input
% P—Input Matrix of Training Set (R*Q)
% T—Output Matrix of Training Set (S*Q)
% N—Number of Hidden Neurons (default = Q)
% TF—Transfer Function:
% ‘sig’ for Sigmoidal function (default)
% ‘sin’ for Sine function
% ‘hardlim’ for Hardlim function
% TYPE—Regression (0,default) or Classification (1)
% Output
% IW—Input Weight Matrix (N*R)
% B—Bias Matrix (N*1)
% LW—Layer Weight Matrix (N*S)
% Example
% Regression:
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% [IW,B,LW,TF,TYPE] = elmtrain(P,T,20,‘sig’,0)
% Y = elmtrain(P,IW,B,LW,TF,TYPE)
% Classification
% [IW,B,LW,TF,TYPE] = elmtrain(P,T,20,‘sig’,1)
% Y = elmtrain(P,IW,B,LW,TF,TYPE)
% See also ELMPREDICT
% Yu Lei,11-7-2010
% Copyright www.matlabsky.com
% $Revision:1.0 $
if nargin < 2
error(‘ELM:Arguments’,‘Not enough input arguments.’);
end
if nargin < 3
N = size(P,1);
end
if nargin < 4
TF = ‘sig’;
end
if nargin < 5
TYPE = 0;
end
if size(P,2) ∼= size(T,2)
error(‘ELM:Arguments’,‘The columns of P and T must be same.’);
end
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[R,Q] = size(P);
if TYPE == 1
T = ind2vec(T);
end
[S,Q] = size(T);
% Randomly Generate the Input Weight Matrix
IW = rand(N,R) * 2–1;
% Randomly Generate the Bias Matrix
B = rand(N,1);
BiasMatrix = repmat(B,1,Q);
% Calculate the Layer Output Matrix H
tempH = IW * P + BiasMatrix;
switch TF
case ‘sig’
H = 1 ./(1 + exp(-tempH));
case ‘sin’
H = sin(tempH);
case ‘hardlim’
H = hardlim(tempH);
end
% Calculate the Output Weight Matrix
% find(isnan(T) == 1)
LW = pinv(H') * T';
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The elmpredict.m is expressed as follows:
Code A2. Matlab function file to forecast using establish ELM.

function Y = elmpredict(P,IW,B,LW,TF,TYPE)
% ELMPREDICT Simulate an Extreme Learning Machine
% Syntax
% Y = elmtrain(P,IW,B,LW,TF,TYPE)
% Description
% Input
% P–Input Matrix of Training Set (R*Q)
% IW—Input Weight Matrix (N*R)
% B—Bias Matrix (N*1)
% LW—Layer Weight Matrix (N*S)
% TF—Transfer Function:
% ‘sig’ for Sigmoidal function (default)
% ‘sin’ for Sine function
% ‘hardlim’ for Hardlim function
% TYPE—Regression (0,default) or Classification (1)
% Output
% Y—Simulate Output Matrix (S*Q)
% Example
% Regression:
% [IW,B,LW,TF,TYPE] = elmtrain(P,T,20,‘sig’,0)
% Y = elmtrain(P,IW,B,LW,TF,TYPE)
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% Classification
% [IW,B,LW,TF,TYPE] = elmtrain(P,T,20,ߢsig’,1)
% Y = elmtrain(P,IW,B,LW,TF,TYPE)
% See also ELMTRAIN
% Yu Lei,11-7-2010
% Copyright www.matlabsky.com
% $Revision:1.0 $
if nargin < 6
error(‘ELM:Arguments’,‘Not enough input arguments.’);
end
% Calculate the Layer Output Matrix H
Q = size(P,2);
BiasMatrix = repmat(B,1,Q);
tempH = IW * P + BiasMatrix;
switch TF
case ‘sig’
H = 1 ./(1 + exp(-tempH));
case ‘sin’
H = sin(tempH);
case ‘hardlim’
H = hardlim(tempH);
end
% Calculate the Simulate Output
Y = (H' * LW)';

Comparison Study of AI-based Methods in Wind Energy
http://dx.doi.org/10.5772/63716

if TYPE == 1
temp_Y = zeros(size(Y));
for i = 1:size(Y,2)
[max_Y,index] = max(Y(:,i));
temp_Y(index,i) = 1;
end
Y = vec2ind(temp_Y);
end
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Abstract
In this chapter, the electromechanical behavior of switched reluctance motor (SRM) is
first modeled by analyzing the related nonlinear differential equations. In the model, the
estimation of rotor speed is also considered. After modeling, the effects of torque ripple,
radial force, and acoustic noise are investigated. As we know, torque ripple and acoustic
noise are two of the main disadvantages of a switched reluctance motor. Thus, a fuzzy
logic current compensator is proposed both for reducing the peak of radial force and for
decreasing acoustic noise effects. In the parts that torque reduces, the fuzzy logic current
compensator injects additional current for each phase current to overcome the torque
ripple. Also, the fuzzy logic current compensator reduces speed estimation error. The
speed estimation is carried out using a hybrid sliding mode observer which estimates the
rotor position and speed for a wide speed range. These new approaches have been
simulated using MATLAB/SIMULINK for a nonlinear model of switched reluctance
motor. The simulation results indicate that proposed methods decrease the maximum
radial force and the torque ripple while the maximum torque is preserved. Also, these
results show that proposed methods will estimate the rotor position and speed with high
precision for all speeds from near zero speeds up to rated speed. These procedures have
the advantages of simple implementation on the every switched reluctance motor drive
without extra hardware, low cost, high reliability, low vibration, and excellent perform‐
ance at long term.
Keywords: SRM, torque ripple, acoustic noise, radial force, fuzzy logic

1. Introduction
The switched reluctance machines could be claimed to have a pivotal role in the changes in
electrical machines technology since the mid-1960s. Switched reluctance motor (SRM) torque

© 2016 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited.
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is generated by rotor moving where the inductance of each phase is maximized. The simple
structure is the main attractive feature as there is no winding or permanent magnet. There‐
fore, the manufacturing cost is lower than other electrical machines. SRMs have a wide range
of applications in industry, such as hybrid vehicles, wheelchairs, aircrafts, starter/generator
systems, washing machines, and other industry and home applications [1, 2].

Figure 1. 6/4-pole SRM.

The SRM windings are excited by an external DC supply and current is injected only into one
phase. A simple SRM with three stator phases is shown in Figure 1. It is clear that the stator
has six poles and the rotor possesses four poles. In the SRM, DC circuit supplies are simpler
in construction of power switches than those of other motor drives. Therefore, many manu‐
facturers have very high intends for applying SRMs in home electrical motors. Also, high
torque at low speeds can make SRM suitable for direct use without gearbox. However, in
comparison with high performance motors, SRM suffers from a high-level acoustical noise and
mechanical vibration. When one phase is excited, the rotor rotates until two of its poles are
aligned with two stator poles of the excited phase and torque is generated by increasing the
inductance while reluctance of the magnetic circuit decreases. The stator poles and salient rotor
provide an un-uniform air gap, which leads to nonlinear behavior of electromagnetic equations
in SRM [3]. As we know, vehicles need initial acceleration and gradability with minimum
power rating. Rahman et al. have investigated the capabilities of the SRM for the electric vehicle
(EV) and hybrid EV applications. These investigations have been carried out in two stages.
First stage involves the machine design and the finite element analysis of static characteristic
and in second stage, the finite element field solution have been used in the development of a
nonlinear model. Experimental results have demonstrated the improvement of PF at a highspeed operation [4]. A large number of methods have been also introduced to accomplish
position sensor-less operation of the SRM during the last 15 years. Mese and Torrey have
presented a new approach to the sensor-less control of the SRM. In this method, an artificial
neural network (ANN) acts on the measurement of the phase flux linkages and phase currents.
The investigations conducted throughout this research have shown that a properly trained
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and utilized ANN is capable of estimating the rotor position of SRM within acceptable accuracy
limits. The method deserves consideration as a candidate for integration into practical SRM
drive systems [5]. Most modern high-performance AC drives utilize synchronous frame
current regulators, which see a pure DC current command in steady state. Schulz et al. have
introduced a designed methodology for digital proportional–integral current regulators that
may be used for the highly nonlinear SRM control. In this procedure, the main goal was to
focus on the development of a fully digital implementation of the inner current control loop
for high-performance SRM drives operating with high saturation. Simulation and experimen‐
tal results have demonstrated the excellent performance over the entire operating regime [6].
Rotor position sensors, such as shaft encoders and Hall effect sensors, have been applied in
SRM drives to determine the rotor position. These sensors increase drive cost and decrease
reliability of the SRM drive in industrial applications. Gao et al. proposed a sensor-less control
scheme for SRM drive at low speed. In this study, incremental inductance of each active phase
is estimated by using the terminal measurement of this phase. Simulation and experimental
results have shown that errors between estimated position and actual position (measurement
position) are less than one mechanical degree [7]. Husain and Hossain have presented the
modeling, simulation and control aspects of four-quadrant SRM drives. A complex model has
been described for the physical motor simulation to incorporate the important dynamics of
the SRM. The results obtained from the final simulation model are extremely close to the
experiments. Such a model could be reliably used for performance evaluations and future
developments [8]. A sensor-less drive that decreases cost and increases reliability, which
extracts rotor position information indirectly from electric signals of motor terminals, is highly
desirable. A sliding mode observer, with its advantages of inherent robustness parameters of
uncertainly, computational simplicity, and high stability, provides a powerful approach to
implement sensor-less schemes. Divandari et al. have presented the estimated the rotor
position and speed of SRM drive based on hybrid observer (HO). The HO has provided online
estimates of the rotor position and speed for a wide speed range using the current sliding mode
observer (CSMO) and flux linkage sliding mode observer (FSMO). In addition, a fuzzy logic
current compensator (FLCC) for reducing torque ripple is presented. Simulation results have
shown that proposed SRM drive decreases estimation errors and torque ripple, effectively.
The method has good performance in a wide speed range [9, 10]. One of the main problems
in sensor-less SRM drive is position sensing at startup. Yan-Tai et al. [11] proposed a method
for position sensing at startup using quadratic polynomial regression. In this method, without
using magnetic specifications, position estimation at startup can be done by a microcontroller.
The magnetic flux in the SRM passes across the air gap in an approximate radial direction
generating radial forces on the stator and rotor, resulting in magnetic noise and vibrations.
Unbalanced radial forces acting on a rotor shaft are undesirable as they cause motor vibrations.
Lin and Yang proposed a new excitation approach for the torque and radial force control of a
12/8 poles SRM. In this method, the SRM drive can generate simultaneously the modified shaft
radial force and rated torque. The experimental results verified that the SRM produced
smoother torque ripples when the proposed commutation scheme was used [12]. Harmonics
magnitude of the radial force has basically role in acoustic noise generation. Takiguchi et al.
[13] proposed a new method for elimination of second and third harmonics. They compared
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experiment results with finite-element method. Also, for acoustic noise reduction, Hyong-Yeol
et al. [14] introduced an applicable approach by new rotor and stator design. In this approach,
laminations of rotor and stator have similar skew angel and radial force can be decreased
significantly by changing air gap uniform. As we know, because of SRM dynamical nonli‐
nearities, its control is complex. Hajatipour and Farrokhi have introduced an adaptive
intelligent control based on the Lyapunov stability theory to control the speed of SR motors
with good accuracies and performances. The proposed controller is composed of a speed
controller and a torque controller. Moreover, the torque ripple reduction was achieved by
employing a neural network for torque estimation. The simulation results showed a good
performance of the proposed controller in speed controlling and torque ripple reduction [15].
Most observers are static and once their gains have been determined. As we know, most
observers are based model and uncertain in parameters will increase estimation errors.
Therefore, online gain regulation can improve deficiency of based model observers. A new
generation of observers named dynamic observers (DO) described by Divandari et al. [16].
Dynamic observers can be used in tracking and drive systems. Also, main problem of SRM is
high torque ripple, and this problem will be solved by optimization of motor design and
improvement of drive performance. We suppose a SRM is already built; therefore, torque
ripple can be minimized by the optimization of the current waveform in the SRM drive.
Divandari et al. have proposed a new simple procedure for minimizing the torque ripple via
fuzzy logic control of the SRM. Simulation results have demonstrated that proposed drive
estimates rotor speed with high accuracy for a wide speed range. Also, the fuzzy logic current
compensator optimizes the torque ripple and decreases estimation error. In this chapter, to
define a SRM drive, simulation, and investigations of the SRM behavior such as torque ripple,
rotor position estimation, and acoustic noise, we present a nonlinear model of the SRM by
using experimentally measured characteristics. After modeling, with current profile optimi‐
zation via fuzzy logic control (FLC), the torque ripple is minimized. Acoustic noise sources in
the SRM depend on torque ripple and radial force. Therefore, we discuss about radial force
and important parameters in radial force and torque ripple, together. Calculations of radial
force with two methods are expressed as well. By using FLC, the torque ripple and radial force
are optimized. Also, in this chapter, the study of a low-cost, sensor-less-based, and speedcontrolled SRM drive system is considered. A hybrid algorithm (HA) with CSMO and flux
sliding mode observer (FSMO) is developed to estimate rotor position and speed of the SRM.
The observer gains will be updated separately online at a wide speed range with band of
estimated errors. Also, by means of indirect speed estimation, we propose torque compensa‐
tion by current profile.
In the following paragraphs, this chapter presents an intelligent solution for SRM drives.

2. Non-linear model of SRM
To study the characteristics of SRM drive system such as current profile, torque ripple, rotor
estimation, radial force, and acoustic noise, we should present a nonlinear model of SRM. Also,
for SRM differential equations, it is required to study dynamic characteristics consisting of flux
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linkage and torque. The measured flux linkage data and torque data applied in this chapter
for each phase of SRM are shown in Figures 2 and 3 [16].

Figure 2. The profile of measured SRM flux linkage versus current, versus position [2].

Figure 3. The profile of measured SRM torque versus current, versus position [2].

The torque and flux depend on position and current. The flux and voltage for each phase of
SRM can be expressed as:
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φ j =L j (i j ,θ).i j
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¶j di
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Finally, the torque of SRM is
W (q,i ,l , L ) = ò0i j(q,i ,l , L )di
c
j g r
j g r

(3)
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Figure 4. Block diagram of nonlinear model of three-phase SRM [2].
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The mathematical motion of the motor by the action of electromagnetic torque and load torque
is
dw
T - T= J
+ Bw
e l
dt

(6)

dq
= w
dt

(7)

The equation of rotation is

According to differential equations and measured data, block diagram of nonlinear model of
three-phase SRM is shown in Figure 4.

3. Torque Ripple minimization with FLCC
As we know, the main disadvantage of SRM is a high level of torque ripple. One of the methods
to decrease the torque ripples is the deformation of the current profile [17]. This chapter
presents a new simple technique for minimizing the torque ripple via FLC. This technique is
based on the transfusion of additional current in each phase by using FLCC [10].

Figure 5. Nonlinear SRM torque curves (A–G sections) [2].
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Furthermore, torque ripple is one of the main acoustic noise sources in SRM drive. Therefore,
torque ripple minimization techniques reduce mechanical vibrations on the bearing and
increase estimation errors. In this method, nonlinear torque curves are divided into seven
sections (1–7). These sections are shown in Figure 5. Each section is 5° and in each 5°, the
nonlinear torque behavior can be considered linear. SRM torque in section 5 is nearly flat, but
in other sections, negative torque slop will be compensated by using FLCC. The 1–7 sections
of torque curves have been listed in Table 1. Also, the one-phase block diagram of fuzzy logic
torque ripple minimization is illustrated in Figure 6. Fuzzy rules are defined for a wide speed
range (near zero speeds up to rated speed). FLCC acts on the reference current when torque
curve is 1–3 and 5–7 sections. According to current compensation, new reference current is
I ref .new = I ref . + I Comp.

(8)

Position (°)

Sections

0≤θ≤5

1

5 ≤ θ ≤ 10

2

10 ≤ θ ≤ 15

3

15 ≤ θ ≤ 30

4

30 ≤ θ ≤ 35

5

35 ≤ θ ≤ 40

6

40 ≤ θ ≤ 45

7

Table 1. Sections 1–7 of nonlinear torque.

Figure 6. One phase block diagram of fuzzy logic torque ripple minimization [2].
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Figure 7. Fuzzy logic current compensator.

As we know, fuzzy membership function arrangements and fuzzy rules determination have
a main role in designing FLCC for torque ripple minimization. In this technique, the current
and rotor position with seven membership functions as inputs and the compensated current
with six membership functions as output are determined. In the sections of A, B and F, G which
torque decrease with big negative slope, fuzzy rules set up on PVB or PVVB but in the C and
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E sections which torque reduces with slow negative slope, fuzzy rules set up on PB and PVB.
Also, at high speeds, fuzzy rules are moderated to PB because high current peaks in motor
current will cause damage to power switches and the SRM. Figure 7 shows the input and
output membership functions as well as the fuzzy rules. Input 1 (current) is defined 0–20 A,
input 2 (position) 0–45 degree, and output (compensated current) 0–3 A [index 1].

4. Acoustic noise reduction
Mechanical vibration and the acoustic noise in SRMs cause that they could not commercially
yet competitive with other electrical machine drives. Noise sources recognition and elimina‐
tion or reduction of noise in electrical machine drives can be dated since the 1940s when new
materials were presented to improve electrical machines designs [17]. As we know, SRM radial
force and torque ripple are the important sources of acoustic noise generation in SRM drives.
When stator winding of each phase is energized by DC external supply, a magnetic flux will
cross from air gap and an approximate radial force excites diverse mode shapes. Moreover,
energizing stator winding in the SRM with a DC voltage generates lateral force, tangential
force, and torque. The current in the stator windings could generate a magnetic flux in stator
winding that would emit acoustic noise [2].
Radial force is relevant to many parameters such as air gap length, position, rotor length, and
rotor radius. Also, radial force depends on current square and turns number of stator windings,
and sound power is relevant to radial force square. In the last decade, researches illustrate that
most of the studies focus on the torque ripple minimization while stator and rotor shape design
and radial magnetic force have principle rule at acoustic noise of the SRM. In this procedure,
torque ripple will be minimized and the maximum radial force decreases while we try to
maintain maximum torque by the current profile deformation via FLC. This technique is based
on transfusion of additional current by using FLC.
4.1. Calculation of SRM radial force
As it was mentioned in previous sections, the radial force and acoustic noise are relevant to
many SRM parameters. Magnetic specifications, machine design, and material type are
effective in the radial force calculation. For more study, we should first analyze the equations
of radial, tangential, and lateral forces. Figure 8 shows radial, tangential, and lateral forces in
the SRM. The flux density in the SRM air gap between stator and rotor is given as
N .i
ph j
j =
Bg (q,i ,lg ,Lr ) =
m .Hg =
m .
0 l
j
Lr .r.q 0
g
lg
N =
.j
ph m .L .r.i q
0 r j

(9)
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where Nph is the turns number for each phase, r is the outer rotor radius, Hg is the magnetic
field strength, and μ0 is the air permeability.
The electrical energy (dWe) is expressed by
l
j
g
dW= i .d=
. .dj
l i .d(N .dj=) N .i .d=
j
e j
j
ph
ph j
m .L .r q
0 r

(10)

Figure 8. Radial, tangential, and lateral forces in SRM [2].

The stored energy in the magnetic field (Ws) is

W
=
s

l .L .r.q
l
j2
g r
g
.B2 (q,i ,l , L=
)
.
g
j g r
2m
2m .L .r q
0
0 r

(11)

where lg.Lr is the air gap specifications and constant value. The energy equation is
dW = dW + dW
e
s
m

(12)
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where dWm is the mechanical energy and dWs is the field energy. In this chapter, we propose
two procedures for tangential, radial, and lateral force calculations. In the first procedure, of
the tangential force calculations obtained from Eq. (12) as
l
l
j2
j
g
g
dW = . dq +
. dj
s
2m .L .r q2
m .L .r q
0 r
0 r

(13)

By substituting Eqs. (10) and (13) in Eq. (12), the mechanical energy is calculated as
l
j2
g
dW =
. dq
m 2m .L .r 2
0 r q

(14)

Moreover, electromagnetic torque is

T
=
e

l
l .r.L
dW
j2 g r 2
g
m
.
.B (q,i ,l , L )
=
=
g
j g r
dq
2m .L .r q2
2m
0 r
0

(15)

Also, the tangential force is obtained by dividing tangential torque by the radius of the rotor
pole, yielding
l .L
T
g r 2
e
=
.B (q,i ,l , L )
g
j g r
r
2m
0

(16)

dW
1
j2 r.L r .q 2
m
.
.B (q,i ,l , L )
=
=
g
j g r
dl
2m .r.L q
2m
g
0 r
0

(17)

=
F
t

and the radial force is given by

F
=
n

Similarity, the lateral force can be derived as

F
=
y

l .r.q
g
.B2 (q,i ,l , L )
g
j g r
2m
0

The ratio of the radial force to the tangential force from Eqs. (17) and (18) becomes

(18)
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F
n = r.q
F
l
t
g

(19)

4.p
q(rad) =
P .P
s r

(20)

and rotor angle is given as

where Ps is number of stator poles and Pr is the number of rotor poles. In the next procedure,
we should apply Eq. (3) and flux equation. Flux equation is given as
m .L .r.q.N 2
0 r
ph
.i
=
j B (q,i ,l , L ).A
=
g
j g r
j
2l
g
m .L .r.q.N 2
0 r
ph
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j
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(21)

Substituting Eq. (21) in Eq. (3), co-energy is obtained as
m .L .r.q.N 2
0 r
ph 2
W (q,i ,l , L ) =
.i
=
c
j g r
j
2l
g

(22)

Finally, torque and tangential, radial and lateral forces are obtained as

T =
e
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(24)

(25)
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F =
y
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0
ph j
l 2
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respectively, where

K=

Eqs. (23), (25), and (27) illustrate the radial force and torque. It is clear that radial force and
torque are directly relevant to current square.
4.2. Calculation of SRM acoustic noise
The acoustic noise value is relevant to circumferential perversion due to the radial force wave.
The analytical presentation for the circumferential perversion can be defined as
12.F
n(f

)
exc
m 4 .E

.R

m R 3
.( m )
h
s
D
=
circum(f )
f
f
exc
d
{1 - ( exc )2}2 + ( . exc )2
f
p f
m
m

f

(n) = n.f =
exc
p

n.w.N

rp

60

where
Dcicum(fexc)

amplitude of dynamic deflection (m)

Fn

amplitude of radial force wave (N/m2)

δ

logarithmic decrement = 2.π damping factor

Nrp

number of rotor poles

fp

fundamental frequency of phase current (Hz)

Fexc(n)

excitation frequency (Hz) with n = 1, 2, 3, … harmonic numbers

Rm

mean radius of stator yoke

hs

stator pole height

m,fm

circumferential mode number and mode frequency

E

module of stator material elasticity

(28)

(29)
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Sound power radiated by an electric machine can be expressed as
2
P = 4 s rel r cp3f exc
Dcircum R out lstk

(30)

where

ρ.c

P

radiated sound power (W)

σrel

relative sound intensity σrel = k2/(1+k2)

k

wave number k = (2. π.Rout. fexc)/c

C

sound speed (m/s)
415 N s/m3 at 20°C (ρ is air density)

Rout, lstk outer radius and stack length of the stator (m) [2]. Depending on the threshold of human
ear sensation, the reference of sound power level (Pref) is 10–12 W. Consequently, the acoustic
noise power level in decibels becomes
2.P
L = 10 log(
)
w
P
ref

(31)

5. Acoustic Noise Rreduction (ANR) with FLC
In the SRM drive, radial force is dependent on
L µPµD
µF µKµi 2
w
circum
n
i

(32)

Also, SRM torque is function of
T µKµi 2
e
i

(33)

In this procedure, we suppose that SRM has been already built. Our aim is to optimize radial
force and torque ripple in the SRM drive so far as keep maximum torque using phase current
waveform. Figure 9 illustrates the characteristics of torque and radial force of SRM at rated
current. Two sections (1 and 2) can be seen in Figure 9. In the A area not only torque decreases
but also radial force increases and even will be maximized, but in the B area, torque increases
and will be maximized. Also, radial force will not be maximized.
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Figure 9. Characteristic of torque and radial force of SRM at rated current [2].

Figure 10. Fuzzy logic member functions for current waveform.
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Therefore, with discussions of torque ripple minimization and fuzzy logic rules, we can keep
the maximum torque and reduce radial force, and consequently, acoustic noise will be reduced.
Finally, Figure 10 shows the fuzzy logic member functions for current waveform and fuzzy
logic rules for acoustic noise reduction (ANR) and torque ripple minimization, respectively.
Input 1 (current) is defined 0–20 A, input 2 (position) 0–45°, and output (compensated current)
0–5 A [index 1].

6. Estimate of position and speed of SRM
Applying a shaft encoder in electrical machine drive decreases the reliability and increases the
cost of drive. Therefore, usually researchers measure electrical signals consisting of voltages
and currents for position estimation. The recent well-known methods for position estimation
in the SRM drives have been focused on the three methods:
1.

Model-based observer.

2.

Inductance-based measurement applying current fall time or rise time.

3.

Inductance-based estimation applying the two separated methods: (a) demodulation and
constant current and (b) constant flux used to sensor signals [17].

Figure 11. Block diagram of HOA [9].

Researchers have proposed many methods of sensor-less SRM drives in the last decade. In
these methods, estimation techniques have been applied for either rated speed or low speeds.
One of these methods is sliding mode observer (SMO). SMOs have many advantages such as
inherent robustness in parameters uncertainly, fast computational, but they have some
disadvantages such as sensitive to model changes and selecting of SMO gains.
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In this method, a hybrid observer algorithm (HOA) is proposed to estimate position in the
SRM drive for a wide speed range. Proposed HOA consists of two SMO: CSMO and FSMO.
The CSMO and FSMO gains will be regulated in high and low speed with value of estimation
error, respectively [16].
The block diagram HOA is illustrated in Figure 11. HOA consists of CSMO, FSMO, and a
proportional integral controller for speed control.
6.1. Current sliding mode observer
Proposed CSMO for sensor-less SRM drive has two strategies:
• Measuring of electrical signals (voltages and currents).
• Voltages as inputs to nonlinear model in which currents will be estimated.

Figure 12. Block diagram of CSMO [9].

Principle of CSMO operating is constructed on the current error for high speeds. Block diagram
of CSMO is shown in Figure 12.
According to the system differential equations derived from the nonlinear model of SRM, a
CSMO for rotor position and speed can be defined as follows:

S (t=
) i j - i jest.

(34)

n
Scont. = sgn. å S (t )
j =1

(35)
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Differential equations of CSMO are

.
q est. = west. + aq C .Scont.

(36)

.
w est . = Test . + awC .Scont .

(37)

The estimation error is defined as follows:

e =q
- q , e =w
-w
q
est.
w
est.
Consequently, by subtracting Eq. (36) from (7) and Eq. (37) from (6), we get the error dynamics:

.
e= ew - aq C .Scont.
q

. é Te - Tl ù é Te - Tl ù
ê
ú-ê
ú
ew =
êë

J

úû

êë

J

úû
est.

- awC .Scont.

(38)

(39)

By appropriately choosing the two CSMO gains αϑC, αωC can make:

.
eq eq á0 Þ (eq Þ 0) Þ (qest. Þ q )
.

ew ew á0 Þ (ew Þ 0) Þ (west. Þ w )

(40)

(41)

6.2. Flux sliding mode observer
The FSMO acts on the flux linkage error for low speeds. In this SMO, voltages and currents of
each phase will be measured. Figure 13 illustrates the FSMO block diagram. The flux linkage
of jth phase is estimated by using the voltage and current as follows:

t
=
l j (t ) ò (V j (t ) - i j (t ).r j )dt
t0
est .

(42)
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where vj, ij, and rj are the voltage, current, and resistance of jth phase. An accurate but simplified
flux linkage model is used to obtain the phase flux linkage and is given as follows:

Z (i j ,q ) = i j .W j (q )

W j (q ) = cos( N r .q

est.

l j = ls .Z (i j ,q ).(1 +

-

(n - 1)2p
)
N
ph

Z (i j ,q )2
)
2

(43)

where Nr is the number of rotor poles, and Nph is the number of phases, θest. is the estimated
position, and ƛs is the saturated flux linkage consequently, flux linkage error is
N

ph dW j (q )
.(l - l
)
e = å
l
j
j
j = 1 dq q =qest .
est.

(44)

and differential equations of FSMO are

q&est . = west . + aq F sgn(el )
.

w est . = aw F sgn(el )

Figure 13. Block diagram of FSMO [9].

(45)

(46)
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By appropriately choosing the two FSMO gains αϑF, αωF can make:

e Þ 0 Þ qest. Þ q & west. Þ w
l

(47)

6.3. Indirect speed estimation by torque estimation
Illustrated in Figure 14 sensor-less SRM drive scheme is proposed. In this proposed method,
sensor-less SRM drive is model based and torque estimator just acts based on the measured
phase voltages and measured currents. Finally, in this approach, a PI controller is applied for
SRM speed control [18].

Figure 14. The block diagram of sensor-less SRM drive [18].

The sensor-less SRM drive is designed to estimate indirect speed and rotor position. The SRM
torque is functional of phase current and rotor position. Thus, error of phase current and
estimated current of the SRM plays basic role in torque estimation.
Current error for each phase ek can be defined as follows:
ek= ik - ikest .

(48)

For the purpose of current compensation, current error should be bounded. Error bound can
be described as

b < ek < - b

(49)

γ < e&k < - γ

(50)
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Torque estimation algorithm is obtain as
&

(51)

if : ek < - b Þ ikcomp.= ik + a . f (ek , e k )
&

elsif : ek > b Þ ikcomp. = ik - a . f (ek , e k )

(52)

elsif : ikcomp. = ik

(53)

where α, β, γ are determined using fuzzy logic.
Figure 15 illustrates the adaptive fuzzy logic of torque estimator of the kth phase. The torque
of each phase using lockup table and compensated current can be calculated using Eqs. (51)–
(53).

Figure 15. Adaptive fuzzy logic of torque estimator [18].

In fuzzy logic compensator, fuzzy rules act on current error (with five membership function:
NB, NS, Z, PS, PB) and current error derivative (with five membership functions: NB, NS, Z,
PS, PB) as inputs and compensated current (with five membership functions: NB, NS, Z, PS,
PB) as output. Figure 16 shows fuzzy logic membership functions. In this section, current error
ߢ

−0.4 to 0.4 as β (input 1), current error derivative −0.3 to 0.3 as γ (input 2), and α.f(ek , ek ) −0.3

to 0.3 as output are evaluated. Also, inputs and output ranges are normalized between −1 and
1. Table 2 shows fuzzy logic rules. It is clear that arrangements of rules are symmetric and
have an opposite behavior of current error and the evaluated error derivative [index 1].
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Figure 16. Fuzzy logic member functions: input 1, current error; input 2, current error derivative; output, compensated
current.

input 1: µi1 ( x) = {0,1}

(54)

input 2 : µi 2 ( x) = {0,1}

(55)
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ouput: µo ( x) = {0,1}

(56)

where μi1 (x), μi2 (x), μo (x) are membership functions.

7. Simulation results
7.1. Nonlinear model simulation of SRM
The proposed methods are simulated by MATLAB/ SIMULINK, where the parameters of SRM
are listed in Table 2. In these simulations, turn-on/turn-off angles have been selected for
minimizing the torque ripple and optimizing the speed estimation.

Lmin = 8 mH

Minimum inductance each phase

Lmax = 60 mH

Maximum inductance each phase

βr = βs = 30°

Rotor/stator pole angle

ΔI = 0.2 A

Hystersis current band

Ω = 1500 rpm

Speed of motor

V = 150 V

Motor voltage

I = 10A

Motor current

Ns = 6

Number of stator poles

Nr = 4

Number of rotor poles

Nph = 3

Phases number

R = 1.3Ω

Resistance each phase

Table 2. SRM parameters.

Figure 17 illustrates the simulation results without FLCC for ω = 1500 rpm with PI speed
controller. These results show the speed waveform, one phase current and total torque.
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Figure 17. Simulation results of SRM at 1500 rpm without FLCC.

7.2. Torque ripple minimization
Figure 18 shows the simulation results with FLCC for ω = 1500 rpm. These results show the
one phase current wave form and total torque. In Figure 18, minimum torque and maximum
torque are 2.8 and 3.2 N m (ΔT = Tmax−Tmin = 0.4 N m), respectively. As it can be seen, phase
current waveform is varied for torque ripple reduction.
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Figure 18. Simulation results of TRM at 1500 rpm with FLCC.

7.3. Acoustic noise reduction
Figure 19 illustrates the simulation results ANR with FLC for ω = 1500 rpm. These results show
the one phase current wave form, one phase radial force, and total torque, respectively. In
Figure 19, FLC optimizes reference current by means of reduction of maximum radial force
and keeping the maximum torque and torque ripple minimization. It can be observed that the
maximum radial force, the maximum torque, and the torque ripple are 2 × 106 N, 3.5 N m, and
(ΔT = Tmax−Tmin = 0.7 N m), respectively.
7.4. Estimation of rotor position and speed with HO
Finally, Figure 20 illustrates the simulation results of estimation of rotor position and speed
at 50, 100, 500, 1000, 1500 rpm with HO. In Figure 20, speed and estimated speed, position and
estimated position, and speed estimation error waveform for a wide speed range are shown.
7.5. Speed estimation by torque estimation
Figure 21 illustrates the simulation results for 1500 RMP. In Figure 21, estimated speed and
actual speed, estimated torque and actual torque, and compensated current are exhibited.
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Figure 19. Simulation results of ANR at 1500 rpm with FLC.

Figure 20. Simulation results of estimation of rotor position and speed at 50, 100, 500, 1000, and 1500 rpm with HO.
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Figure 21. Simulation results of sensor-less SRM drive at 1500 rpm. (a) Estimated speed and actual speed. (b) Estimat‐
ed torque and actual torque. (c) Compensated current.
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8. Conclusion
This study has introduced a new phase current waveform by the 6/4 pole SRM which analyzed
and simulated by means of torque ripple and acoustic noise reduction in the SRM drives. The
control scheme is performed on the current profile while torque is lower than rated torque and
then radial force is maximized. When both torque ripple and radial force are maximized,
highest acoustic noise level can be obtained. Nonlinear relations between torque ripple and
radial force on the current show that main factor in the torque ripple minimization and acoustic
noise reduction is current profile. In this chapter, torque ripple and radial force have been
optimized by deformation of the phase current profile by using FLC. Also, a hybrid observer
scheme is described. It uses only phase currents and voltages that can be easily measured by
motor terminals to estimate rotor position, speed, without extra hardware, which makes it
economized. Also, online updates of gains and automatic observer selection are very effective
on the speed estimation errors and position estimation errors at steady state. Moreover, current
profile improvement for torque modification is used in indirect speed estimation. Simulation
results have demonstrated that the motor vibrations could be reduced by the proposed
method, and current waveform optimization in the SRM drive effectively decreases acoustic
noise magnitude. It can be obviously seen that the method has good performance in wide
range. In addition, this method effectively decreases estimation errors and torque ripple in
wide speed range.

Nomenclature
ϕj

flux linkage of the jth phase (Wb)

Lj

inductance of the jth phase (mH)

Vj

voltage of the jth phase (V)

ij

current of the jth phase (A)

Rj

resistance of the jth phase (Ω)

t

time (s)

θ

rotor position (rad/s)

ω

speed (rpm)

(∂ϕj/∂θ).ω

backward electromotive force (EMF) (V)

(∂ϕj/∂ij).ω

incremental inductance of the jth phase (mH)

Wc

co-energy (J)

Tj

torque of jth phase (N m)

Tl

load torque (N m)

Te

electromagnetic torque (N m)
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N

phases number

J

moment of inertia (kg.m2)

lg

air gap length (m)

Lr

rotor length (m)

Index 1
Fuzzy style: Mamdani (fuzzy logic toolbox)
And method: choose min, prod, or custom, for a custom operation.
Or method: choose max, probor (probabilistic or), or custom, for a custom operation.
Implication: choose min, prod, or custom, for a custom operation.
Aggregation: choose max, sum, probor, or custom, for a custom operation.
Defuzzification: for Mamdani-style inference, choose centroid, bisector, mom (middle of
maximum), som (smallest of maximum), lom (largest of maximum), or custom, for a custom
operation.
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Advantages of Fuzzy Control While Dealing with
Complex/Unknown Model Dynamics: A Quadcopter
Example
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Abstract
Commonly, complex and uncertain plants cannot be faced through well-known linear
approaches. Most of the time, complex controllers are needed to attain expected stability
and robustness; however, they usually lack a simple design methodology and their
actual implementation is difficult (if not impossible). Fuzzy logic control is an intelligent
technique which, on its basis, allows the translation from logic statements to a nonlinear
mapping. Although it has been proven to effectively deal with complex plants, many
recent studies have moved away from the basic premise of linguistic interpretability. In
this work, a simple fuzzy controller is designed in a clear way, privileging design
easiness and logical consistency of linguistic operators. It is simulated together to a
nonlinear model of a quadcopter with added actuators variability, so the robust
operation of the controller is also proven. Uneven gain, bandwidth, and time-delay
variations are applied among quadcopter’s motors, so the simulations results enclose
those characteristics which could be found in reality. As those variations can be related
to actuators’ performance, an analysis can be driven in terms of the features which are
not commonly included in mathematical models like power electronics drives or electric
machinery. These considerations may shorten the gap between simulation and actual
implementation of the fuzzy controller. Briefly, this chapter presents a simple fuzzy
controller which deals with a quadcopter plant as a first approach to intelligent control.
Keywords: Fuzzy control, intelligent control, quadcopter, robust control, simulated
uncertainty, artificial intelligence, non-parametric variability
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1. Introduction
Power electronics systems are commonly comprised of nonlinear time-varying components
which impose an overall complex dynamic behavior. As these systems are commonly integrat‐
ed together as actuators with electric machinery or other transducers, the resulting plants are
hard to analyze, model, and control. As linear models and linear controllers have been thoroughly
studied, linear approximations to such systems are desired. However, such simplifications omit
some important features of the physical media and lead to higher controller burdens or
impossible realization [1]. Consequently, power electronic systems in plants are dealt with using
three main methods: (1) facing their complexity by using difficult approaches, (2) simplifying
their features and constraining controller design, or (3) finding nonparametric models which
approximately capture the system behavior.
As control specifications cannot be followed by traditional controllers, artificial intelligence
(AI) can be incorporated to the control strategy to achieve higher goals [2]. AI is a set of
computational techniques which try to imitate human brain processing or practices found in
nature to solve a given problem. For control systems, these methodologies can provide
acceptable, or even improved, performance based on any amount of previous knowledge [3].
The increased usage of AI and its increased acceptance are mostly due to some important
characteristics. Firstly, they can deal with uncertainty [4] as they can be adapted to a sys‐
tem’s variations, sensor noise, or be defined in an uncertain manner [1]. Secondly, they are
versatile, so mixed methods involving two or more AI techniques and traditional methods
are readily found in literature as pointed in [2, 5, 6]. Finally, they are general, so their
application to different case studies is possible and facilitates their continuous improve‐
ment. They have been proven to work properly as a direct substitution for linear controllers
(as pointed in [7] on fuzzy systems) and as effective alternatives for controlling nonlinear, and
uncertain plants [8].
Fuzzy systems (FS) compose one major part of the intelligent control spectrum. They are based
on fuzzy logic first proposed by Zadeh [9], which expands set theory in such a way that an
element can belong to a set with some membership value, instead of the traditional binary
belongingness of “true” or “false”. Although fuzzy control will be later discussed in detail, it
is worth mentioning that it provides a way to deal with uncertainty through linguistic “elastic”
categories and logic inferential rules. Narrowing the distance from human logic to numerical
implementation has permitted control systems to be defined in terms of linguistic control rules
from experts [6]. This is possible as fuzzy logic control (FLC) specifically converts linguistic
rules into a nonlinear mapping [10], allowing dynamic modeling and controller description to
be done as simple linguistic statements. The previously presented point of view related to
designer experience represents only the most basic approach to FLC; however, it stands as an
effective control technique which requires little knowledge about the plant [10, 11].
There are more specific reasons why FLC can be preferred over or together with traditional
techniques. Linder and Shafai [12] specify that a quantitative controller’s refinement tuning
cannot be properly performed, as there is no guidance on the meaning of each parameter. They
specify that the controller’s refinement tuning can be properly executed when the controller
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is built over linguistic rules that preserve their actual meaning. They also say that achieving a
quantitative control of nonlinear systems is difficult and not quite realizable. This last state‐
ment is confirmed by Precup and Preitl [7] who use a model-based FLC constrained by Hnorms. FLC can be implemented despite the complexity as commented by Khan et al. [13] who
presented a fuzzy controller tuned through genetic algorithms: “…the unnecessary mathematical
rigorosity, preciseness and accuracy involved with the design of the controllers have been a major
drawback”. They show that if FLC cannot cope with specific desired controller characteristics,
there are intelligent ways in which the controller can be tuned, avoiding experts’ possible
limitations and preserving interpretability. There is no intention from the authors of this
chapter to discredit advanced traditional control techniques; however, there are many works
which point to real benefits of using intelligent control.
FLC has suffered of criticism for lacking a systematic design approach and a stability analysis
method; in addition, the high cost of setting up a FLC as a replacement of an industrial standard
PID has discouraged its usage [10]. The PID controller has been used not only as a standard
controller but also as a reference for comparison when it comes to evaluating a controller’s
performance. Most control designers are familiar with PID, which is taken as an easy alterna‐
tive and a starting point when facing a given plant. The familiarity to PID controller, its known
performance, and its relative implementation feasibility have obscured some of the clear
benefits of FLC. Nevertheless, Nithya et al. [14] shows that FLC exhibits an improved per‐
formance over PID controllers when dealing with first-order plus dead time systems; Gupta
et al. [11] remark that nonlinear characteristics make PID unsuitable while intelligent control
can cope with control specifications; and Linder and Shafai [12] and Kalavathi and Reddy [6]
say that FLC greatly outperforms PI/PID controllers. In some cases, FLC is becoming an
immediate choice when dealing with nonlinear, time-delayed, and high-order systems [15];
parameter variance has also been properly tackled by FLC [7]. Altogether, it is accepted as a
better alternative than its PID counterpart [4]. As said by Precup and Preitl about fuzzy control:
“The use of linguistic rules and approximate reasoning is a simple and easy way to solve concrete control
problems. Sophisticated models and control design tools are not necessary. It is sometimes the only way
to begin to approach the control of a complex, uncertain, or ill-defined plant” [7].
Some efforts have also been made to expand FLC application by finding similarities to
traditional controllers, providing model-based approaches, integrating with other traditional/
intelligent techniques, and incorporating features like adaptability to FLCs. Some examples of
the aforementioned directions can be found in works like [2] where the equivalence of a FLC
with a PID controller together with a relay is explained. Self-regulated fuzzy controllers which
incorporate adaptability are also found in the literature as in [4], and robustness enhancement
has been achieved by merging fuzzy logic with sliding-mode control as presented in [16] and
by Feng [10] who presents a survey on model-based FLC. However, FLC is known as a robust
alternative on its own merits [5]. Measuring noise can be incorporated directly if FLC is
designed based on type-2 fuzzy logic [1], and simple applications are possible in industrial
standard controllers as reported in [4] where an OMRON PLC is used.
Fuzzy logic, as a fundamental part of intelligent control, can face complex systems with relative
ease, still providing robustness and logical interpretability. Quadcopters are a great example
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of such systems which integrate uncertainty and parameter variability, electric machinery, and
power electronics; due to their nature, they seem as a good test-bench to evaluate FLC
performance. Quadcopters have gained some field in the research area as they are particularly
well suited for unmanned tasks such as search and rescue, surveillance, remote inspection,
and as military units [17]. These tasks involve parameters which are not easily obtained or
estimated, and can result in uncertain modeling ([17, 18]) which must be alleviated by
dependable controllers. Altogether, quadcopters represent a challenge for control designers
nowadays [16].
Most of the time, mathematical models cannot fully represent the physical reality of a given
plant, and in the case of quadcopters, the inner processing, power electronics, and electric
machinery are often assumed not to impose restrictions to system performance. Actually, the
quadcopter’s motor information is normally unknown, so approximation techniques are
needed as in [17]; their response to input desired values is normally assumed to be immediate,
repeatable, and reliable even when complete studies about BLDC motors have shown the
opposite as in [11]. All aforementioned subsystems are complex and would need a deep
mathematical analysis to provide valid simulated results when integrated. Achtelik et al. [18]
propose a non-intelligent controller and specifically say that quadcopter modeling must avoid
simplifications like linearization and that algorithms must be exact as the update rates of
processing units are low. Li and Song [5] also identify the overall quality of the model as
problematic for control design. Actual implementation also requires the measured data to be
“clean,” and sometimes redundancy is recommended as noise is unavoidable [19]. It is quite
obvious that no control technique will tackle all of these problems at once due to increased
complexity; however, model simplification together with uncertainty considerations could
lead to a valid solution focusing on robustness against model uncertainties and sensors noise.
In this spirit, many works have simulated, tested, and compared traditional simple, complex,
and intelligent techniques over quadcopter devices and models. A short survey about nonintelligent control techniques applied to quadcopters was presented by Li and Song [5]
specifically covering the PID, LQR, H, sliding-mode, feedback linearization, adaptive control,
and backstepping techniques, presenting their individual benefits and drawbacks. An
adaptable controller based on a real-time quadcopter model was tested by Achtelik et al. [18]
showing great performance even with complete parametric ignorance; Mirzaei et al. [16]
present a fuzzy indirect adaptive sliding-mode controller which provide robust performance
toward noise and plant uncertainties.
It is not the main aim of this chapter to present a novel control technique or to solve all
aforementioned issues regarding quadcopter control, but to test the effectiveness of simple
FLC to face this complex plant, focusing on the effects of assuming quadcopter’s subsystems
to be non-ideal. As most traditional simple controllers require assumptions about the specific
quadcopter dynamics, or limitations on the controllers to provide a mostly hovering behavior,
the approach of this work is to show how linguistic interpretability can cope with less
conservative control specifications while ensuring a certain amount of inherent robustness.
For this purpose, a fuzzy controller will be designed and simulated together with an ideal
quadcopter model so that a robustness comparison can be made later, when the processing
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unit, power electronics, and electric machinery are assumed to incur a time delay and para‐
metric variance. This analysis provides some insight to the “natural” benefits of intelligent
control and its great potential to confront complex scenarios (besides its criticized heuristic
approach), while presenting a simple and effective way to deal with quadcopter dynamics
with some commentary facing actual implementation of the controller.
Nevertheless, fuzzy control has also been used from more formal points of view which consider
model-dependency, self-tuning, stability analysis, hybrid methodologies, etc. Chen et al. [20]
present some major ways to incorporate FLC on robust control study area; Li and Ruan [4]
show a very simple way to provide adaptability to a FLC, while Li et al. [2] provide adaptability
to a PID controller through fuzzy logic and Chen et al. [21] to a smith predictor. Complex
systems can also be modeled through Takagi-Sugeno (TS) fuzzy models [10] and some plants
have been controlled by TS controllers and TS observers as shown in [3]. TS fuzzy systems are
also behind gain scheduling topologies like those presented in [7] and [22]. Other intelligent
techniques can be incorporated to enhance the design process, as in [13] where genetic
algorithms are used to tune the FLC to guarantee optimal performance. Gupta et al. [11] show
how FLC has been merged with artificial neural networks and traditional PID controllers to
control BLDC motors. Lastly, Nithya et al. [14] show tuning schemes, auto-tuning, and modelbased tuning FLC for first-order plus dead time models (FOPDT) in their cited literature; they
propose a simple Mamdani FLC to deal with these kinds of systems.
We will use a Mamdani FLC which is opportunely simplistic in nature. It shows how it is
adequate to take one of the simplest fuzzy topologies to deal with a complex (and current)
plant, and it shows how the control design methodologies can come from basic logic premises.
The simple FLC has been improved in many ways, so the perspective shown in this work
should be taken as a starting point and as a sufficient statement to favor the usage of intelligent
controllers alone or together with other techniques.

2. Fuzzy logic control
Fuzzy logic first intent as expressed by Zadeh [9] was to solve a membership problem.
Including elements into a labeled set can be easy and straightforward as long as those elements
can be clearly identified as members of the set. However, there will be some elements whose
membership is ambiguous or unclear. The real issue here is that a label assigned to a set
includes a meaning, subjected to human interpretation. Height measurements will not be
easily classified in labeled sets as “Tall”, “Medium”, and “Short” because there is not a clear
boundary between them, and their meaning is also subject to the experience and context of
who interprets it. Consequently, crisp elements such as height measurements can belong to
more than one set. Their membership should not be binary (true/false), but fuzzy [0, 1],
representing how much an element belongs to each set attached to a particular linguistic
meaning. The membership value of an element can be assigned depending on any kind of
considerations regarding its relation to the set’s label; a common way to manage it is assigning
a membership functionμ(x) ∈ 0, 1 ; x ∈ X where X represents the universe of discourse of the
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measured variable. A different interpretation involves the set boundaries which, when fuzzy,
can be told to be “elastic” [23]. It is similar to a blurry zone where included elements can still
explain the set’s meaning to some extent.
The usual language used to describe fuzzy sets has led to many misconceptions which have
obscured its acceptance and usage. As said by Zadeh [24] “…fuzzy logic is not fuzzy. Fuzzy logic
is precise. Basically, fuzzy logic is a precise logic of imprecision.” In this way, applying fuzzy logic
to a control problem permits the designer to make precise decisions about imprecise data. As
variables are not forcefully fitted into crisp sets, the consequences of wrong classification are
minimized, so it alleviates problems due to noise, disturbance, and overall uncertainty. As
fuzzy logic appeals to human reasoning, a mathematical approach will difficultly find its way
to describe it. This makes FLC to seem heuristic and restrictive. As this problem has been
mitigated due to the research efforts made during the past 30 years, fuzzy logic acceptance on
various computer and control science areas keeps growing and expanding the potential of
current proposed solutions.
A standard representation of fuzzy sets is done through membership functions mapped on a
n-dimensional space, where (n − 1) dimensions are devoted to elements’ measured features and
one extra dimension to depict their membership toward a given set. For elements described
by only one feature, a 2-D mapping as shown in Figure 1 can be used. A fuzzy set is told to be
standard whenever it is described by a normalized (with values ranging [0, 1]), convex
membership function. Most commonly used shapes for membership functions are piecewise
linear (triangular, trapezoidal) and continuous (sigmoid, polynomial, and Gaussian). There
are some works devoted to test and compare fuzzy systems built with different types of
membership functions which try to elucidate the benefits and drawbacks of each one. Actually,
there is not an “ultimate function” to describe memberships. Fuzzy systems are commonly
very problem-dependent, and the main objective of placing a given problem in a fuzzy manner
(at least for a non-model-based perspective) is to benefit from its uncertainty treatment and its
linguistic inference relations. Both of the uncertainty treatment and linguistic inference
relations are independent of the shape used.

Figure 1. Standard representation of fuzzy sets.
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A fuzzy inference system (the foundation of FLC) describes a relation between causes and
consequences which follow from the inferential relation of (n-dimensional) input and output
concepts. Each concept can be represented by a fuzzy set over a measurable feature in such a
way that each input element is related to an output one, so a mapping is derived from linguistic
rules. The linguistic rules have the following general form of an implication:
if x1 is Ai1, x2 is Aj2, … AND xn is Akn , then Cp1, Cp2, … AND Crm are true .

The

preceding

statement considers n input elements x classified over their own universe of discourse, each
separated by any number of labeled sets A. On the other hand, there are m outputs, each
containing any number of consequences of the statement. As a practical example, a statement
about quadcopter control can be as follows: If “altitude” is “normal” and “z-direction” is
“falling”, then “motor1 speed” is set to “increase”, “motor2 speed” is set to “increase”, “motor3
speed” is set to “increase”, and “motor4 speed” is set to “increase”. It is noteworthy that any
amount of inputs and outputs can be incorporated to a fuzzy inference system, and depending
on the desired precision, fuzzy sets can be added or removed from a specific universe of
discourse, e.g., adding “rapidly falling” and “slowly falling” to “z-direction”, or “increase a
lot” to “motor speed”. A figure showing the general scheme of fuzzy inference is shown in
Figure 2.

Figure 2. Standard Mamdani inference system.

A fuzzy inference system should never be seen as a set of binary conditionals. Many rules can
activate at once (since set boundaries are not crisp, but fuzzy) with an individual rule-strength
dependent on the membership values of each element to the labeled sets which compose the
rule. A more adequate conceptual approach to fuzzy inference systems is understanding them
as a nonlinear overlapping (blending, merging, weighing) of binary conditionals which result
in a combined consequence. FLCs are fuzzy inference systems which commonly take the closeloop error as their input and provide a control signal as their output. The first approach of
fuzzy logic to a control problem was developed by Mamdani [25] who controlled a steam
engine by building the fuzzy inference machine, considering the output consequences to also
be fuzzy sets. If consequences are also fuzzy sets, the general statement presented above
implies that the control signal, found over a finite universe of discourse, will be also separated
by fuzzy sets with meaningful labels. A FLC using this particular perspective about the
controller outputs is normally referred as Mamdani-type fuzzy controller. Even if the actual
numerical solution for a Mamdani FLC has not been given yet, there is one feature of this type
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of controllers which has no evident solution: the controller output should not be a fuzzy set,
so how can a crisp value be obtained from a fuzzy inference process?
Before answering the previous question, there is one different approach to look at which needs
no fuzzy-crisp output conversion. When consequences are not fuzzy sets, but actual mathe‐
matical functions, the FLC is called to be of Takagi-Sugeno-type (TS), referring to the work of
Takagi and Sugeno [26] who proposed this approach. Whenever the consequences are defined
in this way, the whole FLC will work as a weighted nonlinear blending of those functions. The
functions can grow in complexity from a simple constant to a dynamic model, so a TS-FLC is
more general than a Mamdani one. It also expands fuzzy systems’ potential as they could now
perform gain-scheduling controllers or build fuzzy models for dynamic nonlinear systems, for
example. Although a TS-FLC seems to absolutely outperform a Mamdani controller, it lacks
of full linguistic interpretability. In consequence, the fine tuning of such a controller cannot be
performed in terms of logical assumptions, and its construction would limit the fuzzy logic
potential (in terms of artificial reasoning).
2.1. FLC algorithm
As noted in the preceding description, most of the inference process can be assumed
transparently. However, conversion between crisp and fuzzy variables has yet to be discussed.
There are various valid ways to perform such conversion; still, the standard approach will be
presented in a more formal manner. Any Mamdani controller will require three steps in the
inference process: fuzzification, rules evaluation, and defuzzification as shown in Figure 2.
The fuzzification process implies the conversion of crisp input values to fuzzy ones. Fuzzy
values are obtained after evaluating the membership of a crisp value to all of the sets pertaining
to its universe of discourse. All resulting values are important as they determine how strongly
each rule should be executed. If more than one input is considered, there will be AND or OR
operators along the inference rules’ antecedents, so the evaluated membership of each input
must be taken into account properly. Formally, for a universe of discourse where n fuzzy sets
have been defined, the membership of an input value x to the sets can be written as
μA (x) ∈ 0, 1 ; i = 1, 2, … , n . Commonly, μA can be used as a shortcut to express the membership
i
i
value of a given input to the set Ai .

The rules evaluation is the core of inferential reasoning and it needs the values obtained in the
previous step to correctly weight all of the rules in order to provide a logical response.
Whenever a rule considers only one input, its triggering strength will be μAi without any doubt.

However, for rules with multiple inputs, there must exist some way to evaluate an AND
operator for fuzzy values that are non-binary (OR operator can also be used, although it is not
discussed in the present work). The different ways of determining the overall strengths of
causes of inference rules are called “implication methods,” and the work of Zhu et al. [27] can
be reviewed for more details.
There are two main ways of evaluating the AND operator in fuzzy rules’ antecedents. The first
approach implies calculating the minimum of all the membership functions involved in the
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rule causes so μAi AND μB j = min(μAi , μB j ). The second approach uses the product of all rule
causes as μAi AND μB j = μAi μB j . Both approaches are conceptually similar and their usage is

mostly designer-dependent as there are no drastic differences between them. It is worthwhile
to mention that the purpose of a binary AND operator is to provide a true output only when
all its inputs are true. As inputs’ validity is not absolute, but graded, both aforementioned
methods provide a similar behavior. If only two inputs are being evaluated, the result of the
AND operator will be totally true if and only if both inputs are totally true; whenever any of
the two inputs is totally false, the AND result will be totally false. For all of the cases in-between,
i.e., (0, 1), the resulting validity will be decimated depending on how false the inputs are.
The cogency of the rule’s consequences will be as much as the result of the operated inputs,
which determine the overall rule strength. So, each rule will output a certain set of weights
related to a set of consequences. It is easy to see from this point that different rules can output
different weights for a single consequence, so a way to solve this issue is needed. The funda‐
mental principle behind consequences aggregation is that it must satisfy all the rules which
required it as an implication output. A simple approach would lead to take the maximum
strength among the rules as it will surpass all needed values. From a different perspective, the
aggregation can be seen as the sum of all related rules, limited to always be lesser or equal to
one.
Lastly, the rules can be also weighted in terms of their importance to the problem. This is an
additional weighting value called degree of support and is defined in a closed interval [0, 1].
Each rule can then be heuristically highlighted or obscured as desired. Actually, the tuning
process can be based on the selection of proper degrees of support. Each consequence (fuzzy
sets in this case) should be then lowered to meet the obtained overall weight. This process can
be commonly driven in two different ways. The minimum method trims the membership
function of the set by applying μC i : = min(μC i ( x ), rj )∀ x ∈ X , where Ci is the consequent fuzzy
set and rj is the resulting overall strength, also called alpha-cut. The product method reduces

the magnitude of the set by means of simple arithmetic, so μC i ( x ) : = rj μC i . Finally, the rule

evaluation process can be divided in to three substeps: antecedents evaluation, which deter‐
mines the rule strength due to inputs; rule implication, which logically links the antecedents
to the consequences and adds the degree of support; consequences aggregation, which finally
sets the overall rule strength and lowers the output sets. For the purposes pursued in terms of
fuzzy implication, the resulting weighted consequences’ union is the fuzzy output itself: A
complex fuzzy set which represents the combination of all rules subjected to all inputs called
the aggregated output fuzzy set. However, a controller cannot output a fuzzy set as a valid
control signal, so an additional step is needed.
The conversion from a fuzzy set to a crisp value is commonly known as defuzzification. The
most popular method used is the Centroid Calculation Method, which obtains a geometrical
centre of the aggregated output fuzzy set with respect to the output universe of discourse. It
is easy to find a conceptual support for this method as the whole output set represents all the
values that are a valid output of the inference system, together with a measure of how possible
it is they are the right output (their membership degree). The centroid method will find the
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weighted average of all of outputs’ possible values in terms of their resulting membership.
Consequently, it will find the set’s prototype value (a single value which effectively represents
the whole set). The computation of this method is not different from a centre of mass calculation
as shown in (1).

å m (y )y
å m (y )
n

f ( y) =

i =1 C
n

i =1 C

i

i

(1)

i

As can be noted above, the whole fuzzy inference system can effectively output a crisp value
based on logic statements. The membership functions assigned to each set should effectively
represent its meaning to guarantee that the process is consistent with reality or expected
performance. Membership functions can be built in many different ways based on linguistic
approaches, heuristic considerations, statistical consistency of data, or intelligently with the
aid of an additional technique. Altogether, the adjustment of the design parameters presented
above leads to a common tuning concept for fuzzy controllers. The number of sets to describe
each universe of discourse, their membership functions, the rules assignments together with
the methods chosen to evaluate the antecedents and consequences, the degree of support of
each rule, and the defuzzification phase are variable parameters which lead to different
performances (Fateh [8] shows the predominance of membership function shapes in tuning
variations). Adjusting all these parameters in an analytical way or by an automatic process is
very difficult, which somehow reduces FLCs acceptance, and their comparison and analysis
potentials. Nonetheless, while a human logic-based approach to fuzzy tuning may be heuristic,
it would effectively collect the desired features and specifications in a much easier way if
compared with traditional approaches. “Fuzzy control’s main intent is to implement symbolic,
linguistic control laws based on qualitative models of the plant, and control behaviours” [12].
It is worthwhile to mention that a TS-FLC algorithm would follow almost the same steps, but
will avoid the defuzzification process as its outputs are fully determined as functions. As
functions are easier to manipulate through traditional mathematical well-known techniques,
TS-FLCs are predominant in today’s research trends and many hybrid techniques have been
proposed to design, analyze, model, and tune TS-FLC ([4, 7, 6, 10]). On the other hand,
improvements to the presented Mamdani’s algorithm have been also proposed. For example,
Li and Ruan [4] propose a way for the controller to find the inference rules automatically and
Kahn et al. [13] fully tune a Mamdani controller by using genetic algorithms.

3. Quadcopter model
Quadcopters have built up much interest in recent years due to their physical characteristics
and what their features allow them to do. As stated by Achtelik et al. [18], they can accomplish
a range of tasks, including search and rescue, industrial inspection and observation, navigation
and sensor data collection, and applications in the field of education and research. Addition‐
ally, they have virtually no legal requirements, and require minimal time and effort to begin
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a test or flight. We chose to analyze quadcopters because of the range of applications they
contain, and because they allow us to show how a complicated multivariable nonlinear system
(the quadcopter model) can be controlled by simple fuzzy logic to produce a valid output.
There are many physical variables involved in quadcopters’ flight that make them mathemat‐
ically complex. They are classified as unmanned aerial vehicles (UAV) and as vertical take-off
and landing (VTOL) devices. Their movement depends only on four vertical throttle forces
whose individual variations and overall momentum conservation can determine the six
degrees of freedom (DOFs) which rule any quadcopter [11]. The control design for this device
is complicated, as it is for most of flying robots. A quadcopter is an under-actuated system
subjected to big dynamic changes related to little parametric variations.
The quadcopter is controlled by changing the rotation speed of the propellers, where two of
the propellers are spinning clockwise (CW) and two counterclockwise (CCW). The angular
momentum is balanced in all axes if all of the propellers are spinning at the same speed, due
to the CW and CCW spinning propellers’ counteraction. To rotate about the vertical axis (yaw),
for example, the CW spinning propellers are decelerated and the CCW spinning propellers
are accelerated. Keeping the overall thrust constant, the quadcopter will turn right as a result
of changing angular momentum. The cross (pitch) axis and the front (roll) axis are not affected
because the CW and CCW spinning propellers are mounted on opposite sides. To rotate about
the roll axis to the left side, for example, the right-side motors are sped up and the left-side
motors are slowed down. Yaw is unaffected because of the balanced angular momentum about
that axis. Accelerating or decelerating all motors equally results in ascending and descending,
respectively, without affecting the pitch, roll, or yaw [18].
Because the quadcopter is complex and it is an under-actuated non-holonomic aircraft with
fewer degrees of freedom than control variables, it is essential to simplify and extract the
essential factors to create a kinematic model. Moreover, controlling this vehicle requires
complex control algorithms, since the six degrees of freedom must be controlled only by four
parallel force inputs [17].
The quadcopter model has many limitations that demand more precise control methods. While
the model may roughly simulate the motion of the quadcopter, it is under-actuated, nonlinear,
strongly coupled, and statically unstable. The model leaves air resistance, body gravity,
driving force of propellers, and gyro force up to estimations by constants. This creates
uncertainty in the model, which increases the difficulty in designing an accurate controller.
Some components even lag or have delays while in use [5]. Additionally, quadcopters are
typically propelled by brushless DC motors together with power electronics drivers, which
are complicated to model. As a result, the model fails to account for the motor constants
correctly [17]. These factors cause problems in modeling, as brushless DC motors, for example,
are multivariable and nonlinear systems, where speed and position sensing of traditional
machines with Permanent Magnet Brushless DC motors require a high degree of accuracy [11].
In a traditional model, all motor parameters would need to be detailed, making the model
infeasible to replicate. In order to tackle power electronics and electric machinery uncertain
and unknown behavior, a robust technique is needed. Given the limitations, an approximated
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non-parametric model which accounts for time-delays, bandwidth variations, and gain
uncertainties was used as an alternative together with a quadcopter traditional model. In
addition, we use fuzzy logic with heuristic input-output relations to handle these vague and
complex situations.

3.1. Quadcopter model
The specific kinematic model equations we will use in conjunction with fuzzy algorithms are
from (2) to (7). A reference figure for equations consistency is shown in Figure 3.
4

m &&
x = - k åwi2 sin q cos f - Bx x& sin q cos f
i =1

4

m &&
y = - k åwi2 sin f cosq - By y& sin f cosq
i =1

4

(2)

(3)

m &&z = k åwi2 cosq cos f - mg - Bz z& cosq cos f

(4)

- Bqq& + kl (w12 - w32 - w22 + w42 ) cos p / 4
I L q&& =

(5)

- Bff& + kl (w12 - w32 + w22 - w42 ) cos p / 4
I L f&& =

(6)

- Byy& + b ( -w12 - w32 + w22 + w42 ) + I M ( -w&1 - w& 3 + w& 2 + w& 4 )
I Zy&& =

(7)

i =1

Figure 3. Quadcopter with its own reference frame.
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where m is the total mass of the system, l represents the length of the arms, and each propeller
speed is represented as ωi and k is the lift constant. I L stands for the moment of inertia of X
and Y axes while I Z is the moment of inertia with respect to the Z axis. The values Bi repre‐

present the air-drag i direction, b is the torque drag, and g stands for gravity. Please notice that
all equations are given in terms of the quadcopter’s reference frame so a tilt on the θ direction
will directly modify the X axis. The model has not been referenced to ground as additional
complexity would be added to the model without really aggregating dynamical reality. As the
model could be later referenced to earth by simple trigonometric operations, this step is
omitted in this work.

4. Testing variability
The presented quadcopter model represents a perfect model of how it would respond if the
motor constants, air drag, and other variables were estimated exactly. However, a perfect
model does not provide a valid representation of the motion of a real nonlinear system. As
noted in the aforementioned text, we deal with lots of uncertainty in which the expected model
deviates from the actual behavior of the system. Regarding the quadcopter system, many
components exist in lag or delays while in actual use, which contributes to the deviation from
the model [5]. Aspects like motor torque and rotational speeds and thrust of the motors vary
to some degree and are averaged using test bench data, despite being unequal for each motor
[18]. Other methods have also been implemented to counter or reduce uncertainty in systems.
One plain way of battling uncertainty is through proportional-integral-derivative control‐
lers (PID). They are commonly used and useful in control theory and technology because they
perform well for a wide class of processes. They give robust performance for specific operating
conditions, and are easy to implement with analog or digital hardware, not to mention they
are very familiar to engineers. However, plants that have time delays cannot be controlled
effectively by a simple PID controller. Fuzzy logic controllers outperform PID controllers
because they have no integral accumulator to increase the error of the naturally delayed
system [14].
The nonlinearities of a quadcopter, and even of a quadcopter model, are hard to control for a
PID as it is a linear controller in nature. Any linear control will be only capable of providing
linear control commands to nonlinear error variations, so its reach cannot be extended to the
whole operating space of a given plant. Consequently, using a linear controller over a quad‐
copter will restrict the system to maintaining a smooth hovering undisturbed flight. An
additional drawback is that different linear controllers will be needed, as a single tuning will
not suffice parametric inequalities among similar components of the quadcopter. This kind of
consideration also increases the gap between simulation and actual implementation.
In order to face the difficulties exposed so far, the derived quadcopter model has not ignored
relevant physical details apart from environmental wind speed and possible static parametric
variations. Such uncertainty has a bigger impact if present at the propellers because controller’s
outputs are commonly given as thrust commands, assuming infinite bandwidth and no delay.
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As explained earlier, the on-board sensors and processing unit, the power electronics driver,
and the electric machinery composing each propeller should not be simulated. Incorporating
a precise simulation of such elements would immensely increase model’s complexity, resulting
on an infeasible testbed. Consequently, a simplified model of the propeller is needed which
still incorporates time delay, limited bandwidth, and non-ideal gain. In order to account for
this deviation and represent uncertainties, we propose using a First-Order Plus Dead Time
(FOPDT) model to make the quadcopter simulation more realistic and non-ideal. In addition,
a statistical variation of FOPDT parameters can be simulated so the robustness of the FLC is
tested.
Similar approaches have been used among literature to simplify model processing while still
keeping the desired characteristics. Precup and Preitl [7] represent uncertainties by using a
simplified plant model where nonlinear servo systems were used in conjunction with a
simplified linearized model of a controlled plant. The controller even includes an inserted
variable to notify changes from the nominal expected behavior. Rather than a formal dynamic
approach to the system, they use a simplified model similar to FOPDT, as we do instead of
simulating power electronics formally. In testing the system, we use a nonlinear model, the
opposite of Preitl and Precup [28], whose sensitivity analysis is done over linearized models
of the controller. Our tests are not restricted by the simplifications or assumptions they used
in their linearized model.
As the introduced variations will result on different operating conditions, the FLC can be
measured to be robust to some extent, e.g., a percentage variation of FOPDT parameters. The
testing conditions are to be kept the same for all variations so its sensitivity to those changes
can be evaluated. Altogether, a simple FLC can be proven to face a complex nonlinear system
over a range of operating conditions for a tracking problem. It is clear that the usage of the
FLC over the plant will describe an extended operating zone with tolerable performance. If
the real plant is supposed to be within that zone, then the controller will be more likely to
require minimum modifications for the implementation phase.
4.1. Robustness and boundedness
In design of linear controllers, robustness is achieved when the compensator is designed for a
consistent qualitative plant model that encompasses all specified plant perturbations or
variations. It is important to recognize the trade-off between maintaining stability robustness
and maintaining an increased tracking performance [12]. Among literature, it is possible to
confirm that a robust control design will need a previous analysis of plant variations. Varia‐
tions are commonly bounded within some margins which represent the worst case situations
the plant can exhibit. An effective robust controller can manage the whole area described by
these variations.
There are ways in which this problem has become more manageable. In [20], a fuzzy observerbased linear controller provides rough tuning to approximate the nonlinear control system,
while an optimal H attenuation provides precise tuning to make the robustness optimal. Here,
both advanced tracking performance and improved robustness are sought. The paper also
illustrates the use of bounding matrices to fit a nonlinear system inside certain bounds through
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consideration of an approximate error. They also employ a bounded bandwidth to deal with
robust performance control. To create the fuzzy controller, an optimization procedure uses the
interior point method to minimize the quadratic boundary while testing stability, so that both
controller is optimal and the boundary is minimal. The design of this controller allows the
fuzzy algorithm to develop a robustness and function with a reduced effect of external
disturbance [20].
In another example, robustness in the case of [4] is assumed to be better in FLC because the
controller will adapt itself under varying conditions. However, here no expected performance
is guaranteed. In [2], robustness is measured in terms of probability over an inference cell,
based on the magnitude of the change of the inference output and the variation of each
membership variation, taking the derivative of the inference output with respect to the
corresponding alpha cut. This is integrated over the whole inference cell to finally evaluate the
robustness [2].
Because control error increases with more conservative bounds, solving the robustness issue
implies bounding model parameters. Bounding model parameters means assigning an
expected range to the performance of the parameter. Not just any bounds will serve; it is
important to find meaningful bounds based on knowledge of the uncertainties and the
modelled system. For the quadcopter application, the parameters should be based on simu‐
lations or experimental results [18].
Physical constraints can impose boundaries to the controller parameter, so the controller
output should not surpass some allowed characteristic of the actuator. In [8], an output scaling
factor for motor voltage control does not exceed the maximum voltage allowed for that motor.
Ferrero et al. [1] conclude that even measurement uncertainties should be bounded. In [3], they
assume their system parameters to be uncertain but bounded to 19% around the nominal value.
In [7], the variations are arbitrarily limited.
For a system that is not totally known, a set of systems can enclose it. Preitl and Precup [28]
derive sensitivity models related to the step function of the control system for sensitivity
analysis. With the plants described in [3], the system is proposed as A + Δ where Δ is the
expected variation of the matrix used. The graphs from [7] demonstrate limits for different
design parameters. Additionally, in [22], boundaries are also established so that the model lies
within an expected zone. The controller is also designed considering bounded conditions.
The main idea is that a controller which faces a system set will control anything in between.
In [12], stability is tested for parametric bounded variations. In [7], two controllers are tuned:
(1) a nominal PI controller with respect to the set-point, and (2) a PI controller with respect to
the disturbance inputs of the control system. The goal in this research was to blend the
controllers to permit a bump-free transfer from one PI controller to the next, and good behavior
in the operating zones covered by such blending. This guarantees the achievement of desired
control system performance indices, overshoot, settling time, and robust stability [7].
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5. Simulations and results
The chapter intentions will be expanded for sake of clarity. There are no models which
thoroughly represent a given plant. Such incompleteness can cause many problems which take
the implementation far from the expected simulated results. However, going into deep detail
about subsystems comprising a plant would be inefficient (or even impossible) due to
increased complexity. To tackle this problem, such systems can be approximated by equations
which exhibit a similar behavior. As a single equation would hardly fit the system’s response,
those relegated characteristics can be assumed to be contained somewhere between marginal
cases of the simplified equation. In consequence, not a model, but a set of models is proposed
to enclose the system reality. A controller can be robustly tuned to face the whole set of
simplified systems providing at least two benefits: (1) The real plant can be controlled as long
as its features are actually bounded by the set of models, and (2) the marginal control specifi‐
cations are known from worst-case simulations, so the real model can be controlled inside
those borders.
Intelligent controllers, specifically FLC, seem to be a good option when dealing with complex
plants and uncertain conditions. Besides FLC being formally analyzed and having modelbased solutions that can be easily found in literature, its more remarkable feature is the
“translation” of linguistic fuzzy rules and measurements to a nonlinear mapping. A fuzzy
controller can be tuned by means of practical observation or experience, almost disregarding
the plant’s complexity. In this spirit, a complex nonlinear plant was modelled and further
variated to show the advantages of a simple heuristically tuned FLC in terms of stability and
robustness.
A quadcopter is a UAV which incorporates sensors, a processing unit, power electronics
drivers, and electric machinery. With its own complexity as a flying under-actuated device,
its effective control is still a challenge nowadays. In this work, the quadcopter is modelled
without the use of linearization processes, and a FLC is heuristically tuned to control it under
ideal model conditions. In order to account for the variability present in the control process,
a set of FOPDT approximation models are used to curtail actuator performance. As the
quadcopter model mainly depends on actuators’ speed, many model’s parameters are being
considered uncertain by varying the FOPDT equation. The FLC original tuning (without
variations) is preserved and its performance is analyzed toward percentage variations of
motors gains, bandwidth, and discrete time delays. Altogether, a good performance of the FLC
would move the process forward to a successful implementation process. Additionally, a
simple approach to intelligent control design could be proven to be sufficient for such a varying
complex plant.
5.1. Methodology
The whole testbed was programmed in LabVIEW 2015 platform. The quadcopter model was
solved through a custom Runge-Kutta of 4th order so that its response can be evaluated stepwise. This numerical method was chosen as further implementation on a restricted-size FPGA
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is desired. The FLC was designed through the Fuzzy System Designer tool included as a part
of the Control and Simulation toolkit for LabVIEW. The FOPDT model was discretized and
solved as a recurrent equation dependent on the sampling time which, for all tests, was
adjusted to 10 ms.
The ideal gains and bandwidths are set to 1 and 50 rad/s. They will be varied by a uniform
random number generator limited to predefined relative limits of [0%, 2%, 5%, 10%, 15%] and
[0%, 10%, 20%], respectively. The time delays will be managed as integer variations of sensor
and actuator lags. For every simulated test, a time window of 20 s will be used and the squared
error of all states will be measured. Each test will be repeated 200 times to allow the random
generator to describe the variation uniformly and a final average will be computed per state.
A medium-sized quadcopter of 2 kg is considered. Its parameters are shown in Table 1 below:

Constant

Abbreviation

Value

Units

Gravity

g

9.81

m/s2

Arm length

l

0.225

m

X/Y moment of inertia

IL

4.856E-3

kg m 2

Z Moment of inertia

IZ

8.801E-3

kg m 2

Lift constant

k

2.1E-4

kg m / rev 2

Torque drag

b

1.14E-7

kg m 2 / rev 2

X drag

Bx

.25

kg / s

Y drag

By

.25

kg / s

Z drag

Bz

.25

kg / s

θ drag

Bθ

.01

kg m 2 / s

ϕ drag

Bϕ

.01

kg m 2 / s

ψ drag

Bψ

5E-3

kg m 2 / s

Rotors’ moment of inertia

IM

3.357E-5

kg m 2

Table 1. Considered quadcopter parameters.
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For control tuning purposes, quadcopter actuators are assumed to be of infinite bandwidth,
equal gain (among all 4 motors), and to exhibit no delay. In Figure 4, four main blocks are
shown: (1) fuzzy MIMO controller, (2) a converter from tilt to actual motor power, (3) the
quadcopter model, and (4) the bounding conditions block.

Figure 4. Testbed without FOPDT.

The FLC data are retrieved from a separate file and the control actions are executed in a blackbox fashion. In search of a simple and logical controller, its output is designed in terms of
forward tilt, right tilt, and overall thrust instead of individual motor power. It is clearer for a
designer to identify whether the quadcopter needs to tilt rather than if an individual motor
would provide the desired result; in addition, this simplifies the controller rules, as will be
explained later. As the quadcopter still needs the individual motor power information, the
second block converts the titling control signal into four separated increment or decrement
actions. The number of fuzzy sets per input or output has been also arbitrarily determined to
be of a maximum of three. The main interest here is showing a simple controller which is easy
to understand despite possible better alternatives.
For improved versatility, all controller’s inputs and outputs are normalized. This means that
all considered universes of discourse have been limited to [−1, 1]. Pre- and post-processing
scaling steps are needed to fit the actual needed intervals, and that is the main reason why the
bounding block has been included. Having all the intervals normalized allows the designer to
require a little effort in defining the membership functions as the scaling conditions will tune
their reach. It is important that additional to scaling, a coerce condition is included so all the
parameters can be represented within their universe of discourse. This implies that all the
possible values are bounded (pre-known) by the designer.
In this case, the position control is attained by using one single FLC which requires the
following inputs: X, Y, and Z error signals; X, Y, and Z speed signals; θ and ϕ angles; and θ
and ϕ angular velocity signals. These inputs can recreate a basic proportional-derivative FLC;
however, instead of taking the error’s derivative, the velocity measurements are used so the
rules are clearer. All the inputs are presented in Table 2.
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Input membership functions for X, Y, and Z errors. The
three of them have the exact same description.

Input membership functions for:
• X, Y, and Z velocities
•

θ and ϕ angles

•

θ and ϕ angular velocities

They are meant to limit the speed of the quadcopter,
so they are named as “boundaries”. The seven of them have
the exact same description.
Table 2. Input membership functions.

Output membership functions for “forward tilt” and “right
tilt”. The two of them have the exact same description.

Output membership functions for “all propellers”.

Table 3. Output membership functions.
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The outputs of the controller were also furnished to be similar among them and are shown in
Table 3. The tilt information is divided into two as there are two angles of interest with respect
to the quadcopter. An additional output named “all propellers” permits the system to perform
homogeneous changes in the Z axis. All outputs’ membership functions are defined using
singletons; they are functions which only take the value of 1 at a particular point. As defuzzi‐
fication is made based on weighing the influences of these functions, the resulting system is
equivalent to a TS-FLC with constant outputs. Thus, each control signal will be a smooth
transition between those constants.
As the motor inputs for the model are given on an interval [0, 155], the outputs of the FLC were
multiplied by 10 and summed to a base speed. In this way, the fuzzy controller is providing
correction variations to a predefined thrust which is close to the equilibrium force of the
quadcopter. This computation permits the testbed to start from a condition where the vehicle
is assumed to be already on flight.
Despite of the number of inputs, only 15 rules are needed to set the necessary logic to control
the quadcopter. Nine of them are of a compensating nature and 6 are restrictive:
- Compensating nature:
• IF 'Zerr' IS 'Negative' THEN 'All propellers' IS 'Decrease'
• IF 'Zerr' IS 'Zero' THEN 'All propellers' IS 'Do nothing'
• IF 'Zerr' IS 'Positive' THEN 'All propellers' IS 'Increase'
• IF 'Xerr' IS 'Negative' THEN 'Tilt Right' IS 'Decrease'
• IF 'Xerr' IS 'Zero' THEN 'Tilt Right' IS 'Do nothing'
• IF 'Xerr' IS 'Positive' THEN 'Tilt Right' IS 'Increase'
• IF 'Yerr' IS 'Negative' THEN 'Tilt Forward' IS 'Decrease'
• IF 'Yerr' IS 'Zero' THEN 'Tilt Forward' IS 'Do nothing'
• IF 'Yerr' IS 'Positive' THEN 'Tilt Forward' IS 'Increase'
- Restrictive nature:
• IF 'DZ' IS 'Neg Boudary' THEN 'All propellers' IS 'Increase'
• IF 'DZ' IS 'Pos Boundary' THEN 'All propellers' IS 'Decrease'
• IF 'DX' IS 'Neg Boundary' OR 'Theta' IS 'Pos Boundary' OR 'DTheta' IS 'Pos Boundary' THEN
'Tilt Right' IS 'Increase'
• IF 'DX' IS 'Pos Boundary' OR 'Theta' IS 'Neg Boundary' OR 'DTheta' IS 'Neg Boundary' THEN
'Tilt Right' IS 'Decrease'
• IF 'DY' IS 'Neg Boundary' OR 'Phi' IS 'Pos boundary' OR 'DPhi' IS 'Pos Boundary' THEN
'Tilt Forward' IS 'Increase'
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• IF 'DY' IS 'Pos Boundary' OR 'Phi' IS 'Neg Boundary' OR 'DPhi' IS 'Neg Boundary' THEN
'Tilt Forward' IS 'Decrease'
The FLC tuning is done through a trial-and-error process over the scaling factors of all inputs
and outputs. The system is then configured as shown in Table 4.
X, Y, and Z errors

0.5

θ and ϕ boundaries

0.08

X, Y, and Z speed boundaries

0.48

θ and ϕ angular velocity boundaries

0.3

All outputs

10

Table 4. Tuning parameters for the FLC.

The resulting controller performance is shown in Figure 5 for set-point values of [0.4, 0.3, 0.2]
for [X, Y, Z], respectively. The tests regarding FOPDT variability are done for a common setpoint of 0 (for which the ideal model exhibits no error operation). All of the tests evaluate how
well the system can hold the zero reference, so the computed error accounts for the variations
allowed by the controller. The modified testbed is shown in Figure 6 and the error results in
Tables 5 to 8, which include test conditions as follows:
- Bandwidth set to 50 rad/s, no sensor extra delay, no actuator delay
- Bandwidth set to 50 rad/s, one extra sensor delay, no actuator delay
- Bandwidth set to 50 rad/s, no sensor extra delay, one actuator delay
- Bandwidth set to 100 rad/s, no sensor extra delay, two actuator delays

Figure 5. Test for tuned controller.
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Figure 6. Testbed including FOPDT.
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5.79
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5.84

2.78

2.34

2.00

2.00

5.81

2.90

2.91

1.98

1.89

5.80

2.95

2.80

E-03

E-03

E-02

E-05

E-05

E-03

E-03

E-02

E-05

E-05

E-03

E-03

E-02

E-05

E-05

4.12

4.39

5.88

6.35

6.43

4.77

4.67

5.81

7.05

6.97

4.77

5.14

5.83

7.60

7.63

E-03

E-03

E-02

E-05

E-05

E-03

E-03

E-02

E-05

E-05

E-03

E-03

E-02

E-05

E-05

2%
5%
10%
15%

10%

20%

Table 5. Reference results for 0 delay conditions.

Delay

1 extra sensor delay

BW 50

0%

Gain 1

X

Y

Z

T

P

X

Y

Z

T

P

X

Y

Z

T

P

0%

7.27

8.19

5.80

3.84

1.05

7.39

8.88

5.80

3.91

1.09

7.67

1.07

5.80

4.07

1.17

E-06

E-08

E-02

E-07 E-07 E-06 E-08 E-02 E-07 E-07 E-06 E-07 E-02 E-07 E-07

9.55

9.36

5.81

1.83

E-05

E-05

E-02

E-06 E-06 E-05 E-05 E-02 E-06 E-06 E-05 E-05 E-02 E-06 E-06

5.85

5.46

5.79

9.48

E-04

E-04

E-02

E-06 E-06 E-04 E-04 E-02 E-06 E-06 E-04 E-04 E-02 E-06 E-06

2.35

1.98

5.88

3.53

E-03

E-03

E-02

E-05 E-05 E-03 E-03 E-02 E-05 E-05 E-03 E-03 E-02 E-05 E-05

4.13

4.62

5.86

6.46

E-03

E-03

E-02

E-05 E-05 E-03 E-03 E-02 E-05 E-05 E-03 E-03 E-02 E-05 E-05

2%
5%
10%
15%

10%

1.52
8.75
3.12
6.95

8.99
5.86
2.50
5.25

Table 6. Results considering 1 extra sensor time delay.

20%

8.66
5.35
2.32
4.49

5.81
5.82
5.85
5.88

1.78
9.44
3.94
7.75

1.41
8.72
3.69
7.21

9.12
5.47
2.32
4.71

7.83
5.36
2.24
4.32

5.81
5.83
5.86
5.85

1.77
9.10
3.53
7.22

1.35
8.60
3.51
7.06
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Delay

1 actuator delay—20s

BW 50

0%

10%

20%

Gain 1

X

Y

Z

T

P

X

Y

Z

T

P

X

Y

Z

T

P

0%

7.37

7.64

5.80

3.41

9.14

7.35

8.37

5.80

3.44

9.57

7.14

1.02

5.80

3.45

9.83

E-06

E-08

E-02

E-07 E-08 E-06 E-08 E-02 E-07 E-08 E-06 E-07 E-02 E-07 E-08

9.41

9.18

5.81

1.75

E-05

E-05

E-02

E-06 E-06 E-05 E-05 E-02 E-06 E-06 E-04 E-05 E-02 E-06 E-06

5.72

5.01

5.82

8.71

E-04

E-04

E-02

E-06 E-06 E-04 E-04 E-02 E-06 E-06 E-04 E-04 E-02 E-06 E-06

2.27

2.28

5.81

3.50

E-03

E-03

E-02

E-05 E-05 E-03 E-03 E-02 E-05 E-05 E-03 E-03 E-02 E-05 E-05

4.95

4.99

5.88

7.54

E-03

E-03

E-02

E-05 E-05 E-03 E-03 E-02 E-05 E-05 E-03 E-03 E-02 E-05 E-05

2%
5%
10%
15%

1.51
7.92
3.58
7.64

9.51
6.04
2.23
4.56

9.00
5.12
2.00
4.65

5.80
5.81
5.85
5.82

1.85
9.29
3.41
7.21

1.50
8.17
3.14
7.06

1.10
5.80
2.49
4.95

9.04
5.82
2.15
5.18

5.81
5.80
5.82
5.87

2.08
9.36
3.86
7.95

1.63
9.53
3.51
8.14

Table 7. Results considering 1 actuator time delay.

Delay

2 actuator delay—20s

BW 100

0%

Gain 1

X

Y

Z

T

P

X

Y

Z

T

P

X

Y

Z

T

P

0%

1.92

1.21

6.44

9.92

8.97

1.87

1.05

6.52

9.94

9.04

2.05

1.27

6.79

1.06

9.63

E-02

E-02

E-02

E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-01 E-02

2.04

1.22

6.46

9.89

E-02

E-02

E-02

E-02 E-02 E-02 E-02 E-02 E-01 E-02 E-02 E-02 E-02 E-01 E-02

2.47

1.79

6.49

9.81

E-02

E-02

E-02

E-02 E-02 E-02 E-02 E-02 E-01 E-02 E-02 E-02 E-02 E-01 E-02

4.12

3.33

6.54

9.62

E-02

E-02

E-02

E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-01 E-02

5.52

4.71

6.72

9.36

E-02

E-02

E-02

E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02 E-02

2%
5%
10%
15%

10%

8.95
8.88
8.69
8.39

2.02
2.41
3.95
5.35

20%

1.18
1.98
3.50
4.85

6.49
6.57
6.67
6.78

1.01
1.02
9.77
9.64

9.11
9.21
8.81
8.55

2.04
2.67
3.95
5.08

1.37
2.29
3.80
4.87

6.81
6.89
6.85
7.04

1.04
1.05
1.05
9.73

9.46
9.43
9.47
8.82

Table 8. Results considering 100 rad/s bandwidth and 2 actuator time delays.

6. Analysis and conclusions
There are two things to comment about the controller before continuing with data analysis. It
does not include an accumulator, so steady-state errors are expected. In addition, the scaling
of X, Y, and Z errors could be constrained into a lower margin to force the controller to react
toward smaller inputs. However, errors were assumed to be bounded on 0.05 m, so lowering
this value would saturate the controller whenever higher set-points are requested. The
quadcopter model is started with a base motor power of 76.5, equivalent to the 49% of the total
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thrust. This is enough to make the quadcopter to rise before the controller action compensates
for the error. For ideal conditions and without the FOPDT model, the system response presents
a steady-state error of about 5 mm as shown in Figure 7. As motors are assumed to be identical,
no variations appear on X and Y axes.

Figure 7. Reference test and steady state error of Z axis.

After performing all the tests with incorporated variability, the controller preserved stability
in all cases, except for a 2 delay on the actuator side for which no data were collected. This
particular case will be discussed afterwards. In order to ease analysis, four more tables (from
Tables 9 to 12) are shown below. Each has the following rows: “Gain diff” measures the
absolute difference in error calculation due to gain variations; “Col Avg” computes the average
error value of a given state; “Delta State” compares each state with respect to the previous
lower bandwidth test; and “Delta Ref” compares the “Col Avg” row with those of the test
performed with no delays.
Delay

0 delay

BW 50

0%

Gain 1

X

Y

Z

T

P

X

Y

Z

T

P

X

Y

Z

T

P

Gain Diff

4.12

4.39

8.10

6.32

6.43

4.77

4.67

1.73

7.02

6.96

4.77

5.14

3.16

7.57

7.62

E-03

E-03

E-04

E-05

E-05

E-03

E-03

E-04

E-05

E-05

E-03

E-03

E-04

E-05

E-05

1.34

1.29

5.82

2.01

1.91

1.47

1.45

5.80

2.18

2.14

1.48

1.52

5.81

2.31

2.26

E-03

E-03

E-02

E-05

E-05

E-03

E-03

E-02

E-05

E-05

E-03

E-03

E-02

E-05

E-05

Col Avg

10%

Delta State
Delta Ref

20%

8.70% 10.77% -0.31% 7.44% 10.42% 0.37% 4.96% 0.13% 5.88% 5.64%
0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Table 9. Analysis for reference conditions.

0.00% 0.00% 0.00%

0.00% 0.00% 0.00% 0.00% 0.00%
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Delay

1 extra sensor delay

BW 50

0%

Gain 1

X

Y

Z

T

Gain Diff

4.13

4.62

5.50

E-03

E-03

E-04

1.43

1.45

E-03

E-03

Col Avg

10%
P

X

Z

T

6.42 6.94 5.24 4.49

7.35

E-05 E-05 E-03 E-03

E-04

5.83

2.23 2.22 1.69 1.49

E-02

E-05 E-05 E-03 E-03

Delta State
Delta Ref

20%
Y

P

X

Y

Z

T

P

7.71 7.19

4.71

4.32

4.72

7.18

7.05

E-05 E-05

E-03

E-03

E-04

E-05

E-05

5.83

2.57 2.38

1.54

1.44

5.83

2.38

2.32

E-02

E-05 E-05

E-03

E-03

E-02

E-05

E-05

14.9 2.54% 0.06% 13.1 6.81% -9.80% -3.50% -0.01% -8.22% -2.99%
6.86

12.

%

14%

0.09%

10.

16.

2%

9%

14.

2.67% 0.45% 18.

87% 13% 67%

11.

4.04% -5.

21% 63%

0.31% 2.80% 2.28%

72%

Table 10. Analysis for first test.

Delay

1 actuator delay—20s

BW 50

0%

Gain 1

X

Y

Z

T

Gain Diff

4.94

4.99

7.67

E-03

E-03

E-04

1.58

1.57

E-03

E-03

Col Avg

10%
P

Y

Z

T

P

X

7.51 7.63 4.55

4.65

2.19

7.18

7.06

E-05 E-05 E-03

E-03

E-04

E-05

E-05

5.82

2.43 2.44 1.50

1.45

5.82

2.35

E-02

E-05 E-05 E-03

E-03

E-02

E-05

-5.31

-8.54

-0.13

%

%

%

Delta State
Delta Ref

20%

X

17.

21.

0.01

20.

59%

92%

%

45% 24%

27.

Y

Z

T

4.94 5.18

7.28

7.92 8.13

E-03 E-03

E-04

E-05 E-05

2.24

1.63 1.60

5.82

2.60 2.56

E-05

E-03 E-03

E-02

E-05 E-05

-3.03

-8.93

7.97 9.37

0.11

9.36 12.

%

%

%

%

%

%

1.95% 0.22% 0.19% 8.21% 4.65% 10.

5.10% 0.17% 12.

36%

P

51%
12.

36% 87%

Table 11. Analysis for second test.

Delay

2 actuator delay - 20s

BW 100

0%

Gain 1

X

Y

Z

T

Gain Diff

3.60

3.50

2.73

E-02

E-02

E-03

3.21

2.45

E-02

E-02

Col Avg

10%
P

20%
Y

Z

T

−5.59 −5.73 3.48

3.80

2.66

−3.07 −4.88 3.02

E-03 E-03 E-02

E-02 E-03

6.53

9.72 8.78 3.12

2.51

9.93

1.04

E-02

E-02 E-02 E-02

E-02 E-02

Delta State

X

6.61

P

Y

Z

T

3.60

2.48

−9.09 −8.11

E-03 E-03 E-02 E-02 E-03

E-03 E-03

8.95

X

3.16

2.72

6.88

E-02 E-02 E-02 E-02 E-02

P

9.36

E-01 E-02

−3.02% 2.42% 1.18% 2.10% 1.91% 1.26% 7.63% 3.94% 4.13% 4.43%

Delta

229

179

Ref

3.99% 9.51%

12.13% 482

458

202

505

437

1.63% 6.89%

.67% .12%
Table 12. Analysis for last test.

163

13.82% 456

418

204

177

668

0.72% 7.06%

.34% .30%

168

18.33% 447

413

866

368

.68% .83%
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It can be seen that the uneven gain variation is responsible for the highest increase of error in
all tests. On the other hand, bandwidth modifications do not generate an evident trend as error
is sometimes even lower than previous ones. It is clear from this point that bandwidth
unevenness is not quite relevant from a statistical point of view; however, angle variation
shows an increasing error most of the time. This is due to a constant need to change the
propellers’ speed because command signals are not fully applied simultaneously. For strongly
varying angles, an overall vibration effect will be visible on the quadcopter.
It is worth to mention that the actuator delay will affect the controller performance more
strongly than a sensor delay. Those actuator time-related issues may exist due to power
electronic drives and integrated close-loops. They can also appear if the motors’ information
is not collected properly due to sensing or measuring problems on the inner loop and filtering
delays. An additional feature observed throughout the simulations is that Z remains almost
unaltered, mostly due to its greater independence to little angle variations.
As can be noted, an additional test was performed considering the motors bandwidth to be of
100 rad/s. Stability was not preserved for 2 actuator time delays and 50 rad/s bandwidth, so it
was doubled to investigate the effect of improved actuator characteristics. A slow motor
performance causes the controller signals to wait some iterations before their effect is fully
applied. If the motors vary in bandwidth, some control signals will be delivered on time and
some will not, increasing the error seen by the controller. This effect would lead to wrong
compensation signals which, if delayed, will hardly keep a stable plant. Remember that the
FLC tuning was not modified, so its success will depend on the quadcopter’s overall band‐
width.
It is also noteworthy that even if control signals are executed fast enough to keep stability,
chattering may appear due to late compensation. This effect (show in Figure 8) can be
incorrectly identified as noise, which can damage control performance.

Figure 8. Chattering effect due to time delay of actuators.

A simple FLC has been proven to control a quadcopter nonlinear model subjected to variability
(FOPDT) on its actuators. It is a very simple controller which seeks clarity and simplicity and
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that still exhibits robust performance when tested under model variations. The controller
seems unimpaired by uneven gains and bandwidth variations among quadcopter motors, as
well as single time delays present before or after controller block execution. It is possible to
say that unevenness on motors’ bandwidth does not have a drastic effect. However, an overall
low bandwidth will greatly restrict the system’s stability.
The controller allowed a maximum 15 mm absolute error among tests and kept the simulated
quadcopter stable for motor-unbalanced variations up to 15% in gain and 20% in bandwidth.
The controller is capable of dealing with time delay too. However, the actuators’ response
speeds seem to be a major restriction of this. This analysis permits the FLC system presented
to be considered as a simple option for actual implementation. Its tuning and further im‐
provement through more dependable techniques can lead to a realizable controller which
observes better specifications.
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Abstract
An improved neural network algorithm was proposed and applied to the inverse
radiative problems. A multi-strategy particle swarm optimization was applied to
improve the performance of the back propagation multi-layer feed-forward neural
network algorithm. Three commonly used particle size distribution (PSD) functions in
a one-dimensional particle system were retrieved using the proposed algorithm. In
addition, the optical constant was also estimated, and the measurement errors were
considered. Results show that the proposed algorithm can be applied to the retrieval of
PSDs and optical constant even with measurement errors. Finally, the proposed
algorithm was applied to the simultaneous estimation of the PSDs and optical constant
using the multi-wavelength and multi-thickness method.
Keywords: PSO-based neural network algorithm, optical constant, particle size distri‐
bution, particulate media, inverse radiation problem

1. Introduction
Participating medium is widely used in the petroleum chemical industry, bio-medicine, infrared
detection, remote sensing, and many other fields [1, 2]. The particle system is one kind of
participation media, such as liquids or gases, with small particles in microns or even nanome‐
ter level. Researches on the microphysical properties of particulate media, such as the optical
properties and particle size distributions (PSDs), are very important for many engineering

© 2016 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited.
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applications, such as power plant, coal-fired furnaces, combustion chambers, or other utiliza‐
tion systems, which will contribute to improve the combustion efficiency [3–5] and environ‐
ment control [6, 7]. Especially, thermal radiation is the dominant mode of heat transfer in power
plant [8], and the optical properties and PSD of fly ash particles are of significant importance in
radiative heat transfer analysis [9]. Knowledge of the optical constants of the particulate fly ash
is necessary for monitoring of temperature and condition, and prediction of heat transfer through
fly ash formed in the pulverized fuel-fired furnace. However, determination of optical con‐
stants requires a priori information on the particle number density and size distribution. Based
on this fact, uncertainty in the PSD is the principal source of error in determining single particle
optical properties. In many cases of practical interest, however, these quantities are not known.
In spite of the widely use of high temperature fly ash particles, their refractive indices, partic‐
ularly in the infrared range, are known insufficiently. This is especially true of the optical
properties of infrared particles being considered in the high-efficiency combustors. Accurate
values of the optical constants of particles, which are significant functions of wavelength, are
of particular interest in radiative transfer analysis in power plant because of their significant
influence on heat transfer in such applications. Light scattering analyses of the structure and
refractive indices of fly ash particles have been proposed as a means of studying the interac‐
tions between fly ash particles, flue gases, and the surrounding atmosphere [10]. Moreover, fly
ash is a very promising combustion by-product of the coal-fired power station. For example, it
can be added into the cement pastes to improve their fluidity where the PSD is an important
control parameter [11]. Generally, optical properties and PSD of participating particulate
medium are of great importance in power plant systems and have evoked the wide interest of
many researchers.
The optical constant of participating medium particle system cannot be directly measured by
experiments [12]. Its direct calculation through the measurable physical parameters is also
difficult. So its value is usually obtained by inversion algorithm combining with experimental
measurements. Optical constant contains real part n and imaginary part k. These two parts,
respectively, represent refraction behavior and absorption behavior of participating media.
The optical constants play an indispensable role in determining the radiation properties of a
medium. Accurate knowledge of the refractive index over a wide range of wavelength is
indispensable for many engineering applications. For instance, combustion diagnostic
techniques employing laser light scattering require accurate refractive indices in the visible
wavelengths. Various environmental, atmospheric, astrophysical, and military applications
rely on data for such particles in both the visible and the infrared wavelength. However, even
for the same kind of participating particle system, its optical constants may also be variable
because of some factors, such as temperature range, geometry size, and wavelength range.
Because of its importance for figuring out the radiative transfer mechanism in the particle
system, it has attracted significant attention of scholars all over the world [13–19]. In fact, the
accurate determination of the refractive index of dispersed media should be considered today
as an unsolved problem, open to research.
To date, the commonly used particle size measurement technique can be divided by its
principle into the following categories: microscope method, sieving method, sedimentation,
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and ultrasonic method. For the practical problem of interest, the sieving method is rarely used
recently because it has low precision and it is extremely easy to damage the samples in the
measurement process [20]. With the development of the microscope, the accuracy of the
microscope method improves. However, it is very time consuming. Ultrasonic method is more
suitable for higher particle concentration due to its better ability of transmission in the
participating medium compared to light. However, for some unstable particles systems, the
ultrasonic method is not applicable. Therefore, spectral extinction method is more widely
applied because of its wide measurement range, relatively simple measuring principle and
device [21, 22].
Literature survey reveals that there is no reported work about estimating of optical constants
and PSDs using artificial neural network (ANN). An important advantage of this method in
comparison with other inverse heat transfer modeling approaches, such as the Gauss–Newton
method [23], conjugate gradient method [24], genetic algorithm [25], and ant colony optimi‐
zation [26, 27], to name a few, is that detailed knowledge of the geometrical and thermal
properties of the system (such as wall conductivity and emissivity) is not necessary [28, 29].
In many cases, the measurement of such physical properties is extremely difficult or even
impossible. Moreover, to use all conventional inverse methods, the direct problem must be
solved firstly. This may lead to significant computing errors and excessively time-consuming
calculations. ANN solutions are based on experimental data rather than mathematical
governing equations [30]. The direct model needs not be solved repeatedly, which will save
considerable computation time. Furthermore, genetic algorithm and other evolutionary
algorithms require large populations and involve long computing time for convergence, which
make them being inappropriate for many inverse heat transfer problems. In ANN, the only
iterative part is in training, which is containing simple mathematical relations. Therefore, the
proposed method is much faster than conventional iterative methods.
In this chapter, a particle swarm optimization (PSO) based back propagation (BP) neural
network algorithm was developed to estimate the PSD and optical constant of a particle
system. As one kind of intelligence optimization algorithms, the BP multi-layer feed-forward
ANN algorithm was proposed by D.E. Rumelhart firstly [31]. In complicated systems with
several effective input parameters, ANN can be used to predict output data. The BP neural
network algorithm is a stochastic heuristic intelligent optimization technique, which was
investigated thoroughly [32, 33]. However, there remain some unsolved problems. For
example, as the initial weight coefficients are generated randomly, it may lead to the instability
of the algorithm. Furthermore, the algorithm may fall into local optimum. Therefore, in the
present work, to improve the performance of the BP neural network algorithm, the PSO
algorithm was applied.
The remainder of this chapter is organized as follows. First, the principle of the inverse method
was introduced briefly. Afterwards, the direct model was presented. Subsequently, the PSDs
and optical constant were retrieved separately using the PSO-based BP neural network
algorithm. Finally, a technique was proposed to obtain the PSDs and optical constant simul‐
taneously.
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2. Inverse method
2.1. BP neural network
An ANN model includes five parts, i.e. input values (x1, x2, … , xn), thresholds of network,
weight (W[w1,1, w1,2,…, w1,N]), transfer function, and output values. The size of weight stands
for the importance of input data for forward transmission by indicating the connection degree
between the input information and related neurons. The basic unit of neural network is the
neuron. In each neuron, the sum of input values is weighted and added with a parameter called
bias, and the sum (see Equation 1) is passed through a function, which is called transfer
function or activation function. The transfer function calculates the output of a neuron from
its input.
n

net j = åwij xi ( t )
i =1

(1)

Some ANN models include several layers. Each layer includes several neurons and performs
a simple process on data. The actions of neurons do not directly depend on the summation but
a certain threshold. Only when the summation netj is bigger than the threshold, neurons can
be activated by activation function. Otherwise, the neuron will not send signals.
The working process of the BP neural network includes training and prediction. Training is to
prepare the network to work for certain system, which is of highly importance. In the training
process, the weights are adjusted to obtain better performance of the network. Prediction is to
solve the inverse problem by using the prepared network [34]. The detailed principle of the
BP neural network is described in Ref. [32], which will not be repeated here.
2.2. The PSO algorithm
The PSO, which has rooted in artificial life and social psychology as well as engineering and
computer science, is a random searching technique inspired by bird foraging. It differs from
evolutionary computation methods in that the population members, called particles, are flown
through the problem hyperspace. The PSO finds the optimum value more quickly than
traditional evolutionary algorithms due to the fact that PSO uses a combination of local and
global searches with the sharing evolutionary information among the individual particles.
Many modifications have been made to improve convergence speed of the basic PSO algorithm
and to increase the diversity of particles [35]. The velocity and position of each particle in the
basic PSO can be obtained as follows [36]:
t + 1) wVi ( t ) + c1 × r1 × ëé Pi ( t ) - Xi ( t ) ûù + c2 × r2 × ëé Pg ( t ) - Xi ( t ) ûù
Vi (=

(2)
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Xi ( t + 1) = Xi ( t ) + Vi ( t + 1)

(3)

where c1 and c2 represent two positive constants called acceleration coefficients; r1 and r2 are
uniformly distributed random numbers in the interval [0, 1]. w is the inertia weight factor,
which is used to control the impact of the previous velocities on the current velocity. In the
present work, w is defined as w = 0.9 – 0.4 × t/tmax, where t and tmax represent the current and
maximum generation number, respectively. Xi(t) = [Xi1(t), Xi2(t), …, Xin(t)]T denotes the present
location of particle i, which represents a potential solution. Vi(t) = [Vi1(t), Vi2(t), …, Vin(t)]T
denotes the present velocity of particle i, which is based on its own and its neighbors’ flying
experience. Pi(t) = [Pi1(t), Pi2(t), …, Pin(t)]T is the ‘local best’ in the tth generation of the swarm.
The global best position of the swarm is expressed as Pg.
In the present work, an improved multi-strategy PSO (MSPSO) was applied to BP neural
network training [37]. Three improvements were made based on the standard PSO. First, the
opposition learning [38] strategy is introduced into every iteration of the PSO algorithm. The
idea of opposition learning is that when a new individual particle X = (X1, X2,…, Xn) is generated

¯ ) should be considered
¯, X
¯, …, X
during the evolution process, its opposite position X̄ = ( X
1
2
n

¯ can be calculated by
to test if it is better than X. If xi is in the interval of [ai, bi], X
i

¯ = a + b - X . Second, the acceleration coefficient c2 is set to vary with iterations instead of being
X
i
i
i
i

constant. Generally speaking, c2 represents social ability of the swarm. In the later stage of the
iteration, the society guide ability gradually strengthens, which makes the diversity of the
swarm decline. It should properly weaken in the later stage of the algorithm. Therefore, c2 can
be set as follows [37]:

c2 =
c2 max -

t
tmax

( c2 max - c2 min )

(4)

where c2max and c2min are the maximum and minimum of c2, which are set as 2.05 and 0.4,
respectively, in the present work [37].
Finally, it is known that the standard PSO may be trapped into local optimum as the decreasing
of the population diversity. Therefore, a multi-start strategy is introduced to the MSPSO, which
means that, when the optimal solution is not updated for Smax iterations, it will force the particle
swarm to initialize, but the previous optimal solution is recorded, where Smax is the maximum
number of stagnation. Note that during the particle initialization, it still reserves the individual
best position and global best position. The detailed model flow chart of MSPSO is shown in
Figure 1.
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Figure 1. Flowchart MSPSO algorithm.

2.3. MSPSO-BP algorithm
In the present work, the MSPSO is applied to optimize the threshold and weight of the BP
neural network. The training process is required before prediction for BP neural network,
which is introduced in Section 2.1. Before the optimization of BP neural network, the topo‐
logical structure of the network should be decided. For a three-layered BP neural network, i.e.
to choose the node numbers in input layer, hidden layer, and output layer. The structure of
input layer and output layer is mainly determined by the number of input and output data.
The node number in hidden layer is of significant importance, which highly affects the training
speed and training accuracy. Too many nodes may lead to slow convergence rate and over
learning. However, if the node number is not large enough, the network may have small
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training precision. The values of the node number can be determined using many different
ways [39]. After the node number of the hidden layer is determined, the next step is to decide
the weight and threshold values, which are optimized by the MSPSO in the present work. Each
particle stands for a possible solution of the optimal weight and threshold.

3. Direct model
A one-dimensional (1-D) absorbing, scattering, and non-emitting particle system was under
consideration in the present work (see Figure 2). The left side of the system was exposed to
continuous wave laser beam of different wavelengths. For the short interaction time and low
laser intensity, the media were assumed to be cold without considering the thermal effect
caused by the interaction of the laser and media. The radiative transfer equation in a 1-D
particle system can be expressed as follows [40]:

Figure 2. The schematic of a 1D slab absorbing, scattering, and non-emitting particle system exposed to collimated con‐
tinuous wave laser.

¶I ( x,q )
¶
= - (k l + s sl ) I ( x,q ) + sl
2
¶x

p

ò I ( x,q ¢) F l (q ¢,q ) sin q ¢ dq ¢
0

(5)

where I is the intensity in direction θ at location x. The absorption and scattering coefficients
are denoted by κλ and σsλ, respectively. The subscript λ stands for the wavelength of the
incident laser. The scattering phase function Φλ(θ′, θ) represents the probability that radiation,
which propagates from the incoming direction θ′, will be scattered into the direction θ.
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According to Mie theory, when the sphere particle is irradiated by a laser beam, the extinction,
scattering, and absorption efficiency can be calculated by the following equation [41]:

Qext =

Qsca =

2
é¥
ù
Re ê å ( 2n + 1)( an + bn ) ú
2
c
ë n =1
û

(

2 ¥
2
2n + 1) an + bn
2 å(
c n =1

2

)

Q=
Qext - Qsca
abs

(6)

(7)

(8)

where the extinction, scattering, and absorption efficiency are denoted by Qext, Qsca, and Qabs,
respectively. Re is the real part of complex number, χ represents the scale parameter that can
be expressed as πD/λ for spherical particles. D represents the diameter of particles. λ stands
for the wavelength of incident laser. Mie scattering coefficients are denoted by an and bn, which
can be written as follows [41]:

an =

bn =

y n¢ ( mc )y n ( c ) - my n ( mc )y n¢ ( c )
y n¢ ( mc ) x n ( c ) - my n ( mc ) x n¢ ( c )
my n¢ ( mc )y n ( c ) - y n ( mc )y n¢ ( c )
my n¢ ( mc ) x n ( c ) - y n ( mc ) x n¢ ( c )

(9)

(10)

where m (= n + ik) represents the optical constant of particle system. ξn(χ) = ψn + iχn, ψn(χ), and
χn(χ) are Ricatti–Bessel functions. The details of Mie theory are well demonstrated in Ref. [41].
The absorption coefficient κλ and scattering coefficient σsλ of particle system can be calculated
by the following equations:
¥

k l = òCabs, l ( D ) N ( D ) dD

(11)

0

¥

s sl = òCsca, l ( D ) N ( D ) dD
0

(12)
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where Cabs, λ and Csca, λ stand for absorption and scattering cross section, respectively. For sphere
particles, absorption and scattering cross section can be calculated by using Mie theory [41];
N(D) represents the number density of particles with diameter D.
It is known that the PSDs can be described by certain distribution function, among which the
commonly used parameter distribution function is as follows [42]:
s -1

s æDö
fR -R ( D ) = ´ ç ÷
D èDø

f S -N ( D )=

f L - N=
( D)

é æ D ös ù
´ exp ê - ç ÷ ú
ëê è D ø ûú

(

é D-D
1
´ exp ê ê
2s 2
2ps
ëê

(

(13)

) ùú
2

(14)

ú
ûú

é ln D - ln D
1
´ exp ê 2
ê
2p D ln s
2 ( ln s )
êë

) ùú
2

ú
úû

(15)

where D̄ represents the characteristic diameter parameter, and σ is the dispersion ratio. The
volume frequency distribution is denoted by f(D).

4. Results and discussion
To demonstrate the validity of the proposed MSPSO-BP algorithm in the inverse radiative
analysis, several different test cases are considered in this section. Firstly, the PSDs are
retrieved using multi-wavelength method. Secondly, the optical constant is obtained for L–N
distribution. The influence of measurement errors is considered. Finally, the PSDs and optical
constant are retrieved simultaneously using a secondary optimization method. Each case was
implemented using FORTRAN code, and the developed program was executed on an Intel
Core i7 PC.
4.1. The retrieval of PSDs
Multi-wavelength method [43] has been applied to obtain the PSDs accurately and effectively.
Therefore, to test the influence of wavelength number on the retrieval accuracy and efficiency,
different amounts of wavelengths were used in the present work, which, to be specific, are
one, two, and three wavelengths. For the single wavelength, the wavelength was set as 0.55
μm. For the two wavelengths, 0.55 and 0.63 μm were applied. And 0.55, 0.633, 0.649 μm were
used for the three-wavelength method. The optical constants (n, k) corresponding to different
wavelengths were set as (1.381, 0.00426), (1.377, 0.00162), and (1,376, 0.00504). The retrieval of
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the PSDs was solved by minimizing the objective function, which was defined as the sum of
the square residuals between the predicted and the expected reflectance and transmittance.
Therefore, the objective function can be expressed as follows:
2
2
n éæ R
ö æ Tpre ( i ) - Texp ( i ) ö ù
pre ( i ) - Rexp ( i )
ú
+ç
Fobj = å êç
÷
÷
ç
÷ ç
÷ ú
Rexp ( i )
Texp ( i )
i =1 êè
ø
è
ø
ë
û

(16)

The number density of particle system was set to a fixed value N0 = 5.0 cm−3. The range of
parameters in monomodal distributions are set as D̄ ∈ (0.1, 1.1) and σ ∈ (1.4, 3.4). To obtain
adequate training samples for training network, 1000 sets of data were generated randomly
within the initial range. Nine hundred sets were randomly selected as training samples, and
others were chosen as prediction samples to test the performance of trained network. After‐
wards, the well-trained and well-tested network will be used to retrieve the PSD of the particle
system. The control parameters of MSPSO-BP are shown in Table 1. Also, the relative errors
were applied to demonstrate accuracy retrieval results, which can be expressed as follows:

e=

PRE - EXP
´ 100%
EXP

(17)

where PRE and EXP stand for the predicted and expected values of the results, respectively.
Maximum iteration number

200

Momentum factor

Lr = 0.1

Weight

wmax = 0.9; wmin = 0.5

Learning factors

c1 = 2.05; c2max = 2.05; c2min = 0.4;

c2 = c2
Maximum stagnation time

max

−

t
tmax

× (c2

max

− c2

min

)

Smax = 20

Table 1. Parameter setting of MSPSO-BP.

In the present work, three commonly used PSDs were applied, i.e. R–R, S–N, and L–N (see
Equations 13–15). The training results, which are the mean relative errors of all the prediction
samples, for different PSDs and different number of incident wavelengths are shown in
Table 2.
It can be seen that MSPSO-BP has excellent prediction performance for the three kinds of PSD
functions. Besides, with the number of wavelengths increasing, the error between predicted
values and expected values of prediction samples gradually decreases, which means that the
multiple-wavelength method can improve the prediction accuracy effectively. Also, it is
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noticeable that the calculation time is also increasing with the number of wavelengths used,
which is caused by the increasing calculation times of the direct problem.
PSDs

Wavelength number

εσ(%)

εD̄ (%)

R–R

1

0.036

0.066

2

0.009

0.021

3

0.004

0.007

1

0.059

0.076

2

0.016

0.021

3

0.001

0.004

1

0.061

0.095

2

0.012

0.034

3

0.002

0.005

S–N

L–N

Table 2. The training results of different PSDs.

Figure 3. The prediction results of the L–N distribution (a) σ and (b) D̄ .
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After the test of the network is finished, the network can be used to retrieve the PSD of the
particle system. The results of the 100 sets of test data are illustrated in Figure 3. It demon‐
strates clearly that increasing the incident wavelength will improve the accuracy the predic‐
tion results. To show the performance of the MSPSO-BP algorithm, a case was presented to
retrieve the PSD parameters of the L–N distribution. The true value of PSD parameters is set
as σ = 2.0 and D̄ = 0.6. Each case was run for 10 times. The inversion results are shown in
Table 3. It is evident that the retrieval results are accurate when using two- and three-wave‐
length methods. However, the results of single wavelength are not acceptable. This can be
contributed to the insufficient information supplied by the single wavelength method.
Therefore, it is suggested that more than one incident wavelength should be used in the re‐
trieval of PSDs.
D̄

σ

Time (s)

Estimated value

0.552

2.230

872

Relative error (%)

8.00

11.5

Estimated value

0.607

1.957

Relative error (%)

1.17

2.15

Estimated value

0.602

1.996

Relative error (%)

0.33

0.20

Wavelength number
1

2

3

1129

1398

Table 3. Retrieval results of L–N distribution.

The number of training sample is a very important parameter for the BP neural network. It
should be dealt with very carefully. Therefore, different numbers of training samples are ap‐
plied to the inversion of PSDs using three-wavelength method. The numbers of training
samples are set as 600, 700, 800, and 900, respectively. The retrieval results are listed in Ta‐
ble 4.
D̄

σ

Time (s)

Estimated value

0.585

2.093

1019

Relative error (%)

2.50

4.65

Estimated value

0.611

2.052

Relative error (%)

1.83

2.60

Estimated value

0.595

2.013

Relative error (%)

0.83

0.65

Estimated value

0.602

1.996

Relative error (%)

0.33

0.20

Training sample number
600

700

800

900

Table 4. The influence of training samples.

1127

1286

1398
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It can be seen that by increasing the amount of the training samples, more accurate retrieval
results can be obtained, which can be seen more clearly in Figure 4. Network training time is
obviously related to the number of training data. Training the network with more data tends
to spend more time. Therefore, to save computation time, less training samples should be
applied. However, it will reduce the accuracy of the retrieval results at the same time (see
Figure 4). Therefore, when using the neural network-based algorithm for an inverse problem,
the number of the training samples should be decided very carefully.

Figure 4. The influence of training samples.

4.2. The estimation of optical constant
In this section, MSPSO-BP algorithm is applied to retrieve the optical constant, i.e. n and k. It
is known that the optical constant is different for different wavelengths. Multi-wavelength
method is no longer effective in this situation as more wavelengths mean more unknown
optical constants. Therefore, other methods should be applied to obtain more information
about the particle system. In the present work, different thicknesses of particle system were
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applied. To test the effectiveness of the multi-thickness method, the optical constant of a 1-D
sample with thickness of 0.1, 0.2, and 0.3 m was retrieved.
First, the MSPSO-BP should be trained. The interval of the optical constant was set as n ∈ (1.3,
1.6) and k ∈ (0.001, 0.01). The PSD was set as L–N distribution and D̄ = 1.0 and σ = 2.0. The
incident wavelength was set as 0.55 μm, which means n = 1.381 and k = 0.00426. Other
parameters were set the same as last section. One thousand sets of n and k were generated
within the interval randomly, 900 of which were used as training, and others were used to test
performance of the trained network. The test results are shown in Figure 5.

Figure 5. The comparison of the expected and predicted results of (a) n and (b) k of the 100 test samples.

It is evident that the predicted values and expected values of n and k are in a good agreement,
which indicates that the trained network has an excellent ability for retrieving optical constant.
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Therefore, the trained network will be used to conduct the inversion of optical constant. The
optical constant that needs to be estimated was set as (n, k) = (1.4, 0.006). Considering the fact
that the inevitable measurement errors will occur in practical measurement, random errors
were added to the original reflectance and transmittance. The results are shown in Table 5. It
can be seen that even when the measurement noise is 5%, the retrieval results of the optical
constants are still acceptable.
Measurement error

n

k

0%

Retrieval result

1.4002

6.0037 × 10−3

Relative error (%)

0.014

0.062

Retrieval result

1.3995

5.9750 × 10−3

Relative error (%)

0.036

0.417

Retrieval result

1.4012

5.9650 × 10−3

Relative error (%)

0.086

0.583

Retrieval result

1.4038

5.9440 × 10−3

Relative error (%)

0.271

0.933

1%

3%

5%

Table 5. The retrieval results of optical constant with and without measurement errors.

4.3. The retrieval of optical constant and PSDs
In this section, a secondary optimization method [44] was applied to obtain the optical constant
and PSDs simultaneously by combining the multi-wavelength and multi-thickness methods.
The diffuse transmittance, diffuse reflectance, and collimated transmittance were applied. The
details of this method are described in Ref. [44] and will not be repeated here.
The wavelengths of two incident beams were set as 0.55 and 0.65 μm. And its corresponding
optical constants were 1.432–0.00753i and 1.426–0.00794i, respectively. Two samples, which
were basically the same except for their thicknesses, are used. The original PSDs that need to
be retrieved are shown in Table 6. Particle number density was set as 5.0 cm−3. The searching
range of the optical constant and PSDs was set as n ∈ (1.3, 1.6) and k ∈ (0.001, 0.01),
D̄ ∈ (0.1, 1.1), and σ ∈ [1.4, 3.4]. Ten thousand sets of optical constant and PSDs were generated
randomly within the parameter range. After network was trained, it was applied to obtain the
optical constant and PSDs. Each case was run for 10 times. The retrieval results are shown in
Table 7.
PSDs

R–R

S–N

L–N

D̄ , σ

0.8, 2.8

0.7, 2.5

0.6, 2.0

Table 6. The PSDs parameters.
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PSDs

n, k

εrel (%)

D̄ , σ

εrel (%)

Time (s)

R–R

1.451, 0.00765

1.33, 1.59

0.543, 2.435

9.50, 2.60

1258

1.443, 0.00806

1.19, 1.51

1.4199, 0.00732

0.84, 2.78

0.842, 2.466

5.25, 11.93

1468

1.4137, 0.00774

0.85, 2.52

1.4181, 0.0072

0.97, 4.28

0.709, 2.436

18.25, 21.78

1742

1.4130, 0.0075

1.33, 0.41

S–N

L–N

Table 7. The retrieval results of optical constant and PSDs.

Figure 6. The flowchart for the whole optimization procedure.

It can be seen that for the same distribution, the retrieval results of optical constant are much
smaller than those of the PSDs. The optical constant can be retrieved with a tolerable error.
However, the average retrieved results of the PSDs, i.e. D̄ and σ, are not tolerable, and the
maximum retrieval error can reach more than 20%. The reason the relative errors of the
PSDs are so much larger than those of n and k is that the sensitivity coefficients of D̄ and σ
are much lower than those of n and k [44]. In other words, the radiative signals are insensi‐
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tive to the PSDs, which mean even when the relative errors of the retrieved values of D̄ and
σ are very large, the deviation in the calculated reflectance and transmittance signals can be
ignored.
It can be concluded that the influences of the PSDs on the diffused reflectance and transmit‐
tance signals are less significant than that of the optical constant. Even though the retrieved
results of the PSDs were not accurate, those of the complex refractive index were relatively
satisfactory. Hence, the accuracy of the retrieved PSDs needed to be improved which meant
much more information, which was sensitive to the PSDs, should be included in the inverse
procedure. It was found that the collimated transmittance was more sensitive to D̄ and σ [44].
Therefore, the collimated transmittance signal was applied to improve the inversion accuracy
of the PSDs. Based on the above analysis, a secondary optimization was performed in which
D̄ and σ were the unknown parameters that needed to be retrieved, and the optical constant
retrieved by the first optimization was applied as the original values. The inverse procedure
is shown in Figure 6.
The results of the secondary optimization are shown in Table 8. It is evident that the estimated
results of the secondary optimization were much more accurate than those of the first optimi‐
zation, which proved that the applied inversion method is suitable for the simultaneous
estimation of the complex refractive indexes and PSDs.
Function

Original values

Estimated values ( D̄ , σ)

εrel (%)

R–R

0.8, 2.8

0.807, 2.809

0.88, 0.32

S–N

0.7, 2.5

0.711, 2.508

1.57, 0.32

L–N

0.6, 2.0

0.605, 2.0447

0.75, 1.98

Table 8. The second retrieval results of PSDs.

5. Conclusion
A multi-strategy PSO was applied to improve the performance of the BP multi-layer feedforward ANN algorithm. The proposed MSPSO-based ANN method was introduced to solve
the inverse radiation problems for the first time. Three commonly used PSD functions in a 1D particle system were retrieved using the proposed algorithm. In addition, the optical
constant was estimated, and the influence of measurement errors upon the precision of the
estimated results was also investigated. Finally, the proposed algorithm was applied to the
simultaneous estimation of the PSDs and optical constant using the multi-wavelength and
multi-thickness method. All the retrieval results show that the proposed MSPSO-BP ANN can
be applied to estimate the PSDs and optical constant in 1-D absorbing, scattering, and nonemitting system accurately even with noise data. Meanwhile, the secondary optimization can
be recognized as an efficient way to obtain the PSDs and optical constant simultaneously by
applying the multi-wavelength and multi-thickness method.
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Abstract
This chapter describes a novel nature-inspired and intelligent control system for mobile
robot navigation using a fuzzy-molecular inference (FMI) system as the control strategy
and a single vision-based sensor device, that is, image acquisition system, as feedback. In
particular, FMI system is proposed as a hybrid fuzzy inference system with an artificial
hydrocarbon network structure as defuzzifier that deals with uncertainty in motion
feedback, improving robot navigation in dynamic environments. Additionally, the
robotics system uses processed information from an image acquisition device using a realtime Hermite optical flow approach. This organic and nature-inspired control strategy
was compared with a conventional controller and validated in an educational robot
platform, providing excellent results when navigating in dynamic environments with a
single-constrained perception device.
Keywords: Artificial organic networks, artificial hydrocarbon networks, fuzzy-molec‐
ular inference system, robotics, optical flow

1. Introduction
Navigation of mobile robots is still a challenging problem due to the uncertain and dynamics
of environments [1]. Typically, navigation consists of different tasks [1] such as: perception,
exploration, mapping, localization, path planning, and path execution. In this work, naviga‐
tion is limited to a strategy or methodology that guides a mobile robot to accomplish a task
through an environment with obstacles—static or dynamic—without collisions, using sen‐
sors. Also, this work considers a robotic system with a unique vision-based sensor for perception.

© 2016 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited.
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Artificial intelligence (AI) has been widely used for navigation of mobile robots. Different AI
methods have been proposed, such as: fuzzy logic [2], artificial neural networks [3], hybrid
neuro-fuzzy controllers [4–6], evolutionary and meta-heuristics algorithms [7], and natureinspired computing (e.g., particle swarm optimization and ant colony optimization) [8, 9].
Artificial intelligence has been used in different levels of cognition such as: reasoning, decisionmaking, and learning.
Furthermore, some applications using AI-based controllers and features based on optical flow
to compute the control law are present in the literature. For instance, Williams et al. [10]
propose a support vector machines (SVM)—kernel to carry out vehicle tracking using optical
flow features. Meta-cognitive neuro-fuzzy inference systems (McFIS) for accurate detection of
human actions from video sequences have been proposed by Subramanian et al. [11]. In fact,
they employ optical flow-based features, and the functional relationship between these optical
flow-based features and action classes is approximated using the McFIS classifier. Boroujeni
et al. [12] propose a method for obstacle detection using optical flow and k-means clusteringbased classifier to determine obstacles’ positions. Narayanan et al. [13] aim to develop a realtime system capable of rapidly detecting and tracking vehicles in a video stream using a
monocular vision system. The detection is based on the Viola–Jones classifier and optical flow
features [13]. In addition, Crnko et al. [14] propose a biomimetic measurement of optical flow
and centroid for visual-servo control of hover flight.
In that way, this work proposes a novel nature-inspired and intelligent controller for naviga‐
tion of mobile robots constrained to a single vision-based sensor, using a recent hybrid fuzzy
inference system and artificial hydrocarbon networks (AHN) approach so-called fuzzymolecular inference (FMI) system. This fuzzy-molecular inference system inherits character‐
istics from fuzzy inference systems (FIS) such as storage of knowledge from experts, dealing
with uncertainty, and linguistic interpretation [15]; but also from artificial organic networks
(AON), a learning method inspired on chemical organic compounds that allow packaging
information in molecular units, organizing of information, and dealing with aggressive
uncertainty and noise [16]. In advance, fuzzy-molecular inference systems can deal with
uncertainty and under aggressive conditions of noise, with relative easiness of implementation
[15]. Examples of FMI-based controllers can be found in literature [15, 17]. In addition, this
proposed controller uses a real-time Hermite optical flow (RT-HOF) approach for detecting
direction of moving objects in the visual range of the mobile robot. In fact, RT-HOF is a method
that determines the displacement of each pixel at some time in an image sequence representing
the motion of objects in the scene or the relative motion of the sensor, with the usage of the
Hermite transform (HT) [18] as a biological image model in real-time. This RT-HOF approach
has been proved to be easy to implement and faster than conventional optical flow methods
[19], giving advantages to be used in online navigation.
The rest of the chapter is organized as follows: Section 2 briefly describes the fundamentals of
the proposal: artificial hydrocarbon networks algorithm as part of artificial organic networks
method, the fuzzy-molecular inference system, and the real-time Hermite optical flow method.
Section 3 formalizes the proposed nature-inspired and intelligent control for mobile robots
and its design. Later on, Section 4 describes the implementation of the proposed artificial
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organic controller in a mobile robot system. Section 5 presents experimental results of the
proposed controller, and Section 6 concludes the work.

2. Nature-inspired and intelligent computing
This section describes the fundamentals of the proposed controller for robot navigation. First,
artificial hydrocarbon networks learning algorithm is introduced. Then, the fuzzy-molecular
inference system is described, and lastly, the real-time Hermite optical flow approach is
presented.
2.1. Artificial hydrocarbon networks
Artificial hydrocarbon networks (AHN) is a nature-inspired learning algorithm based on the
artificial organic networks framework. In fact, artificial organic networks (AON) technique is
a meta-heuristic method and framework inspired on chemical organic structures and the
energy involved in the interaction among them. Inspiration of AON method considers
packaging information in independent structures named molecules which they can relate
among them using chemical energy-based heuristics [16]. Therefore, AON method provides
modularity, inheritance, organization, and structural stability in the output response [16].
Thus, artificial hydrocarbon network method is a supervised learning technique that inherits
from AON framework, restricted in the shape and type of molecules occupied [16]. From the
latter, AHN is inspired on chemical hydrocarbon compounds that constraint the method only
using two atomic units, that is, hydrogen and carbon atoms, that can be related together with
at most one and four degrees of freedom, respectively, as described below.
The basic unit with information of AHN is the so-called CH-molecule structure. It is made of
two or more atoms related among them in order to define a functional behavior φ centred in
the carbon atom and parameterized with the other hydrogen atoms linked to it, as shown in
Eq. (1), where σ is a real value called the carbon value, Hi ∈ ℂ is the ith hydrogen atom linked
to the carbon atom,k ≤ 4 represents the number of hydrogen atoms in the molecule, and x is
the input signal representing a stimulus of the overall molecule.
k

=
j ( x) s Õ( x - Hi )
i =1

(1)

Then, these molecules can form other types of structures so-called compounds, which include
nonlinear relationships among all molecules [16]. In this work, forming compounds are
restricted to be linear and saturated compounds like Eq. (2), where CHk represents a molecule
with k < 4 hydrogen atoms associated to it, n is the number of CH-molecules in the compound,
and A − B represents a simple bond between two molecules A and B. At the end, this linear
and saturated compound is made of two CH3 molecules and (n − 2) CH2 molecules [20].
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CH 3 - CH 2 - L - CH 2 - CH 3
1442443
n-2

(2)

In terms of the behavior of the compound, it is expressed as a nonlinear function ψ that depends
on the molecular behaviors and the type of bond between molecules. In this work, ψ is defined
as a piecewise function of nCH-molecules like Eq. (3) [17], where Li represents the ith bound
at which a molecule can act over the input space, and φi is the ith molecular behavior in the
forming compound. To this end, if the input domain is in the interval x ∈ [xmin, xmax], then
L0 = xmin and Ln = xmax.
ì j1 ( x ) L0 £ x < L1
ï
¼
y ( x) = í ¼
ïj ( x ) L £ x £ L
n -1
n
î n

(3)

Lastly, an artificial hydrocarbon network is a mixture AHN of a set of compounds interacting
among them in definite ratios named stoichiometric coefficients αm as shown in Eq. (4), where
c is the number of compounds in the mixture, and ψm is the mth behavior of compound in the
mixture [16]. In this work, the artificial hydrocarbon network structure is restricted to be one
compound such that AHN(x) = ψ1(x).
c

AHN ( x ) = åa mψm ( x )
m =1

Figure 1. AHN Algorithm to Create an Artificial Hydrocarbon Network.

(4)
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Chemical heuristic rules for searching and building an optimum artificial hydrocarbon
network with specific carbon and hydrogen values are computed using the so-called AHNalgorithm depicted in Figure 1 (for a detailed description, see for example [21]). Finally,
examples of applications using this technique can be found in literature [20, 22–24].
2.2. Fuzzy-molecular inference system
Fuzzy-molecular inference (FMI) systems are ensembles of artificial hydrocarbon networks
and fuzzy inference systems [15] that consist of three steps: fuzzification, fuzzy inference
engine, and molecular defuzzification. The overall process maps crisp inputs to a fuzzy space,
and resulting values are returned to as crisp outputs using a molecular approach based on
artificial hydrocarbon networks. In addition, a knowledge base stores information about a
specific problem [15].
The basis fuzzy-molecular rule is shown in Eq. (5), where xi is a linguistic variable of the
antecedents in a set of fuzzy partitions, Fi, yf is the variable of the consequent in the fth fuzzymolecular rule, Mj is the j-molecular unit of a linear and saturated hydrocarbon compound
stimulated with the resulting fuzzy implication value of the T-norm Δ.
R f : if D ( x1 Î F1 ,¼, xi Î Fi ,¼, xk Î Fk ) , then y f Î M j

(5)

First at the fuzzification step, the fuzzy-molecular inference system receives an input signal x
also known as the linguistic variable, and it is mapped to a fuzzy value in the range of [0,1].
Then, let F be a fuzzy set and μF(x) the membership function of, F,∀ x ∈ X where X is the input
domain space. Moreover, μF(x) ∈ [0, 1] is a real value representing the degree of belonging to
x into the fuzzy set F. Additionally, this linguistic variable can be partitioned into k different
fuzzy sets Fi. Then, its membership value can be computed over the set of membership
functions μF i ( x ) for all i = 1, …, k. To this end, the shape of the membership functions depends
on the purpose of the problem domain [15].
The second step considers the fuzzy inference engine as a mechanism that computes the
consequent value yf of a set of fuzzy rules that accept membership values of linguistic variables,
as already shown in Eq. (5). If assuming that μΔ(x1, …, xk) is the result of any T-norm function,
then Eq. (5) can be rewritten as Eq. (6), using μΔ as the min function [15].
R f : if D ( x1 Î F1 ,¼, xi Î Fi ,¼, xk Î Fk ) , then

( {

})

y f = j j min m F1 ( x1 ) ,¼, m Fk ( xk )

(6)

Lastly, the molecular defuzzification step computes the crisp output value y as Eq. (7) using
all fuzzy rules of the form as Eq. (6), where μΔf is the fth fuzzy evaluation of the antecedents,
and yf is the fth consequent value for all fuzzy rules [15].
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y=

åm ( x ,,¼,,x ) × y
åm ( x ,,¼,,x )
Df

k

1

Df

1

f

k

(7)

The proper knowledge of the specific problem domain can be enclosed into a knowledge base,
summarizing all fuzzy rules of Eq. (6), assigning any CH-molecule of the compound to each
antecedent [15]. To this end, examples of applications using the FMI system can be found in
literature [15–17, 22, 25].
2.3. Real-time Hermite optical flow
Optical flow (OF) is defined as a two dimensional distribution of “apparent velocities” of the
objects in the scene that in most cases are associated with intensity variations of the objects
into an image sequence [26]. It is represented by a vector field that represents the displacement
of pixels. For example, Figure 2 shows the vector field obtained from frames 43 and 44 of the
camera motion sequence [27].

Figure 2. Optical Flow Representation in a Sequence of Images [19]. (a) Frame 43 of the Camera Motion Sequence. (b)
Frame 44 of the Camera Motion Sequence. (c) Optical Flow Result.

Classical differential optical flow methods assume that the intensity value of the objects remain
constant in two consecutive time instants of an image sequence L(X, t). This assumption was
proposed by Horn and Schunck in 1981 [28] and is known as the constant intensity constraint
like Eq. (8) where X = (x, y, 1)T is the pixel location, W = (u, v, 1)T represents the horizontal and
vertical pixel displacements, respectively, between two images at time t and (t + 1).
L ( X + W , t + 1) - L ( X ,t ) =
0

(8)

If small displacements are assumed, a Taylor expansion is considered; and the optical flow
constraint Eq. (9) is obtained where ∇3L = (Lx, Ly, Lt)T are the derivatives of the intensity image
L(X) in x, y directions and time.
W T ( Ñ3 L ) =
0

(9)
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If only the constant intensity constraint is used, it is not possible to determine the two com‐
ponents of displacement u and v; then, an ill-posed problem is obtained known as the aperture
problem where only the normal component of the motion can be obtained [28]. Therefore, it
needs additional constraints to fully calculate the optical flow. Recent differential optical flow
methods have proposed additional constraints to overcome the aperture problem and to
improve accuracy of the displacement obtained, that is, add local image constraints.
Horn and Schunck [28] proposed the smoothness constraint which assumes that the flow is
smooth, that is, pixels within a neighborhood have similar magnitude and orientation.
Thereby, the optical flow estimation method of Horn can be found minimizing, by an iterative
approach, the energy functional of Eq. (10), where ∇3L = (Lx, Ly, Lt)T , Ω is the image domain,
and α is a smoothness parameter. In most cases, the constant intensity constraint assumption
of Eq. (8) is not fulfilled. Therefore, to overcome this problem, an additional term independent
to intensity change is required. In [29, 30], a constant gradient constraint is proposed as shown
in Eq. (11). A way to represent the most important visual characteristics is using bio-inspired
models as the Hermite transform [31].

ò (W ( Ñ LÑ L )W + a ÑW
T

3

T

3

Ω

2

) dX =0

(10)

ÑL ( X + W ) - ÑL ( X ) = 0

(11)

The Hermite transform is an image model based in a polynomial decomposition from a
perceptual standpoint. This image model emulates the local processing and the response of
receptive fields, for example, the Gaussian derivative model of the human vision system [31,
32]. In fact, it is computed by convolution of the image L(x, y) with the analysis filters Dm,n − m
like in Eq. (12), where Lm,n − m(x, y) are the cartesian Hermite coefficients, m and (n − m) are the
analysis order in the orthogonal directions x and y, and (x0, y0) represents the position of the
sampling lattice S.
Lm , n - m ( x0 ,y0 ) =
¥ ¥

ò ò L ( x,y ) D

m, n - m

( x0 - x, y0 - y ) dxdy

(12)

-¥-¥

n= 0,1,¼, ¥
m = 0,1,L, n
The filter functions Dm,n − m(x, y) are defined by the analysis window v2(x, y)and the polynomials
orthogonal to this window Gm,n − m(x, y) as expressed in Eq. (13). At last, the separable Hermite
filters Dm,n − m(x, y) = Dm(x)Dn − m(y)are defined with a Gaussian v ( x, y ) =

1
σ π

(

exp −

( x 2 + y 2)
2σ 2

) with
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normalization factor for a unitary energy inv2(x, y), as in Eq. (14). Figure 3 shows an example
of the Hermite filters Dn(x) for N = 5 (n = 0, 1, …, N).
Dm , n - m ( =
x,y ) Gm , n - m ( - x, - y ) v 2 ( - x, - y )
Dn ( x ) =

( -1)

n

æ x2 ö
æxö
H n ç ÷ exp ç - 2 ÷
ès ø
2n n! s p
è s ø
1

(13)

(14)

Figure 3. Hermite Filters Dn(x) for N = 5 (n = 0, 1, …, N).

The steered Hermite transform (SHT) can be defined by rotating the cartesian Hermite
coefficients Lm,n − m(x, y) by the angular functions gm,n − m(θ) such that Eq. (15) holds, where
lm,n − m,θ(x, y) are steered Hermite coefficients for the local angle θ, and gm,n − m(θ) expresses the
directional selectivity of the filter as shown in Eq. (16) [33].
ìn
ï ( Lk , n - k ( x,y ) ) ( g k , n - k (q ) ) , m = 0
lm , n - m ,q ( x,y ) = íå
k =0
ï 0,
m>0
î

(15)

ænö
g m , n - m (q ) = ç ÷ ( cos m q )( sin n - m q )
èmø

(16)

The steered Hermite coefficients lm,n − m,θ(x, y) allow to adapt the analysis process to the local
content of the image, for example, using directional Gaussian derivatives filters [34], and the
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angle θ can be estimated by a criterion of maximum energy direction (e.g., the gradient of the
image). Figure 4 shows the steered Hermite coefficients of the House test image [35] for
N = 3 (n = 0, 1, 2, 3).

Figure 4. An Ensemble of the Steered Hermite Coefficients of the House Test Image for N = 3 (n = 0, 1, …, N). [36].

The steered Hermite transform can be used to increase the accuracy of the optical flow by using
a biological image model and by incorporating the steered Hermite coefficients as constraint
independent to intensity changes. In [19], a modified version of Horn and Schunck approach
was proposed. This includes an expansion of the constant intensity constraint and incorporates
the steered Hermite coefficient constraint shown in Eq. (17), where γ is a weight parameter.
N
N
é
ù
L
X
W
L
X
g
l
X
W
ln ,q ( X ) ú =
0,
+
+
+
(
)
(
)
(
)
]
[
å
å
q
0
0
,
n
ê
n =1
n =1
ë
û

(17)

Applying a Taylor expansion of Eq. (17) and reducing terms using the relation
L k = L ( x ), H k

( σx )

[18], it can be obtained the optical flow Hermite constraint equation as denoted

in Eq. (18):
N
é
¶ln ,q ( X ) ù
é
¶L0 ( X ) ù
ú=0
êuL0,1 ( X ) + vL1,0 ( X ) +
ú + g å êuln ,q( m)+1 ( X ) + vln ,q( n)+1 ( X ) +
¶t û
¶t û
n =1 ë
ë

(18)
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Where
N

ln ,q( m)+1 ( X ) = åL( m ) +1, n - m ( X ) × g m , n - m (q ) ,
n =1
N

ln ,q( n)+1 ( X ) = åLm ,( n +1) - m ( X ) × g m , n - m (q ) .
n =1

Figure 5. Pseudocode for the Real-Time Hermite Optical Flow [19].
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Using variational calculus, the corresponding Euler–Lagrange equations computed are like in
Eqs. (19) and (20) where L 0t ( X ) =

∂ L 0( X )
∂t

, ln,θt ( X ) =

∂ ln,θ ( X )
∂t

, and ∇2u represent the Laplacian of

u. To this end, Figure 5 shows the pseudocode for the real-time Hermite optical flow (RT-HOF)
iterative solution by Gauss–Seidel.
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3. Nature-inspired and intelligent controller for robot navigation
As stated above, this work proposes a nature-inspired and intelligent controller for navigation
of mobile robots constrained to a single vision-based sensor, like Figure 6. In fact, this artificial
organic controller consists of a fuzzy-molecular inference system as the control strategy (i.e.,
using a hybrid fuzzy inference system with artificial hydrocarbon networks), and a motion
feedback from a single vision-based sensor that processes image sequences using the real-time
Hermite optical flow approach. Following, main components of the artificial organic controller
are described.

Figure 6. Block Diagram of the Proposed Artificial Organic Control.
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3.1. Control law based on a Fuzzy-molecular inference system
Consider a mobile robot with a single vision-based sensor, for example, a video camera, which
it can move around a flat environment. If the environment consists of static and dynamic
obstacles, the aim of the motion controller is to avoid obstacles as well as to move the robot in
a proper way.
In that sense, the robot perceives the environment through the camera, obtaining relative
displacements of the objects in front of the robot (see Section 3.2) in two axes: horizontal (û)
and vertical (v^ ). Then, these relative displacements are used as inputs to the robot controller,
as shown in Figure 6. In particular, the control law is proposed to be implemented using the
fuzzy-molecular inference system as follows:
3.1.1. Fuzzification step
The design of this step considers selecting the set of inputs to the controller. As described
above, two inputs are used: relative horizontal displacement û and relative vertical displace‐
ment v^ . Fuzzification also requires partitioning the domain space into k fuzzy sets {F1, …, Fk}
with their corresponding membership functions {μF 1(u^ ), … , μF k (u^ )} for input û and

{μF (v^ ),
1

… , μF k (v^ )} for input v^ . For example, fuzzy partitions for û can be: “negative,” “zero,”

and “positive”. Notice that the number of fuzzy sets k might be different for each input. It is
remarkable to say that the membership functions should be selected accordingly.
3.1.2. Fuzzy inference engine step
This step requires the definition of fuzzy rules with respect to the goal of the controller. Notice
that the consequent values yf in Eq. (6) are computed using the molecular behavior φj of the
molecule Mj assigned to that specific rule Rf. Thus, a set of CH-molecules has to be defined (see
below).
3.1.3. Molecular defuzzification step
The last step of the proposed controller considers the computation of the control signal y that
has to be selected in order to activate the associated actuator in the robot, for example, the
direct current motor coupled to wheels. For instance, if the mobile robot has a differential
mechanism with two wheels, then two DC motors are coupled, for example, left motor (yL)
and right motor (yR). Thus, defuzzification step uses Eq. (7) to compute yL and yR, and a set of
CH-molecules defined for each output signal (yL and yR).
As restricted in previous section, the set of CH-molecules are arranged in a linear and saturated
hydrocarbon compound like Eq. (2). Thus, it is required to set the number of molecules n in
the compound, the set of hydrogen atoms Hi for each molecule, the carbon value σ for each
molecule, and the set of bounds Li at which the molecules act. Refer to Eqs. (1) to (4) if needed.
As an example, Figure 7 shows a typical representation of the artificial hydrocarbon compound
[15, 16] so-called structural formula, where H values represent the hydrogen values, exponent
values at C’s represent carbon values, and L values are the bounds of molecules.
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Figure 7. Example of the Structural Formula Representation of an Artificial Hydrocarbon Compound.

3.2. Motion feedback using the RT-HOF approach
A vision-based sensor is proposed to use in mobile robots in order to retrieve motion feedback.
In particular, a video camera located in front of the robot can be used. For instance, two adjacent
images are obtained. Then, the real-time Hermite optical flow algorithm is used to compute
relative displacements of objects between the two images. This procedure outputs a map of
displacements. Since the relative displacements in the map are two dimensional vectors,
decomposition in horizontal (u) and vertical (v) axes is computed for each displacement vector.
To this end, the mean value per axis of all decompositions is calculated, obtaining the relative
mean horizontal displacement and the relative mean vertical displacement values, û and v^ ,
respectively.
If one object at the time is in front of the video camera, then û represents the mean displacement
of the object relative to the horizontal perspective of the image, that is, the displacement of the
object from left-to-right or right-to-left in front of the robot, and v^ represents the mean
displacement of the object relative to the vertical perspective of the image, that is, the dis‐
placement of the object from near-to-far or far-to-near the robot. Thus, both û and v^ values can
be employed as motion feedback of the robot and inputs of the proposed controller.

4. Implementation on navigation mobile robots
This section introduces the case study employed for implementing and validating the pro‐
posed artificial organic controller based on the FMI system and the RT-HOF approach for
motion feedback. First, a description of the robotics system is presented. Then, the design of
the particular artificial organic controller is shown. Lastly, it describes the process of calibration
of the motion feedback system.
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4.1. Description of the robotics system
The robotics system used in this case study is based on a previous work reported in [19]. The
mobile robot was implemented with the LEGO Mindstorms EV3 as both the mechanical and
the electrical platform because it is easy and practical to use. The robot was built as tank
configuration using two direct current (DC) motors and two rubber bands as actuators, and
the robot was planned to be in a differential steering configuration. Also, a webcam was
mounted on the robot to be used as the single vision-based sensor. For experimental purposes,
the intelligent brick of the LEGO Mindstorms EV3 set was used as the interface between the
mobile robot and a computer with MATLAB. The latter was employed to compute the control
of the whole system. Both the webcam and the intelligent brick communicated with the
computer via USB. Figure 8 shows a diagram of the robotic system [19]. The technical speci‐
fications of the robotic system are summarized in Table 1.

Figure 8. Schematic of the Robotic System Used in the Case Study Based on [19].

Component

Description

Webcam sensor

1.3 M pixels, 1280 × 1024 max resolution

DC motor actuators

9V-input, 0.55A-nominal, 2.03 W mechanical power,
4.95 W electrical power, 160 rpm max nominal

USB communication

9600 baud rate

Windows-based workstation

Intel Xeon Six-Core Processor 2.6 GHz, 32 GB RAM

Table 1. Technical Specifications of the Robotic System [19]
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4.2. Design of the artificial organic controller
The fuzzy-molecular inference system-based controller was developed using the methodology
described in Section 3. Two inputs were selected as follows: relative mean horizontal dis‐
placement û and relative mean vertical displacement v^ . Also, the input domain space was
partitioned in three fuzzy sets for each input like: “negative” (N), “zero” (Z), and “positive”
(P). The proposed membership functions for both inputs û and v^ are depicted in Figures 9 and
10, respectively.

Figure 9. Input Membership Functions of u.

Figure 10. Input Membership Functions of v.

In addition, Table 2 shows the set of fuzzy rules to this artificial organic controller, and
Figure 11 shows the artificial hydrocarbon compound developed for this case study. Notice
that there are three CH-molecules representing “move-backward” (MB), “stop-motion” (MS),
and “move-forward” (MF), and two identical compounds are used, one for each wheel in the
robot.
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u^

v^

yL

yR

N

N

MF

MS

N

Z

MF

MF

N

P

MS

MF

Z

N

MF

MS

Z

Z

MF

MF

Z

P

MS

MF

P

N

MF

MB

P

Z

MF

MF

P

P

MB

MF

Table 2. Set of Fuzzy Rules Used in the Artificial Organic Controller

Figure 11. Structural Formula of the Proposed Artificial Hydrocarbon Compound.

4.3. Calibration of the motion feedback
Previous work [19] proved that the real-time Hermite optical flow algorithm (Figure 5) can be
used in soft and hard real-time frameworks, arising the opportunity to employ this technique
in mobile robots.
In fact, the motion feedback system implemented in this work acquires images at 100ms of
frame rate. Then, a pair of two adjacent images are analysed using the real-time Hermite optical
flow algorithm of Figure 5. A map of the displacements is then obtained showing where objects
in images are moving. In particular, an automated segmentation is done in order to get only
the displacements that reach an empirical threshold, assuming that dynamic obstacles perform
displacements greater than this threshold. For this case study, a threshold value of T = 1.0 was
selected, using trial-and-error. Additionally, this case study supposes that one obstacle at most
is in front of the robot and restricts the visual region of the robot at the centre of the frames
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(i.e., frames are divided in three vertical regions, selecting the central one). Later on, the
automated segmentation finds the dynamic obstacle and computes its local displacements. To
this end, the robotics system computes the mean values ûand v^ , as described in Section 3.2.

5. Experimental results
In order to validate the performance of the proposed controller, three tests were conducted
about the actions taken from the mobile robot when dealing with dynamic obstacles. In
addition, a comparison between the proposed controller and a rule-based controller previously
developed in [19] was run. In the following section, these experimental results are summarized.
5.1. Tests on avoiding dynamic obstacles
This experiment consisted on steering the robot when dynamic objects are across the vision
range of it. In particular, the robot avoids the obstacle in the opposite direction of its movement.
In that sense, the proposed artificial organic controller is able to compute the relative dis‐
placement of the obstacle with respect to the robot, and then, the nature-inspired control
strategy could calculate the power supply offering to the two motors, independently.
In advance, three tests were conducted. The first test considered the dynamic object (i.e.,
another robot) to move from left-to-right perpendicular to the direction of the robot, expecting
that the robot steers to the left. The second test consisted in the same dynamic object, but
moving from right-to-left perpendicular to the direction of the robot, expecting that the latter
moves to the right. Finally, the third test considered a dynamic obstacle moving in a perpen‐
dicular direction with respect to the direction of the robot. Tables 3 to 5 summarize the mean
relative horizontal û and vertical v^ displacements computed with the RT-HOF algorithm, the
output power supplies for both motors, left yL and right yR, in the robot, and the interpretation
of the steering direction of the robot. In addition, Figures 12 to 14 show the trajectories obtained
from the artificial organic controller in the robot during the three tests.

u^

v^

yL

yR

direction

0.00

0.00

15.1

15.1

straight

1.73

0.88

-15.1

15.1

left (fast)

1.22

2.09

-15.1

15.1

left (fast)

1.01

-0.03

0.0

8.7

left (slow)

0.00

0.00

15.1

15.1

straight

Table 3. (Left-to-Right Test) Inputs and Outputs Values of the Artificial Organic Controller
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u^

v^

yL

yR

direction

−2.34

-0.64

15.1

0.0

right (slow)

−0.86

-0.53

8.0

−0.2

right (slow)

−0.26

-1.18

4.2

4.5

straight

0.11

0.61

9.5

9.2

straight

−1.01

-0.36

15.1

0.0

right (slow)

-0.56

-0.26

1.3

0.2

stop

Table 4. (Right-to-Left Test) Inputs and Outputs Values of the Artificial Organic Controller

u^

v^

yL

yR

direction

−1.39

0.28

15.1

−15.1

Right (fast)

−0.24

0.23

4.7

5.2

Straight

0.28

0.16

2.8

2.3

Straight

−0.48

0.22

1.2

0.3

Stop

−1.29

0.90

15.1

−15.1

Right (fast)

Table 5. (Diagonal Test) Inputs and Outputs Values of the Artificial Organic Controller

Figure 12. Test 1 (Left-to-Right): Trajectory Response of the Artificial Organic Controller.
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Figure 13. Test 2 (Right-to-Left): Trajectory Response Of The Artificial Organic Controller.

Figure 14. Test 3 (Diagonal): Trajectory Response of the Artificial Organic Controller.

Observing at Figures 12 and 13, the correction of the direction is done fast in the robot while
looking the dynamic obstacle in front. Reactiveness in the third test (Figure 14) is quite lower
than in the first two tests. Currently, the robot can avoid obstacles in all situations. As an
example, Figure 15 shows the visual range of the robot and the relative displacements obtained
from the RT-HOF algorithm.
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Figure 15. Example of the Visual Range of the Robot and the Relative Displacements Obtained from the RT-HOT Algo‐
rithm.

5.2. Comparison of mobile robot navigation controllers
An inspection comparison was also done in order to highlight advantages and limitations on
the performance of the proposed artificial organic controller. In fact, the controller in the
previous work [19] reported a rule-based controller. Figures 16 to 18 show the response of the
avoidance obstacles in the same configuration of tests: Dynamic object moves from left-toright, from right-to-left and in diagonal, respectively.

Figure 16. Test 1 (Left-to-Right): Trajectory Response of the Rule-Based Controller [19].

A Novel Artificial Organic Controller with Hermite Optical Flow Feedback for Mobile Robot Navigation
http://dx.doi.org/10.5772/62466

Figure 17. Test 2 (Right-to-Left): Trajectory Response of the Rule-Based Controller [19].

Figure 18. Test 3 (Diagonal): Trajectory Response Of The Rule-Based Controller [19].

First, the new artificial organic controller has better performance in terms of time reaction.
Using the rule-based controller, the robot reacts in large time with respect to the distance of
the dynamic object. It also considers a slow action that can be seen in the curvature of the
depicted trajectory, and the robot does not return to the main direction (once the direction is
corrected, the robot does not go back to the previous direction). The latter might be a disad‐
vantage in the overall time of navigation, and the orientation of the robot could be lost.
On the other hand using the proposed artificial organic controller, the robot reacts in short
time with respect to the distance of the dynamic object. In addition, once the steering is
performed, the power supply to the wheels is recovered to the initial power. Moreover, the
action is done fast (in contrast with the other controller) and the direction of the robot comes
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back close to the initial orientation. As an advantage, this controller might be used to surround
dynamic obstacles that can minimize the overall time of the performance.
It is remarkable to say that the rule-based controller is a reactive approach in contrast to the
deliberative approach performed with the artificial organic controller. From the perspective
of agents systems, deliberative approaches can deal with uncertainty, imprecise, and noise in
a suitable way [37]. In addition, the artificial organic controller can be more scalable, reliable,
and easy to understand. In advance, using the hybrid fuzzy-molecular inference system gives
an easy way to tune and interpret the performance of the controller, in comparison with the
rule-based controller. Lastly, learnability is allowed in the proposed controller.

6. Conclusions
This chapter presents a novel artificial organic controller for mobile robot navigation, based
on a hybrid fuzzy-molecular inference system as the nature-inspired control strategy and a
single vision-based motion feedback using the real-time Hermite optical flow approach.
In fact, this artificial organic controller proposed the fuzzy-molecular inference system because
it inherits characteristics from fuzzy inference systems like storage of knowledge from experts,
dealing with uncertainty, and linguistic interpretation; but also from artificial hydrocarbon
networks method that allows packaging information in molecular units, organizing of
information, and dealing with aggressive uncertainty and noise. In addition, this proposed
controller uses a real-time Hermite optical flow approach.
Experimental results showed that the proposed artificial organic controller can avoid dynamic
obstacles. In addition, the comparison with a rule-based controller highlights that the proposed
controller is easy to implement and to understand. Also, it is scalable and reliable in terms of
uncertainty, imprecise, and noise.
For future work, this research is looking for implementing a learning mechanism in the
artificial organic controller in order to automate the adaptation to the environment, and
membership functions could be tuned automatically. To this end, complex environments
should be tested to improve the real-time Hermite optical flow algorithm.
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