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Abstract. In Evolutionary Robotics (ER), Bioinspired Algorithms are
used to generate robotic behavior. Several researchers used classic Ge-
netic Algorithms (GA) or adaptations of GAs for developing experiments
in ER. Here, we use Differential Evolution (DE) as an evolutionary al-
ternative method to automatically obtain robotic behaviors, selecting a
wall-following behavior as a representative example. We used an e-puck
robot and the Player-Stage simulator for the experiments. We detail the
results and the advantages when using the DE variants in our applica-
tion with the simulated and the real robot. In order to optimize time for
evolution, and test the resultant behavior in the e-puck robot, for our
experiments we employed the Player-Stage simulator.
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1 Introduction

In robotics, Evolutionary Robotics (ER) is an area that uses Bioinspired Algo-
rithms, especially evolutionary algorithms, to develop the control architecture
of an autonomous robot, and particularly the behavior controllers[3]. ER oper-
ates creating an initial population of candidate controllers and the population
is repeatedly modified based on the fitness-function to optimize the robot con-
troller[14]. The most used approach in ER was the classic Genetic Algorithm
(GA)[5, 6], which generates solutions to optimization problems using operators
inspired by natural evolution. These operators are crossover and mutation. Take
for instance the work of Trefzer, et &l.[2] where an e-puck has been provided
with a general purpose obstacle-avoidance controller both in simulation and in
the real robot using GA. In similar works like[15, 16, 19-25] , the use of the GA is
preferred over existent evolutionary methods like Evolutionary Strategies[12] and
Differential Evolution[9]; some works in ER uses Genetic Programming (GP)[17]
to evolve the robot controller[19, 18]. In general, ER employs GAs as optimiza-
tion method, whereas uses Artificial Neural Network (NNs) as the elements to
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evolve, since the NNs implement the robot controllers. The evolutionary method,
after several generations, produces the fittest individuals (NNs) that generate
the required behavior. The calibration of the associated parameters of the evo-
lutionary method increments the chances to find near-optimal solutions.

The use of a standard platform in ER is commonly preferred. The e-puck|[1]
is an educational and research robot developed in the EPFL (Ecole Polytech-
nique Féderale de Lausanne, Switzerland). In our experiments we use this robot.
The size of the e-puck is about 7 cm diameter; the battery provides movement
autonomy for about 3 hours, two stepper motors with a 20 steps per revolu-
tion and a 50:1 reduction gear. The e-puck has a ring of eight infrared sensors
measuring ambient light and proximity of obstacles in a range of 4 cm. and has
a VGA camera with a field of view of 36; for communication, the robot uses a
wireless Bluetooth. The robot is controlled by a Microchip microprocessor dsPIC
30F6014A at 60MHz. The e-puck can be simulated under free and commercial
applications, in this work, we use Player-Stage.

In the experiments, to evolve the wall-following behavior, we use an e-puck
robot, the Player-Stage simulator and two Bioinspired Algorithms for the evolu-
tionary optimization. These algorithms are the GA and the DE; in the DE, two
variants are used to evolve the behavior, the DE /rand/1/bin and the DE /best/1/
bin. We compare the results of using these differents algorithms. In Section 2,
we discuss the methods mentioned. In Section 3, some topics related to Player-
Stage are discussed. Section 4 describes the parameters for the neural network,
the evolutionary methods and the e-puck robot. Results are presented in Sec-
tion 5. In Section 6 we present a general discussion about our work. Finally, in
Section 7 we provide a general conclusion.

2 Evolutionary Robotics and Bioinspired Algorithms

Generally, ER relies on the use of a Bioinspired Algorithms (generally the GA
with binary representation [14, 20, 15]). The population is a set of candidate con-
trollers. Most of the times a single objective evaluation function (fitness function)
is employed due to the fact that the resultant robot behavior comes from a dy-
namic system made with the robot an its environment[7]. The use of Bioinspired
Algorithms and Artificial Neural Networks offers a good solution to the problem
of modeling behavior in maze-like environments[3]. Artificial Neural Networks
have many applications in robotics due to their benefits as powerful classifiers,
they are both noise and fault tolerant, which facilitates the robot to be driven
in dynamical environments[4].

The optimization of neural controllers with an evolutionary method requires
a representation, as a vector of the weights of the neural controller. Therefore,
the codification of the weights vectors using an array representation is a com-
mon practice. This array represents the genetic material to be manipulated by
artificial evolution. A single neural controller represents one of the many individ-
uals that form a population, which in turn are candidates for providing a good
solution for the task to be solved.
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The quality of a candidate solution (fitness) is measured to acknowledge
whether a solution is a good solution to the task we are trying to solve. The
quality-space of all possible solutions forms the fitness landscape, with mountains
and valleys, where landmarks in the mountains represents good solutions and
landmarks in valleys are poor solutions. The search of the best solution in the
landscape depends on the chosen evolutionary method. The search of the best
solution requires the guide of an evolutionary method to move uphill to find
better solutions, and variations in the landscape may cause the search to revolve
around local minima and maximum areas.

In ER, the GA uses a binary population to represent the solutions; for explo-
ration the GA employs the next operators: the reproduction of the individuals
selected in pairs by the crossover of their genetic material, and mutation of some
of the genetic material of the new individuals in the next generation. Also the
GA uses selection, where a subset of population is selected to produce the next
generation. Finally the GA replace the population with the new individuals. The
iterative application of these operators to the genetic material (the NN weights)
will produce refined solutions over time.

On the other hand, DE uses a population of real numbers (called vectors)
that in our case represents the weights. The main idea behind DE is a scheme
for generating trial parameter-vectors based on the population distribution. The
basic idea of the DE is very simple, it works with two populations: P (the old gen-
eration) and @ (the new generation) of the same size N (the size of population).
A new trial vector y is composed of the current point z; of the old generation
and a new point u obtained by using mutation. If f(y) > f(x;) (in case of fitness
maximization), the point y is inserted, instead of z;, into the new generation Q.
After completion of the new generation @, the old generation P is replaced by @
and the search continues until the stopping condition is reached[10]. In related
work different variations exist for producing the mutation vector. In this work
we use the DE/rand/1/bin and DE/best/1/bin, which generate the point u by
adding the weighted difference of two points.

u=ry+ F(rs —r3). (1)

Equation 1 shows how a new point u is created; r1, ro and r3 in the DE/rand/1
/bin are randomly selected from P. For DE/best/1/bin, r1 is the best individual
in the population, ro and r3 are both randomly selected. As for the DE parame-
ters, we have F, CR and N, which respectively represent the differential weight,
F that takes the next values F' € [0,1]; CR which in turn represents the crossover
probability with possible values in CR € [0, 1]; and the last parameter represents
the population size N. A general description of the DE pseudocode is presented
below (Algorithm 1). For our work we have selected Differential Evolution due to
an easy parameter calibration, easy encoding, and a refined exploration search
in the fitness landscape. In [26], the authors demonstrate the effectiveness of the
algorithm establishing a comparison with other different evolutionary methods
related to artificial neural networks. In some works like [28,29] the DE had been
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used in robotics for mapping and localization tasks, in [27] the DE was used to
find a minimal representation for a multi-sensor fusion.

Algorithm 1 Differential Evolution Algorithm
Initialize the population with random positions, P = (x1; x2; ...; Tn)
repeat
for each individual, i =1 — N do
select randomly 71, 72, 3 of P
select randomly R € 1,...,n (n is the number of dimensions of the problem)
for each position, j =1 — n do
select an uniformly distributed number rand; € U(0,1)
if rand; < CR or j = R then
generate a mutated position u;;, being
Y = wij < 115 + F(re; —rs;)(Bq.1)
else
Yj = Tij
end if
end for
if f(y) > f(x:) then
insert y in @
else
insert x; in @
end if
end for
P=Q

until reaching the stop condition

The main problem of the GA methodology is the need of tuning a series
of parameters for the different genetic operators like crossover or mutation, the
decision of the selection (tournament, roulette,...), and tournament size. Hence,
in a standard GA is difficult to control the balance between exploration and
exploitation. On the contrary, DE reduces parameter tuning and provides an
automatic balanced search. As Feoktistov [13] indicates, the fundamental idea
of this algorithm is to adapt the step-length (F'(x2 — 2:3)) intrinsically along the
evolutionary process. For the initial generations the step-length is large because
individuals are far away from each other. As evolution goes on, population con-
verges and the step-length becomes smaller and smaller, providing an automatic
search exploration level.

3 Robot Software Simulator

Player-Stage is a free software tool for robot and sensor applications[8]. Player
provides a network interface to a variety of robot and sensor hardware such as:
the Khepera, Pioneer, Lego mindstorm, E-puck, etc. Player’s client /server model
allows robot control programs to be written in any programming language and
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to run in any computer with a network connection to the robot. Also it sup-
ports multiple concurrent client connections to devices, creating possibilities for
distributed and collaborative sensing and control. On the other hand, Stage sim-
ulates a population of mobile robots moving and sensing in a two-dimensional
bitmapped environment. Various sensor-models are provided, which includes a
sonar, scanning laser rangefinder, pan-tilt-zoom camera with color blob detec-
tion, and an odometry sensor. It is important to notice that Stage devices offer a
standard Player interface with little required changes for using the same code in
simulation and hardware. For our experiments we implemented, in Player-Stage,
a squared arena delimited by four walls which includes an e-puck robot, This
simulated arena is similar in dimensions to a real arena set in our laboratory
(see Fig.1).

Stage: ./epuckworld

a) Real Environment b) Simulated Environment

Fig. 1. a) The physical robot is set inside an arena delimited by four walls. b) The
virtual scenario is modeled as a squared arena, in Player-Stage, where we set the e-puck
robot (red circle) with eight proximity sensors (in green).

4 Robotic Experimental Setup

The robot controller consists of a neural controller fully connected (see Fig.2)
with 8 input neurons that encode the activation states of the corresponding 8
infrared sensors. Values for activation are normalized between 0 and 1, where 0
means that an obstacle is detected nearby, and 1 represents no obstacle detection.
Additionally, 4 internal neurons receive connections from sensory neurons and
send connections to 2 motor neurons. The first motor neuron is used to define the
linear velocity, whereas the second one defines the angular velocity. The output
and the internal neurons use a sigmoid transfer function.

The robot controllers were evolved, using DE and GA as the evolutionary
approaches, for automatically obtain the wall-following behavior. Based on the
work of Mezura et §l.[11], for solving a high-dimensionality problem, we chosen
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Fig. 2. The Neural Network used as robot controller for the e-puck robot, composed
by 8 neurons in the input layer for the infrared sensors, 4 neurons in the hidden layer
and the output layer made of 2 neurons for controlling robot-motion (notice that not
all connections are shown).

the next DE variants: DE/rand/1/bin and DE/best/1/bin, with the following pa-
rameters: DE/rand/1/bin with F=0.7, CR=1.0, N=120; and the DE/best/1/bin
with: F=0.8, CR=1.0, N=150. For the GA, the parameters, based on [16], are:
Population size = 100, Crossover rate = 85%, Mutation rate = 1%, Tournament
size = H.

For our experiments we evolved neural controllers in the Player-Stage sim-
ulator. The evolutionary process is computed by the GA and the DE with the
above variants and parameters. The algorithm is left to run until an optimal
level is reached. The fitness function looks for those individuals able to locate
and follow a wall without crashing. The fitness function is defined in equation
(2). Fitness is averaged during 5 different trials for an individual tested with
initial random positions and orientations. The average fitness is scored as the
individual fitness.

f= Z[(linearVelocity) * (1 — abs(angularVelocity) * (1 — min;r))]  (2)
i=0

where: linearVelocity € {0,1}, 0 represents the minimum value of velocity and
1 its maximum value; angularVelocity € {—1,41}, -1 represents a left-turn, +1
a right-turn and 0 forward-movement; min_ir € {0, 1} is the minimum reading of
the 8 infrared sensors. Infrared sensors take values of € {0, 1}, where 1 represents
that no-obstacle is detected; in contrast 0 is obtained when an object is detected
in the vicinity of the robot body. When a robot crashes, calculation of the fitness
is stopped and its current value is returned as the scored fitness.

The fitness formula is set to maximize linear velocity while minimizing both
the angular velocity and robot-distance to the wall. In other words, the fitness
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function looks for moving forward quickly and running parallel to walls. In sum-
mary, a neuro-controller was evolved in order to develop wall-following behavior
using the GA and two DE variants.

5 Results

In order to verify the quality of the evolved solutions, experiments are replicated
at least three times due to the expensive time execution. The best results are
obtained with the ED/best/1/bin, which reaches a maximum fitness of 246.66
(see Fig.5), while the ED/rand/1/bin reaches a maximum fitness of 215.217 (see
Fig.4) and the GA reaches 202.775 (see Fig.3). For all cases each individual
is evaluated 5 times with random positions and orientations. In general, the
ED/best/1/bin makes a better exploitation of candidate neural-controllers in
the fitness landscape than ED/rand/1/bin and GA.

Figures 3, 4 and 5 denote the evolution of the average quality of the popu-
lation and the evolution of the quality of the best individual. In the case of the
ED/best/1/bin and ED/rand/1/bin alternative, the average quality approaches
progressively to the best quality through generations, though maintaining an
adequate diversity in the population able to obtain better solutions. On the con-
trary, using the GA, the two curves of quality evolutions are very far from each
other. As a consequence individuals are not appropriately approaching the finest
solutions, since exploration dominates completely in DE searching.

In total, evolution was carried out for 30,000 evaluations. After evolution is
stopped the wall-following behavior can be described as follows: robot is located
in the arena, first it starts by looking for the nearest wall, when the wall is
found, the e-puck follows the wall while it avoids crashing into walls (see Fig.6
and Fig.7).

6 Discussion and Conclusions

In ER, the most common approach relies on the use of GA and Neural Net-
works for evolving robot controllers. In this work we evolve neuro-controllers
using two DE variants and GA. The work on this paper shows the results of
using DE and GA to evolve a wall-following behavior, using the Player-Stage
simulator, which facilitated testing individuals during evolution. The resultant
behavior is equivalent for both the real and the simulated e-puck robot. Here, we
have shown that the use of DE produces better fine candidate neuro-controller
solutions for robot behavior than the GA. DE offers easy parameter calibration,
fast implementation, fine exploration/exploitation of candidate solutions in the
fitness landscape, and also production of mature individuals during the initial
generations of the evolutionary process.

As future work, we propose to combine or hybridize DE with local search
methods, like supervised and reinforcement learning in the neural network con-
trollers. This will allow the integration of the advantages of the two search meth-
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Fig. 3. Maximum and average fitness is plotted across 300 generations using the GA.
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Fig.4. Maximum and average fitness is plotted across 250 generations using the
ED/rand/1/bin method.
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Plot of fitness DE/best/1/bin
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Fig. 5. Maximum and average fitness is plotted across 250 generations using the

ED/best/1/bin method.

Fig. 6. Robot behavior in the real e-puck robot. The robot starts searching for a wall,
when a wall is found, the epuck follows the wall while avoids crashing into walls.
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Fig. 7. The Player-Stage simulated e-puck robot for the best individual of evolution
using the ED/best/1/bin method. A wall-following behavior is exhibited by the best
individual.

ods: the global search provided by the DE method with the fast local search of
the neural learning methods.
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