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ABSTRACT
This paper describes a new Evolutionary Control System
(ECS) able to control a population of mobile robots. The
system has two main modules: the first one, called EMSS
(Execution, Management and Supervision System), is the
system responsible for managing all the evolutionary pro-
cess that takes place in an embedded fashion in each robot.
The second module, called DGP (Distributed Genetic Pro-
gramming), is an extension of classical Genetic Program-
ming algorithm to support the control system evolution for
the robots that are part of the mobile robots population.
Simulation experiments of the DGP algorithm are presented
and their results are compared with the classical GP algo-
rithm.

Categories and Subject Descriptors
I.2.2 [Artificial Intelligence]: Automatic programming,
program synthesis; I.2.9 [Robotics]: Autonomous vehicles

General Terms
Mobile Robots, Embedded, Experimentation

Keywords
Evolutionary Robotic, Genetic Programming, Embedded Evo-
lutionary Control System

1. INTRODUCTION
Control systems for mobile robots are considered as hierar-

chical structures of basic behavior. For this reason, using
Genetic Programming (GP) to develop control systems for
mobile robots represents an advantage. In GP the handled
structures, functions and terminals, are high level and the
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generated programs are hierarchical associations between
them.

GP is an Evolutionary Computation (EC) [5] technique
that aims at automatically generating computer programs.
The main goal of GP is to allow computers to program them-
selves, i.e., from specified primary behaviors, the computer
must be able to generate a program that satisfies some con-
ditions that aim at the solution of some task or problem
[15].

Evolutionary Robotics (ER) [9] aims at the development
of adaptable control systems, based on the EC techniques.
One of the research areas in ER is Embodied Evolution (EE)
[3] where the evolutionary process takes place among the
robots, that is, the reproduction takes place among the in-
dividuals that are part of the robot population.

In this paper we describe a new Evolutionary Control Sys-
tem (ECS) to a population of mobile robots. The ECS have
two main modules. The first one, called EMSS (Execution,
Management and Supervision System), is responsible for ex-
ecuting and managing the second module, called DGP (Dis-
tributed Genetic Programming). The DGP is an extension
of the classical GP algorithm [7].

To validate the DGP we accomplished one experiment
with a population of mobile robots using the Khepera Sim-
ulator. The objective of each robot was to navigate through
an unknown environment looking for food and avoiding obs-
tacles. The experiment was accomplished with both, tradi-
tional GP and DGP, algorithms.

This paper is organized in the following way: Section 2
presents the description of the Evolutionary Control System
and the Distributed Genetic Algorithm, respectively. Sec-
tion 3 describes the experiment setup. Results comparing
DGP’s performance and GP’s performance are presented in
Section 4. Section 5 describe conclusion and future works.

2. EVOLUTIONARY CONTROL SYSTEM
The Evolutionary Control System (ECS) has two main

modules. The first one, called EMSS (Execution, Manage-
ment and Supervision System) is responsible for executing
and managing the algorithm responsible for all evolutionary
process. The second module, called DGP (Distributed Ge-
netic Programming) is an extension of classical GP algo-
rithm to support the control system evolution for the robots.

Figure 1 illustrates, generically, the functioning of the
ECS.
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Figure 1: General view of ECS.
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Figure 2: Basic Structure of EMSS.

In each robot, the EMSS is executed. Each robot has a
local population, a set of programs that may solve a problem
(a task that the robot should execute), that interacts with
the local populations of the other robots. The goal is to
build, by using only GP, a control system for a population
of mobile robots in which the robots interact among them
to execute some task.

Sections 2.1 and 2.2 describe in details how EMSS and
DGP work, respectively.

2.1 Execution, Management and Supervision
System - EMSS

The EMSS (Execution, Management and Supervision Sys-
tem) is the system responsible for managing the evolution-
ary process that takes place in an embedded fashion in each
robot. Figure 2 illustrates the EMSS components and the
relationships among them.

Below is the complete description of each component of
the EMSS and the connection among them (when there is
one).

Evolutionary Control (EC): it is the main component
in the EMSS. The EC is responsible for creating, randomly,
a local population of individual programs using the functions
and terminals contained in the library. In each new gene-
ration, the generated individuals are tested and executed by
the EC.

Memory: the memory stores the representation of the
most adapted individuals in each generation. These indi-

viduals can be used either in a reinitialization process, in
the case the EC fails, or in the optimization of tasks that
involve more than one competence, such as avoiding obsta-
cles and moving an object from one place to another. In
both cases, the memory works as a kind of system snap-
shot, which can be reused to speed up the learning process
through experiences taken place in the past.

Library Manager (LM): this component manages the
sets of terminals and functions in each robot. In this compo-
nent all the functions and terminals are identified through
an unique identifier, an even number for the functions and
an odd number for the terminals, so they can be sent to
other robots through the Communication Manager. At any
time, it is possible to add or remove functions or terminals
without the need of redefining the control system.

Communication Manager (CM): it is the component
responsible for sending and receiving the messages exchanged
by the robots. In the message sending process, the EC sends
to CM the identification number of the sequence of functions
and terminals and the fitness value associated with the best
local individual. The CM creates a message containing this
information and sends it to the other robots. In receiving,
the CM receives the messages sent by the other robots and
sends their contents to the EC.

Supervisor: it is responsible for evaluating and attri-
buting a fitness value to each individual, using a punishment
and reward method. For this method to work properly, for
each task is assigned to the robot, one must define how and
when reward and punishment take place.

Monitor: it is the component responsible for evaluating
the system execution. In the case the system is inactive, i.e.,
the robot stays still for a long period of time, the monitor
activates an EC reinitialization process. When the EC is
reinitialized, the images of the best individuals, which are
stored in memory, are retrieved and the evolutionary process
initiates from these individuals, that is, the local population
is completed through the use of parts of these individual
programs, instead of starting from a random population, as
it happens in the original GP algorithm.

2.2 Distributed Genetic Programming - DGP
The DGP is the algorithm responsible for all the evolu-

tionary process of the robots control system. The DGP is
an extension of the classical GP algorithm to support the
control system evolution for the robots that are part of the
mobile robots population.

The DGP is based on Microbial GA [6], a GA variation.
Its functioning is similar to the genetic combination (infec-
tion) that takes place in bacteria, where DNA segments are
transferred between two members of the population.

In DGP two population sets are considered. The first,
called local set or PlocalRi

, refers to the local population of
each Ri robot, i.e., the set of individuals or solutions that are
embedded on the robot. Each x ∈ PlocalRi

represents a can-
didate solution to a problem. The second set, called total set
or Ptotal, is made of the union of all the local populations in
each robot, where: Ptotal = PlocalR1

∪PlocalR2
∪· · ·∪PlocalRn

.
The evolutionary process takes place always considering the
total population, that is, parts of a local individual of a
certain robot may be considered in another robot’s local
population evolutionary process.

Differently from other approaches in EE, such as [11],
[12], [13] and [14], in DGP the evolutionary process is asyn-
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chronous, that is, it is not necessary that two robots are
synchronized to reproduce.

In DGP, parts of a more adapted individual are sent to all
the other robots. The step sequence in DGP is the following:

1. Randomly create a program population;

2. Iteratively execute the following steps until some halt
criterion is satisfied:

(a) Evaluate each population program through a heuris-
tic function (fitness) that expresses its fitness, that
is, how well the program solves the robot task;

(b) Receive1 parts of a remote2 individual sent by
another robot;

(c) Select the t best individuals in the local popula-
tion, using the tournament selection method;

(d) Randomly select a part of the best (more adapted)
local individual and broadcast it to the other robots;

(e) Compare whether the worst locally selected indi-
vidual fitness is lower than the remote individual
fitness. If so, execute the mutation operator, re-
placing parts of the individual by the parts re-
ceived from a remote individual;

(f) Execute the crossover and mutation operators;

3. Return the best program found.

The selection method used in the DGP is tournament se-
lection with the parent preservation after the crossing. The
remotely received parts are added to the worst individual
structure, from the t selected best, following equation 1:

M(A) =



Muta(A) if FitnessR > FitnessL
A if FitnessR ≤ FitnessL

ff

(1)

where FitnessR is the value of the remote individual’s fit-
ness, which sent a part of its structure. Muta(A) is the
mutation function, where a part of the A structure in the
local individual is randomly chosen to be replaced by the
received part of the remote individual program.

The messages passing between the robots must contain
the fitness and a part of the best local population individual
program. For such, all the functions and terminals receive
an unique numerical identification, an even number for each
function and an odd number to each terminal.

It is important to emphasize that for a correct functioning
of DGP all robots must contain the same sets of functions
and terminals, or at least they must use the same functions
and terminals for a particular problem.

Differently from other approaches, such as, [4], [10], [16],
DGP assures the continuity of the control system of the
evolutionary process, even when there is a problem with the
other robots that are part of the robot population. This is
possible because each robot has a local population of pro-
grams, which guarantee the continuity of the evolutionary
process.

1In each execution cycle the DGP considers only one re-
ceived message. Each new message, containing parts of a
remote individual, is stored in the local buffer. The buffer
is overwritten every time a new message is received.
2A remote individual is a program that is part of the local
population of another robot.

Figure 3: Khepera Simulator screenshot.

3. EXPERIMENTAL SETUP
With the purpose of evaluating the DGP algorithm we

defined a simulation environment in which a set of mobile
robots must navigate looking for food (foraging task). The
simulation was accomplished in the Khepera Simulator ver-
sion 2.0 [8]. This version of the Khepera Simulator can ope-
rate with a group of mobile robots instead of a single robot.

Figure 3 illustrates the main interface of Khepera Simu-
lator. In the figure there are five robots dispersed in a ran-
dom position along the environment, a set of rectangles that
represents walls and one lamp that represents food.

Each Khepera Robot has eight (8) infrared sensors for
proximity measurements, eight (8) light sensors for ambient
light measurement and two motor-drive wheels for move-
ment. Each infrared sensor returns a value ranging [0 -
1023]. Where 0 means that no object is perceived and 1023
means that an object is very close to the sensor. The light
sensors can measure the level of ambient light around the
sensor and return a value ranging [0 - 525]. Where 0 means
a maximum brightness and 525 a maximum darkness.

The goal of each robot is to navigate along the environ-
ment looking for food (lamp) and avoiding obstacles (walls
and other robots). Table 1 describes the function and ter-
minal sets used in the experiment.

Table 1: Functions and Terminals sets

Functions

Name Arity Id. Definition

FoodAhead 2 2 If found food, perform left

node; otherwise, perform

right node.

Prog2 2 4 Perform two branches of the

tree.

Prog3 3 6 Perform three branches of

the tree.

Terminals

TurnRight 0 1 Turn right (15 degrees).

TurnLeft 0 3 Turn left (15 degrees).

GoForward 0 5 Go forward (300 ms).

Return 0 7 Return (300ms).
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Figure 4: Fitness of the best individual at each gene-
ration with DGP.

In Table 1 the Id. column represents the identification of
functions and terminals according to identification rule of
DGP (see Section 2.2), an even number for each function
and an odd number for each terminal. The parameters used
in both, DGP and GP algorithms, are described below:

• Number of robots: 5

• Generations number: 1000

• Population size: 8 individuals

• Vector size: 50 positions

• Crossover probability: 50%

• Mutation probability: 20%

• Selection method: tournament selection

• Execution times: 10

• Fitness function: punishment and reward method.
If FOODAHEAD; fitness += 10; if BUMPED; fitness

-= 1; else fitness += 1

For this experiment no limit was imposed to fitness value.
That is, the fitness could be any negative or positive value.
The highest value corresponds to the best individual in the
population and the lowest value to the worst one.

The DGP algorithm was developed in C with a linear
representation method [1]. Each population individual (pro-
gram) is represented by one fixed size vector. Each vector
position only contains the identification number of a func-
tion or a terminal, according to Id. column in Table 1.

4. RESULTS AND COMMENTS
The simulation was executed using both, DGP and GP,

algorithms. Figures 4 and 5 illustrate the fitness value evo-
lution graphs of the best individual at each generation for
each robot, during 1000 generations.

In DGP (Figure 4) the fitness value of the best individual
increases faster because a genetic variation occurs any time
a message from other robots is received and accepted to
mutate one individual (from the t selected best) in the local
population, according to DGP rules.

However, in simulation with GP algorithm (Figure 5),
some generations have the same fitness value to the best
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Figure 5: Fitness of the best individual at each gene-
ration with GP.
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Figure 6: Average population fitness at each gene-
ration with DGP.

individual and there is a great disparity among the best in-
dividuals fitness. To try to simulate the same behavior of
DGP, always the second parent in GP after crossing, was
mutated by the mutation operator.

In both algorithms, occasionally, the fitness of the best
individual does not change during some generations. This
happens because a local maximum solution was found and
the selection method is tournament with parent preservation
after the crossing.

The average population fitness graphs at each generation
are illustrated in Figures 6 and 7 for both, DGP and GP
algorithms, respectively.

In GP (Figure 7) there are generations where the ave-
rage population fitness has a negative value. This situation
doesn’t happen with DGP (Figure 6) because of the genetic
variation caused by remote mutation, when one robot re-
ceives a part of the best individual program from another
robot.

The main difference between classical GP algorithm and
DGP is the size of population. Classical GP algorithm needs
a population with a great number of individuals to converge
for a solution. In DGP the population in each robot is small
and the evolutionary process is faster than GP.

A disadvantage of GP as to other EC [15] techniques is
that the set of functions and terminals developed for a par-
ticular problem may not apply to other kinds of problems.
Is important that the set of functions and terminals must be
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Figure 7: Average population fitness at each gene-
ration with GP.

designed to be as comprehensive as possible, that is, with
few modifications or even none, in such a way that it is possi-
ble to use the same functions and terminals in many kinds
of problems, only redefining the evaluation function.

5. CONCLUSIONS
We described an Evolutionary Control System (ECS) able

to control a population of mobile robots. The ECS has
two main modules: the first one, called EMSS (Execution,
Management and Supervision System), is the system respon-
sible for managing all the evolutionary process that takes
place in an embedded fashion in each robot. The second
module, called DGP (Distributed Genetic Programming), is
an extension of classical Genetic Programming algorithm to
support the control system evolution for the robots that are
part of the mobile robots population.

To validate DGP algorithm one experiment in Khepera
Simulator was accomplished. The experiment was a fora-
ging task, in which a group of five mobile robots must navi-
gate through an unknown environment avoiding obstacles
and looking for food. The results obtained with DGP was
compared with results obtained with classical GP algorithm.

The results show that DGP performance is better than
that of classical GP. Remote mutation, caused by local indi-
vidual program transfer from robots to robots, helps to in-
crease the variability of the local population at each robot.
For this reason, the average fitness value of each individual
at each robot with DGP algorithm is higher than that of the
classical GP algorithm.

Future works include experiments with ECS in other pro-
blems in mobile robotics, such that, box pushing, and preda-
tor and prey. With these experiments we intend to evaluate
how easy it is to change the task of robots without repro-
gramming the whole control system. These experiments will
be accomplished using a simulator and real robots. The Eye-
bot [2] robots will be used for the experiments. Eyebot is a
kind of mobile robot developed to be used in robot soccer.
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