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Abstract

This article describes a simulation model in which a multi-objective approach is utilized
for evolving an artificial neural networks (ANNSs) controller for an autonomous mobile robot.
A mobile robot is simulated in a 3D, physics-based environment for the RF-localization
behavior. The elitist Pareto-frontier Differential Evolution (PDE) algorithm is used to
generate the Pareto optimal set of ANNs that could optimize two objectives in a single run;
(1) maximize the mobile robot homing behavior whilst (2) minimize the hidden neurons
involved in the feed-forward ANN. The generated controllers are evaluated on its
performances based on Pareto analysis. Furthermore, the generated controllers are tested
with four different environments particularly for robustness assessment. The testing
environments are different from the environment in which evolution was conducted.
Interestingly however, the testing results showed some of the mobile robots are still robust to
the testing environments. The controllers allowed the robots to home in towards the signal
source with different movements’ behaviors. This study has thus revealed that the PDE-EMO
algorithm can be practically used to automatically generate robust controllers for RF-
localization behavior in autonomous mobile robots.

1. Introduction

This article describes a set of simulation in which an Evolutionary Robotics (ER) method
is used to automatically design the robot controller through the artificial evolution for a
minimalist mobile robot; so called Khepera for the RF-localization homing behavior.

A numerous studies have been carried out in the ER optimization technique in generating
complex robot controllers for the required behavioral, such as phototaxis, phonotaxis and
obstacle avoidance task [2, 5, 8-10, 21, 23, 31, 35, 36]. However, most of the hybridized
evolutionary algorithm and artificial neural network (ANN) used in the ER studies are still
suffer from its limitation compared to the hybridized Pareto-frontier Differential Evolution
Multi-objective Optimization (PDE-EMO) algorithm and feed-forward ANN used in this
studies.

With respect to the other ANN studies [1, 2, 5, 8-13, 16, 20-23, 31, 35, 36], the PDE-EMO
application is advantageous compared to some of the conventional algorithms, such as
backpropagation, conventional GAs, and Khonen SOM network. As literature reviewed, the
number of hidden neurons used in multi layer perceptrons and number of cluster centers in
Kohonen's SOM network need to be determined before training. Meanwhile, the traditional
learning methods for ANNs such as backpropagation usually suffer from the inability to
escape from local minima due to their used of gradient information. In additional, a set of
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unpredictable size of huge normalized input and output data samples are preliminary
requested before the training. In such reasons, the PDE-EMO application is more advantages
compared to the discussed ANNSs studies. Furthermore, EMOs are able to solve two or more
conflict objectives in a single evolutionary process compared to the conventional GAs [3, 4].

The research of radio frequency (RF) signal localization has yet to be studied in ER. It is a
term that refers to an alternating current that having characteristics such that, if the
current is an input to an antenna, an electromagnetic field is generated suitable for
wireless broadcasting and/or communications used [19, 27, 30]. The RF signal source has
provided the capability for improvement in tracking, search and rescue efforts. As such, the
robots that are evolved with RF-localization behaviors may potentially serve as an ideal SAR
assistant.

In this study, the elitism Pareto Differential Evolution (PDE) is used as the primary
evolutionary optimization algorithm. There are two distinct objectives to be optimized: (1)
maximize the robot's RF signal source localization behavior, and (2) minimize the complexity
of the neural network in term of number of hidden neurons used. In our previous studies [25],
it was clearly shown that elitism helps in producing better controller behavioral and the elitist
PDE-EMO algorithm used has been successfully generated the required robot controller
behavior. However, robustness was not the primary focus in that study. Therefore, further
experiments were conducted in order to test the robustness of this approach and the
experimentation results are presented next in this study.

The PDE-EMO used was presented during 2001 and 2002 [17, 18]. In some
researchers mind, it might be a pitfall in discussing the PDE-EMO application when we
are in 2008 with ignored recent proposals EMO techniques such as GDE3, NSGA-II,
and SPEA2 [14, 15, 24]. However, a presented research work showed the PDE-EMO
was successfully generated the required abstract legged robot controllers [20-22]. Thus,
it might be an advantageous in reducing our research risks since other EMOs techniques
have never been applied and discussed in ER study. In addition, we attempt to
investigate the comparison of generated controllers’ performances in an ER viewpoint,
instead of multi-objective metaheuristics and quality indicators such as generational
distance, hypervolume, etc. since these have already been analyzed thoroughly in other
EMO studies [14, 15, 24].

In this paper, the testing environment used is more complex compared to our
previous study. There are four different environments used to test the generated robot
controller’s robustness, namely Maze O, Maze T, Maze 8 and Maze -S-. The
environment complexity is increased according to the number of the obstacles used in
the mazes. Maze O involved only one obstacle, followed by two obstacles in Maze T.
There are three obstacles involved in Maze 8 and five obstacles involved in Maze -S-.
In our experiment, the robot must successfully find another way to track the signal
source and home in towards the signal source as fast as possible even the testing and
evolution environments are different. Furthermore, the PDE-EMO algorithm used also
must able to minimize the number of hidden neurons used in evolving the robot
controllers.

This paper is organized as follows. The first section explains the methodology used
during evolution. Second section describes the evaluation functions used during
optimization. Third section discusses the experimental setup used. Fourth section
depicts the evolution results. The fifth section presents the conducted testing results.
Conclusions and future trends are lastly presented.
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2. Methodology

2.1. ANN Representation

Traditionally, the term neural network is referred to a network or circuit of biological
neurons [33]. Modern usage of neural network is referred to Artificial Neural Networks
(ANNSs). ANNSs also named as Simulated Neural Network (SNN) or commonly called as
neural network (NN) [33]. The ANNs are made up of interconnection of artificial
neurons from a set of constructed executed file through programming language that
mimic the properties used in biological neurons [33]. Normally, ANNs used to solve
artificial intelligence problem without necessary creating a set of real biological model
[21, 25, 33]. Neural networks are widely used for classification, approximation,
prediction, and control problems [2, 5, 8, 9, 10, 11, 13, 25, 33]. In more practical, the
ANNs are defined as non-linear statistical data modeling and decision making
paraphernalia [33]. Based on biological analogies, neural networks try to emulate the
human brain’s ability to learn from examples, learn from incomplete data and especially
to generalize concepts [33].

General NN is composed of a set of nodes connected by weights. The nodes are
partitioned into input layer, hidden layer and output layer [20, 21, 22, 33]. The neural
network normally learns the behavior that required after optimization processes. A
numerous of NN types are available such as feedforward NN, Radial basis function
network, Kohonen SOM network, recurrent network, stochastic NN, etc [33]. The feed
forward NN was the first and simplest type of ANN devised [33]. In this network, the
information moves in one direction, forward from the input nodes through the hidden
nodes and to the output nodes. There are no cycles or loops involved in the network. In
this research work, the feedforward NN is utilized during the learning processes. The
utilization of feedforward NN is more advantageous compared to other NN due to the
special features such as easy to construct, less computation time taken, and accurate
used during learning processes and more importantly, feedforward NN is the most
common used NN for all of the researches especially for the utilization in preliminary
experiment [2, 5, 8,9, 10, 11, 13, 20, 21, 22, 25, 33].

In this research, the experiments are conducted with a Khepera robot [26]. The
Khepera robot is integrated with 8 infrared distance sensors, 1 RF receiver and 2 wheels.
The infrared distance sensors and RF receiver are presented as input neurons to the
ANN while the speed of the robot’s wheels represents the output neurons from the ANN.
A feed-forward neural network is used as the neural controller for the robot. The
chromosome in this experiment is a class that consists of a matrix of real numbers that
represents the weights used in the ANN controller. The binary number for the hidden
layer represents a switch to turn a hidden neuron on or off. Figure 1 below depicts the
morphogenesis of the chromosome into the ANN architecture.
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Figure 1. The morphogenesis’s representation. The neural network involved
9 input neurons from 8 infrared distance sensors and a receiver while the output
neurons represent the robot’'s wheels speed.

2.2. The PDE-EMO

The task for finding more than one optimum solutions in an optimization problem is
known as multi-objective optimization. It has been well known that EMO is
outperformed the conventional GAs or single objective optimizer either in diversity or
convergence perspectives [3, 24]. The PDE-EMO is utilized in this study. It is a
combination among the Pareto-based selection with differential evolutionary algorithm
in EMO approach. In general, DE differs from a conventional GA in a number of ways.
The number of vectors used for the crossover operation is the main difference. In DE,
three vectors are utilized for the crossover, where one of the selected non-dominated
parents serves as the base vector to which the difference between the other two parents’
vectors is added to form the trial vector. Then, the new trial vector will replace the
randomly selected base vector only if it is better [33]. The vector selection skill used in
the algorithm for high behavior’s fitness score with less number of hidden neurons used
during the optimization processes is able to maximize the robot behavior whilst
minimize the neural network complexity in the evolution process.

A multi-objective problem which solves two objectives simultaneously is utilized in
this research work with: (1) maximize the RF signal source homing behavior whilst (2)
minimize the number of hidden units used in the neural controller. The Pareto-front
thus represents a set of networks with different numbers of hidden neurons and different
numbers of homing behaviors. A complete set of PDE-EMO algorithm is readily
available from our earlier reports [25]. A comparison among elitism and non-elitism has
already been carried out in our previous research [25] to verify the argument pointed
out in [34] but with regards to an ER perspective. Thus, we observed that, the elitism is
encouraged to be use in the ER application and we will not discuss this algorithm again
which is used in this paper. Interested readers are encouraged to read the original
publication from [17, 18, 32] and further review our extended report [25] for an in-
depth description.
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3. Evaluation Function

A number of preliminary tests had been carried out in order to obtain a suitable fitness
function for the Khepera robot RF-localization behavior. As a result, a combination of several
criteria into one fitness function is proposed from the preliminary experimentation results.
The fitness function comprises of terms that demonstrate obstacle avoidance behaviors,
maximize the average speed of the robot’s wheels, maximize the robot wheels speed and
lastly maximize the robot RF-localization behavior. The formulation of the fitness function is
as follows:

T
|:1=T12(1—i)SVWLWR (1)
m=0
0<(1-1<1
S =[1,50]
0<Vv<i
0<W W, <1
!
F=2 H, @
i=0
Where F represents the fitness function, T = simulation time, i = highest distance sensor

activity, V = average speed of wheels, S = signal source value, W, = left wheel speed, Wr =
right wheel speed and H = hidden neuron used, with i = 1..15 representing the number of the
corresponding hidden neuron. The F; represents the fitness function used for maximizing the
robot’s behavior in homing towards the signal source whilst F, represents the second
objective which is minimizing the neural network complexity.

The fitness values from F; are accumulated during the life of the simulated robot and
then divided by the simulation time. The obstacle avoidance characteristic is one of the
most important components in the experiment since the Khepera robot is evolved with
the initial orientation of facing away from the signal source. Thus, the controller always
has to first evolve a behaviour to avoid crashing into the opposite wall that it starts
facing towards before it can home towards the RF signal source. The second important
component is the S component in the F; function, where the Khepera robot must locate
the source properly and attempt to stay in the source area if possible. The other
components are used to avoid the robot from evolving to achieve the target but without
a spinning movement that uses more time to localize towards the signal source. F;
represents the numbers of hidden neurons required and are used to reduce the
complexity of the neural structure of the robot’s controller.

4. Experimental Setup

A physics-based simulator namely WEBOTS is used in the experiment for simulating the
Khepera robot behavior. The standardized virtual Khepera robot model is readily available for
use in the simulator. The WEBOTS simulator has an advantage in that random noise as
occurring in real Khepera robots is included for all the distance sensors and robot wheels [6,
7, 28, 29]. Thus, the robot may have slightly different responses even when the same weights
and inputs from the environment are used. This is highly advantageous since the simulation
results represent the real-life functioning of a physical robot and more importantly, the
evolved controllers are directly transferable to a real physical robot [6, 28, 29].
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In the preliminary experiment, a Khepera robot is located in a particular position on a
ground with four walls. All of the walls are 30mm in height. The area of the ground covered is
1m”. The Khepera robot is located somewhere on the ground and facing the nearest wall. A
receiver is located to the top of the Khepera robot. It acts as a device which can receive any
signal that comes from an RF emitter. An emitter is modeled as a device that can send RF
signals at every time step. The receiver can only detect the signal if it is within the range of
emitter source; otherwise no signal is detected. The emitter source used is a radio type with
buffer size 4096 and byte size 8 with signal range of 0.3m. It is located as a static emitter near
to the center of one of the walls and to the back of the Khepera robot. The experimental setup
for the preliminary evolution is depicted in Figure 2 whilst Table 1 represents the parameters
used in simulating the robot controller.

o

Signal
Source area

Khepera
Robot ¥ 92
Robot's
Direction

Figure 2. Basic experimental setup.

Table 1. Parameters used for simulation.

Descriptions Parameters
Number of Generation 100
Population Size 30
Simulation Time Steps 60s
Crossover Rate 70%
Mutation Rate 1%
Number of Hidden Neurons 15
Number of Repeated Simulations 10
Algorithm Used Elitist without archive PDE-EMO
Random Noise Feature Activated

Our previous studies have clearly shown that the optimum solutions could be generated
with all of the parameters used as shown in Table 1. In this study, the generated controllers
were tested for their robustness with four different benchmarked environments. The
environments used during testing phases were named as O-Maze, T-Maze, 8-Maze, and S-
Maze. A Khepera robot and an emitter with 0.3m radius used were utilized during the testing
phases. The emitter was positioned statically at the top left corner of the ground in the O-
Maze testing environment whilst the Khepera robot was positioned at the bottom right corner
of the ground opposite to the emitter and facing 315° to the emitter. An obstacle with 0.3m
length x 0.3m width x 0.03m height was located statically in the middle of the ground. Two
obstacles were included in the T-Maze environment instead of one in the O-Maze
environment in order to increase the testing environment’s complexity. The obstacles covered
0.6m length x 0.7m width x 0.03m height of the ground. Thus, each of the obstacles was
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dimensioned with 0.3m length x 0.7m width x 0.03m height. One obstacle was positioned at
the bottom left of the ground whilst the other obstacle was located at the bottom right of the
ground. The emitter was positioned statically at the top left corner of the ground whilst the
robot was positioned at the bottom middle of the ground which was the center between both
of the obstacles. Figure 3 below depicts the Maze O and Maze T environments used during
testing phases.

Maze O Maze T
Big round shape represents the signal source area, while small circle with an arrow
represents robot and it's direction with respectively. Boxes represent obstacles.
Figure 3. Maze O and Maze T environments used during testing phases.

The third testing environment used was named as the 8-Maze. Similar to the O-Maze and
T-Maze, an emitter and a Khepera robot were utilized in the test. The emitter was positioned
statically at the top left corner of the environment and the Khepera robot was positioned
opposite with an angle of 0° to the emitter. There were three obstacles involved in the 8-Maze
environment. Two obstacles were positioned at the top right corner and bottom left corner of
the ground, respectively. The third obstacle was positioned at the middle of the ground,
between the emitter and the Khepera robot, particularly to block the most common paths for
the robot used to track for the signal source. The S-Maze testing environment covered 2m?
instead of 1m?. It provided a larger search space for the robot to home in towards the signal
source due to its environmental complexity. Figure 4 below depicts the testing environments

used in Maze 8 and Maze —S-.
L _|' -
L ]

Maze 8 Maze -S-
Big round shape represents the signal source area, while small circle with an arrow
represents robot and it's direction with respectively. Boxes represent obstacles.
Figure 4. Maze 8 and maze -S- environments used during testing phases.

Each of the Pareto solutions were utilized during the testing phases and each of the
controllers were tested 3 times in the tests. The evolution and testing results were collected
and tabulated. The evolution results are further discussed as below.

5. Evolution Results

There were 2 out of 10 failed repeated simulations. The failed results were caused by
inconsistent robot movement behaviors in tracking the signal source. The successful
simulation results showed the number of hidden neurons used was successfully minimized
due to the utilization of PDE-EMO algorithm. Some of the successfully evolved solutions
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utilized only very few neurons out of the permissible 15 neurons. Thus, the evident has
proofed that PDE-EMO algorithm successfully reduced the number of hidden neurons used in
evolving the robot controllers, thereby reducing the computational requirements considerably.
Furthermore, the optimum solutions were successfully maintained due to the utilization of
elitism in the PDE-EMO algorithm. Figure 5 depicts the obtained local Pareto-fronts from the
10 repeated evolutionary runs as well as the overall global Pareto-front whilst Table 2 lists the
global Pareto solutions found.

Pareto Curve for All of the Repeated Simulations
Fitness Scores

150

@ F-——r"
150 _,ffy{’—/'
” /_//_
¢ .’;..3:—1!5678910111213141516
Hidden Neurons
Figure 5. Collected simulation results. The local and global Pareto-frontiers for all of
the generated controllers from repeated simulations are illustrated. Dark double
dotted-line represents the global Pareto solutions.

Table 2. global pareto obtained

No Fitness Scores No. of Hidden Neurons
1 109.9 1

2 195.15 2

3 304.16 4

4 388.95 10

Figure 5 shows the generated controllers were able to be evolved with successfully.
Figure 5 also shows the global Pareto-front of solutions found at the last generation
utilized very few hidden neurons. The evidence is further proved in Table 2. There were
a total number of four global Pareto solutions found. The solutions involved the
utilization of 1, 2, 4, and 10 hidden neurons out of permissible 15 hidden neurons. This
shows that the ANN complexity was able to be minimized due to the utilization of the
PDE-EMO for evolving the robot controllers since fairly successful controllers could be
produced using only 1, 2, 4, and 10 hidden neurons only. These controllers allowed the
robots to home in towards the signal source area even with least complex controller that
utilizes only a single hidden neuron

6. Testing Results

Tests were conducted for all of the generated controllers to verify their ability in tracking
the signal source robustly. The testing results showed most of the individuals were able to
achieve the target with very few hidden neurons used. There were many different results
obtained from the experiments. A comparison of the time taken and success rate was
conducted for all of the generated robot’s controllers. Each of the evolved controllers was
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tested with the same environment setting as that used during evolution for 3 times. The
comparison of the tested controllers is depicted as Figure 6 below.

Average Success Rate & Time Vs Controllers
Average Success Rate (%) & Time (s)

120
=—#=Successful Rate  —fll=Time Taken
100 -
80
60 -
40
20
[t}
~ s » o e A % w P e
s}@‘
Controllers

Figure 6. Comparison of average successful rate and time taken for all of the
generated controllers from the 10 repeated simulations.

Figure 6 clearly shows some of the controllers were able to home in towards the
signal source successfully, although two out of ten evolved controllers failed to display

the required behaviors during testing phases. Figure 7 represents the robot movements
after the tests performed.

Figure 7. Robot movement obtained from testing results.

The testing results showed the evolved robot controllers learned to home in towards
the signal source with straight line movements. Furthermore, each of the best evolved
controllers was tested their robustness with the different environmental setting as that
mentioned before in the experimental setup section. Table 3 depicts the average time
taken and success rate of the comparison testing results.

39



International Journal of Hybrid Information Technology
Vol. 2, No. 1, January, 2009

Table 3. Comparison of testing results during robustness tests.

Testing environment Success rate (%) | Time Taken (s)
Original/Preserved 67.78 11.668

Maze O 45.67 28.781

Maze T 40.33 30.544

Maze 8 18.67 55.67

Maze -S- 9.79 58.73

The comparison results showed the robots were not as robust as expected to the
testing environment when tests were performed in the -S- Maze. The testing result
clearly showed that the inclusion of obstacles into the testing environment might affect
the generated controller’s performance. The robot almost failed to explore and track for
the signal source in the most complex environment, which is the -S- Maze. Some failed
results showed that the robot failed during the testing phases due to its movement
behavior. The robot might fail to home in towards to the signal source if it had learned
to navigate using circling movements. It might also only explore in a small corner on
the ground during the testing phases. Furthermore, the testing results also showed that it
was difficult for the robot to explore for the signal source in an environment with more
obstacles, which is different from the results obtained in phototaxis studies. The light
intensity is provided in phototaxis studies. Thus, it reduced the environment’s
complexity during testing phases. Hence, the experiments performed with RF-
localization are thus more complex and difficult compared to phototaxis. The robot
must firstly do efficient exploration of the ground for the signal source. Otherwise, no
signal source will be detected by the receiver. Figures 8 and 9 below show the failed
robot movements as well as successful robot movements obtained during testing

respectively.

Figure 8. Obtained failed results during testing phases.

Figure 9 shows the robot might robust to the different environments used during testing
phases. However, the performance of the generated controllers might reduce due to the
complexity of the environment used during testing phases. The robot might home in towards
the signal source with successfully if the robot learned to navigate with straight forward at
maximum speed in exploring the signal source. Furthermore, the robot must flawlessly learn
the obstacle avoidance behavior in order to avoid from bumping to the detected walls during
exploration. The success rate could be higher if extra testing time provided for the robot to
explore for the signal source.
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Maze -S-

Boxes represent obstacles
Big sphere/semi-sphere represents signal source area
Small round object with arrow represents robot and its direction

Figure 9. Testing results obtained during testing phases.

7. Conclusion and Future Research

As a conclusion, this study has shown that the PDE-EMO algorithm used could
successfully produce controllers with RF- localization behaviors while minimizing the
complexity of the evolved controllers. It was observed that even controllers with only 1,
2, 4 and 10 hidden neurons could perform the task successfully. Nevertheless, the
average testing success rate was slightly low when the tests performed with different
environments. This happened because some of the controllers were limited to turn to
either the left or right side to avoid from bumped to the wall. In additional, the RF-
localization behavior is more complex/challenging compared to the other task such as
phototaxis and box pushing. Because the robot can only sense the signal source if and
only if the robots have successfully track the signal source.

The incremental evolution approach may be considered to be used in the evolution
process to start the evolution of robot controllers to perform additional new tasks with
best individuals obtained from the previous task evolution. The fitness function used
plays an important role in evolving the robot controller, which is not something trivial
to design. Hence, a co-evolutionary approach might also be beneficial in more complex
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environments where a suitably successful fitness function may be hard to identify
manually.

8. References

[1] A. Billard and S. Schaal, “A Connectionist Model for Online Robot Learning by Imitation”, In
Proceedings of 2001 IEEE International Conference on Intelligent Robots and Systems, 2001.

[2] A. Horchler, R. Reeve, B. Webb, and R. Quinn, “Robot phonotaxis in the wild: a biologically inspired
approach to outdoor sound localization”, Journal in Advanced Robotics, 18(8):801-816, 2004.

[3] C. A. Ceollo Ceollo, “Recent trends in evolutionary multiobjective optimization: theoretical advances
and applications”, London:Springer-Verlag, 7-32, 2005.

[4] C. A. Ceollo Ceollo, T. P. Gregorio, and M. M. Efrén, “Current and Future Research Trends in
Evolutionary Multiobjective Optimization”, 2005.

[5] C. Marco, M. Dorigo, and G. Borghi, “Behavior analysis and training — a methodology for behavior
engineering”, IEEE Transactions on System, Man and Cybernetics, 26(6):365-380, 1996.

[6] Cyberbotics, “Distance sensors random noise”,
http://www.cyberbotics.com/cdrom/common/doc/webots/reference/section2.15.html. Accessed 01 July
2007, 2003.

[7] Cyberbotics, “WEBOTS Simulator”, http://www.cyberbotics.com/. Accessed 01 July 2007, 2003.

[8] D. CIliff, H. Inman, and H. Philip, “Explorations in evolutionary robotics”, In Adaptive Behavior,
1993.

[9] D. Floreano and F. Mondada, “Evolution of homing navigation in a real mobile robot”, IEEE
Transactions on Systems, Man, and Cybernetics-Part B, 26:396-407, 1996.

[10] D. Floreano and J. Urzelai, “Evolutionary on-line self-organization of autonomous robots”, In
Sugisaka, M. (ed.) Proceedings of the 5th International Symposium on Artificial Life and Robotics
(AROB'2000), Oita, Japan, 2000.

[11] D. Floreano and J. Urzelai, “Evolutionary robots: the next generation”. In Gomi T. (ed.) The 7th
International Symposium on Evolutionary Robotics (ER2000): From Intelligent Robots to Artificial Life,
AAI Books, 2000.

[12] D. Karaboga and S. Okdem, “A simple and global optimization algorithm for engineering problems:
differential evolution algorithm”, Turk J Elec Engin, 12(1), 2004.

[13] E. Alba and M. Tomassini, “Parallelism and Evolutionary Algorithms”, IEEE Transactions on
Evolutionary Computation, 6(5):443-462, 2002.

[14] E. Zitzler, S. Bleuler, and M. Laumanns, “A tutorial on evolutionary multiobjective optimization”, In
X. Gandibleux et al., editors, Metaheuristics for Multiobjective Optimization, Lecture Notes in
Economics and Mathematical Systems, Springer, 2004.

[15] E. Zitzler, K. Deb, and L. Thiele, “Comparison of multiobjective evolutionary algorithms: empirical
results”, Evolutionary Computation, 8, 2005.

[16] G. Capi and S-I. Kaneko, “Evolution of Low-Complexity Neural Controller Based on Multi-objective
Evolution”, Artificial Life Robotics, 12: 53-58.

[17] H. A. Abbass, S. Ruhul, and C. Newton, “PDE: A Pareto-frontier Differential Evolution Approach

for Multi-objective Optimization Problems”, In Proceedings of the Congress on Evolutionary
Computation, IEEE Service Center, Piscataway, New Jersey, 2:971-978, 2001.

[18] H. A. Abbass and R. Sarker, “The Pareto Differential Evolution Algorithm”, In International Journal
on Artificial Intelligence Tools, 11(4):531-552, 2002.

[19] J.  Pike, “GPS  Overview from the NAVSTAR Joint Program  Office”,
http://www.fas.org/spp/military/program/nav/gps.htm . Accessed: 30 October 2007, 2003.

[20] J. Teo, “Evolutionary multi-objective optimization for automatic synthesis of artificial neural
network robot controllers”, Malaysian Journal of Computer Science, 18(2):54-62, 2005.

[21] J. Teo and H. A. Abbass, “Embodied legged organisms: a pareto evolutionary multi-objective
approach”, Journal of Evolutionary Computation, 12(4):355-394, 2005.

42



International Journal of Hybrid Information Technology
Vol. 2, No. 1, January, 2009

[22] J. Teo and H. A. Abbass, “Multi-objectivity and complexity in embodied cognition”, IEEE
Transactions on Evolutionary Computation, 9(4):337-360, 2004.

[23] J. Urzelai and D. Floreano, “Evolutionary robots with fast adaptive behavior in new environments”,
Third International Conference on Evolvable Systems: From Biology to Hardware (ICES2000),
Edinburgh, Scotland (UK), 2000.

[24] K. Deb, “Evolutionary Multi-objective Optimization without Additional Parameters: Parameter
Setting in Evolutionary Algorithm”, Studies in Computational Intelligence, Springer, 54:241-257, 2007.

[25] K. O. Chin, J. Teo, and A. Saudi, “Multi-objective Artificial Evolution of RF-localization Behavior
and Neural Structures in Mobile Robots”, IEEE World Congress on Computational Intelligence (WCCI-
CEC 2008), Hong Kong, 1-6 June 2008, CD Proceedings, 2008.

[26] K-Team, Khepera robot. http://www.k-team.com. Accessed: 01 July 2007, 2003.

[27] NOAA  Satellite and  Information  Service, “Search, rescue and  tracking”,
http://www.sarsat.noaa.gov/. Accessed: 03 May 2008, 2002.

[28] O. Michel, and Cyberbotics Ltd WebotsTM, “Professional mobile robot simulation”, In International
Journal of Advanced Robotic Systems, 1(1):39-42, 2004.

[29] O. Michel, “Webots: symbiosis between virtual and real mobile robots”, In Proceedings of the First
International Conference on Virtual Worlds (VW'98), Paris, France, Springer Verlag 254-253, 1998.

[30] R. Gibson, Radio and television reporting. http://www.fdv.uni-
1j.si/Predmeti/Dodiplomski/Arhiv/ucni_nacrti_2002-03.pdf. Accessed: 30 Oct 2007, 2005.

[31] R. Reeve, B. Webb, A. Horchler, G. Indiveri, and R. Quinn, “New technologies for testing a model
of cricket phonotaxis on an outdoor robot platform”, Robotics and Autonomous Systems, 51(1):41-54,
2005.

[32] R. Storn and K. Price, “Differential evolution: a simple and efficient adaptive scheme for global
optimization over continuous spaces”, Technical Report TR-95-012, International Computer Science
Institute, Berkeley, 1995.

[33] S. Haykin, “Neural networks: a comprehensive foundation”, Prentice Hall, 135-155, 1999.

[34] S. Kukkonen, “Ranking-dominance and many-objective optimization”, IEEE Congress on
Evolutionary Computation (CEC 2007), Singapore, 3983-3990, 2007.

[35] S. Nolfi, and D. Floreano, “Evolutionary robotics: the biology, intelligence, and technology of self-
organizing machines”, The MIT Press, Cambridge, Massachusetts, London, England, 2000.

[36] U. Nehmzow, “Experiments in competence acquisition for autonomous mobile robots”, Ph.D.
dissertation, Dept of Artificial Intelligence, University of Edinburgh, 1992.

Authors

Chin Kim On was born in Tawau, Sabah, Malaysia, in 1979. The
author received his Master Degree in Software Engineering with
i [ Universiti Malaysia Sabah in 2005. The author’s research interests
included the evolutionary multi-objective optimization, evolutionary
/] robotics, neural networks, and biometric security systems with the main
focus on fingerprint and voice recognition. He is currently pursuing his
PhD in the area of evolutionary robotics using multi-objective
optimization for RF-localization and collective behaviors with Universiti
Malaysia Sabah. Currently, he has over 15 publications. Mr. Kim On is a
student member of IEEE and ITAENG societies.

43



International Journal of Hybrid Information Technology
Vol. 2, No. 1, January, 2009

44

Jason Teo was born in Sarawak, Malaysia, in 1973. The author
received his Doctor in Information Technology degree from the
University of New South Wales at the Australia Defense Force Academy
in 2003, researching Pareto artificial evolution of virtual legged
organisms. The author’s research interests include theories and
applications of evolutionary multi-objective optimization in co-evolution,
robotics and metaheuristics. He has been a Lecturer in computer science
at the School of Engineering and Information Technology, Universiti
Malaysia Sabah since 2003, Senior Lecturer since 2006 and recently
appointed to the position of Deputy Dean of the School in early 2008.
Currently, he has over 100 publications in the areas of evolutionary
computing, artificial life, evolutionary robotics and swarm intelligence.
He has been a professional member of the ACM since 2005 and IEEE
since 2006.



	Evolution of RF-Signal Cognition for Wheeled Mobile Robots using Pareto Multi-objective Optimization 
	Abstract

