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Abstract
In this paper we present a set of experiments in which mobile robots able to visually
discriminate between two different objects were developed through artificial evolution. The
results obtained by evolving robots in stationary environment showed that evolving
individuals, by exploiting sensory-motor coordination, develop an extremely simple and
effective solution. The analysis of the results obtained by evolving robots in varying
environmental conditions showed that evolving individuals develop a slightly more complex
solutions that also require an ability to modify the behavior on the fly by adapting to the
current environmental circumstances. Overall, the obtained results show that artificial
evolution might lead to the development of simple and effective solutions also in the case of
problem that has to be solved in varying environmental conditions.
Keywords: Evolutionary Robotics, Sensory-Motor Coordination, Active Vision
1. Introduction
Evolutionary Robotics is a new technique for the automatic creation of autonomous robots
that is inspired by the Darwinian principle of selective reproduction of the fittest. It is a new
approach which looks at robots as autonomous artificial organisms that develop their own
skills in close interaction with the environment without human intervention. The basic idea
behind evolutionary robotics is very simple. An initial population of different artificial
genotypes, each encoding the control system and sometimes the morphology of a robot, are
randomly created and put in the environment. Each robot is then let free to act (move, look
around, manipulate) according to a genetically specified controller while its performance on a
given task is automatically evaluated. The fittest robots are allowed to reproduce by
generating copies of their genotypes with the addition of changes introduced by some genetic
operators (e.g., mutations, crossover, duplication). This process is repeated for a number of
generations until an individual is born which satisfies the performance criterion (fitness
function) set by the experimenter. Robots might also change during lifetime and therefore
might adapt to their environment both phylogenetically and ontogenetically.
There is a growing body of literature describing successful applications of evolutionary
methods [1-3] to the development of mobile robots [4]. The impact of these researches on our
understanding of adaptive behavior in natural agents and on our ability to develop effective
artificial agents (robots), however, depends on the extent to which this method can scale-up to
tackle richer robot/environmental interactions.
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A large number of animal species have exploited visual receptors. On the other hand, the
majority of the research projects in evolutionary robotics involve robots provided only with
short distance sensors (e.g. infrared sensors or bumpers) that provide information of the
immediate surrounding of the robot (for a notable exception see [5-6]).
In this paper, we present a set of experiments in which evolving robots are asked to
visually discriminate between objects with the same shape but with different sizes by
navigating toward one of the two. In section 2 and 3 we will present the result of a set of
experiments conducted by evolving robots in stationary and varying environmental
conditions, respectively. In section 4 we will report our conclusions.
2. The basic experiment
The mobile robot Khepera [7] equipped with a vision module was placed in the environment
shown in Fig. 1. The environment is a rectangular arena 58 x 37 cm surrounded by white
walls with two black stripes with a width of 4 and 16 cm respectively. Walls are made of
white painted wood and are 30 cm in height. A neon lamp (24 W output) provided
illumination over the arena. The robot has to approach the bigger (B) but not the smaller (S)
stripe. In other words, it has to visually discriminate the two objects.
One interesting aspect of this task is that often the robot receives the same sensory
patterns while it is facing both B and S. In particular B at a certain distance looks exactly like
S at a closer distance (this is a problem that tends to arise in any real world situation).
Therefore, to solve its task, the robot has to overcome the problem that often sensory states
are ambiguous.

Figure 1. The environment and the Khepera robot with the linear vision turret. The environment consist of an
arena of 58 x 37 cm that contains two visual targets that consist of a bigger (B) and a smaller (S) stripe of 16 and
4 cm respectively.

The robot is supported by two lateral wheels that can rotate in both directions and two
rigid pivots in the front and in the back. The sensory system employs eight infrared sensors
distributed around one side of the body and a linear camera. The infrared sensors can detect
the walls at a maximum distance of approximately 4 cm. The linear camera consists of one
array of 64 photoreceptors providing a linear image composed of 64 pixels of 256 gray-levels
each and subtending a total view-angle of 36°. The optics are designed to bring into focus
objects at distances between 5cm and 50cm while an additional sensor of light intensity
provides information for automatic adjustement of photoreceptor sensitivity. The robot was
attached to the host computer by means of a lightweight aerial cable and specially designed
rotating contacts. This configuration makes it possible to trace and record all important
variables by exploiting the storage capabilities of the host computer, and at the same time
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provides electrical power without using time-consuming homing algorithms or large heavyduty batteries.
Each individual of the population was tested on the robot for 30 epochs, each epoch
consisting of a maximum of 300 sensory-motor cycles (each cycle last 100 ms). An epoch
ended either when the robot reached a distance lower than 10 cm from the center of B or S or
after 300 sensory-motor cycles (corresponding to 30 seconds). At the beginning of each epoch
the robot is positioned at a random position and orientation. Individuals' fitness was increased
of 1 point each time the robot approached B (i.e. each time it reached a distance lower than 10
cm from the center of B) and decreased of 1 point each time the robot approached S.
The controller (Fig. 2) consisted of a simple feed-forward neural network with 14 sensory
neurons encoding the state of 6 frontal infrared sensors and 8 photoreceptors of the camera
(i.e. only the 6 frontal infrared sensors and only 8 evenly spaced photoreceptors out of the 64
provided by the camera were used) and two motor neurons encoding the speed of the two
wheels. The activation state of the infrared sensors was normalized between 0.0 and 1.0. The
activation of the two motor neurons was computed by using the sigmoid function and then
normalized between -10 and +10 to set the desired speed of the two corresponding motors.
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Figure 2. The neural controller.

In order to keep things as simple as possible and given the small size of the parameter set,
we used a direct genetic encoding [8] and a fixed neural architecture. Each parameter (i.e. the
connection weights and threshold values of the two motor neurons) was encoded using 8 bits
and normalized between -10.0 and +10.0. Therefore, the genotype of each individual robot
was 8 x (28 synapses + 2 thresholds) bits long. Population size was 100. The best 20
individuals of each generation were allowed to reproduce by generating 5 copies of their
genotype with 3% of their bits replaced with a new randomly selected value.
To save time, the evolutionary process was carried out in simulation by using an extended
version [9] of the software Evorobot described in [10]. The results of the experiment
described in this section have also been validated by downloading the evolved controllers into
the real robot (see below).
We ran 10 replication of the evolutionary process in simulation by starting with different
randomly generated genotypes. Each replication of the experiment took about 1 hour by using
a standard PC and would have taken up to 52 days on the physical robot. As can be seen from
Fig. 3, evolving individuals reached optimal performance after about 10 generations.
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Figure 3. Left. Fitness through out generations normalized between -1.0 and +1.0 (i.e. 1.0 means that the robot
was able to reach the correct visual target in 30 out of 30 trials). The dashed and full lines represent the average
performance of the population and the performance of the best individual respectively. Average results of 10
replications. Right. A schematic representation of the environment. The double lines represent the walls painted
in white. The two thick lines represent the portion of the walls painted in black. The left and right semi-circles
represent the area in which the robot was rewarded or punished respectively. The circles indicate the 9 positions
in which evolved robots were initially placed to evaluate their performance (see text).

By initially placing the best evolved individuals of the last generation in the 9 starting
positions indicated in the right side of Fig. 3 with four different orientations (north, south,
east, and west) we observed that they navigate toward the right landmark most of the times. In
some cases, however, they navigate toward the wrong landmark or do not reach one of the
two targets within the allotted time (300 sensory-motor cycles corresponding to 30 seconds).
Performance, on the average, are shown in Fig. 4. Similar but slightly worse results (see Fig.
4) have been observed in the real environment by downloading the evolved controllers on the
physical robot1 and by testing the individuals in the environment shown in Fig. 1. Also in this
case, individuals were placed initially in the same 9x4=36 initial positions and orientations
described above. One of the evolved controllers, out of 10 replications, displayed optimal
performance on the physical robot by navigating toward the right landmark in 36 out of 36
trials.
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Figure 4. Percentage of hits (i.e. number of navigations toward the right visual landmark) and errors (i.e. number
of navigations toward the wrong visual landmark) for the best individuals of generation 49. Performance in the
real environment have been obtained by downloading and testing the controllers evolved in simulation into the
real robot. Average results of 10 replications.

Interestingly, evolved individuals solve the problem by exploiting sensory-motor coordination
[11-12]. It should be noted that to navigate toward B, robots should not only take into account
the perceived size of the visual target but also its relative distance. Given that robots are not
provided with binocular vision the only way to compute the actual distance of an object is to
observe how the perceived image vary while the robot is moving. Indeed evolving robots act
1

Given that the refresh of the camera requires more than 100 ms we stopped the robot for 500 ms after each
sensory-motor cycle (i.e. after each 100 ms) during the test.
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so to loose visual contact after a period of time that is proportional with the distance and the
perceived size of the object. This in turn allows evolved robots to move more toward B than
toward S independently of the relative size of the two objects. In other words, robots
determine which is the target object by exploiting sensory-motor coordination.
This can be illustrated by analyzing the behavior of the individual shown in Fig. 5 that
represents the typical strategy adopted by evolved individuals. The robot rotates clockwise on
the spot until it starts to perceive one of the two objects with the camera (in this case, the
robot happens to face B first). At this point it starts to move forward by slightly turning
clockwise. This allows the robot to loose visual contact with the object after some time. At
this point the robot starts to rotate clockwise again and then to move toward the other object
for a while by slightly turning clockwise. The robot thus moves back and forth between the
two objects. However, given that it looses visual contact more slowly with the larger and
more distant than with smaller and closer objects, it tends to move more toward B than toward
S (see the sub-parts of the trajectory indicated with empty and full arrows respectively). This
in turn allows the robot to finally reach B after a certain number of back and forth segments
(where each segment consists in a certain number of forward movements toward one of the
two objects).
To explain why the robot looses the visual contact more slowly with larger than smaller
objects (from the robot position point of view) one should consider that the former persists
longer than the latter in the view angle of the camera while the robot move forward by
slightly turning clockwise. To explain why the robot loses the visual contact more slowly with
more distant than closer object (from the robot point of view) one should consider that, while
approaching an object, its angular projection varies more slowly for more distant than for
closer objects. In other words, the robot uses motion not only to approach the desired target
but also to implicitly determine which is the object with the larger size (independently from
the robot's point of view).

Figure 5. The behavior of a typical evolved individual. The empty circle represents the robot and the curve line
represents its trajectory during a trial. In this example the robot is initially placed in the north-east side of the
arena facing south and navigate toward B that is located on the west side of the arena.

In a control experiment in which we asked evolving robots to approach S and avoid B
(i.e. approach the smaller and avoid the bigger stripe) we obtained similar results and we
observed the same type of behavioral strategy. Also in this case evolved individuals moves
back and forth between the two objects by loosing visual contact more slowly with larger and
more distant than with smaller and closer objects. The only difference is that in this case
evolved individuals moved backward.
3. Evolving robots in varying environmental conditions
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The strategy described in the previous section is simple and effective. However, one might
argue that such simple strategy is effective in the particular environmental conditions in
which the robots has been evolved but might not generalize well in varying environmental
conditions. To ascertain this point and to verify if evolving robot might develop an ability to
discriminate the two objects even in varying environmental conditions we ran a new set of
experiments.
The robot was placed in a rectangular arena of 160 x 140 cm surrounded by white walls
with two black cylinders located in the east and west side of the arena (Fig. 6). As in the
previous experiment, the robot has to approach the bigger (B) but not the smaller (S) cylinder.
In this case, however, the radius of the small and large cylinders were randomly selected each
trial between 5 and 125 cm and between 15 and 185 cm respectively. Lifetime consisted of 40
epochs each consisting of a maximum of 200 sensory-motor cycles (each cycle lasted 100
ms). To stress the problem of disambiguating identical sensory pattern corresponding to the
two different objects, in each trial, the robots were initially placed with a random selected
orientation along the points from which the two visual objects have the exactly the same
perceived size. All other parameters were identical to those described in the previous section.

Figure 6. The environment. The lines represent the white walls. The full circles represent two black cylinders of
varying size (i.e. size is randomly selected each trial). The plain and dashed circles represent the areas in which
the robot is rewarded and punished respectively.

We ran two set of experiments. In the former individuals were provided with a simple
reactive controllers consisting of 14 sensory neurons and 2 motor neurons shown in Fig. 2. By
testing the evolved individuals for 40 trials in changing environmental conditions (i.e.
environments in which the size of the two cylinders were randomly varied each trial) we
observed that the best individuals produced up to 77% of correct navigations in the case of the
best replication and 59% on the average (see left of Fig. 7, thin and thick lines respectively).
In the latter experiment neural controllers were provided with two additional internal
neurons receiving connections from themselves and from the sensory neurons and projecting
connections to the two motor neurons (see top-left of Fig. 9). The activation state of sensory
and internal neurons were updated according to the following equations (motor neurons were
updated according to the logistic function):

Αj = t j + ∑ wijOi

O j = τ jO j

( t −1)

(

+ (1 − τ j )1 + e

)

− A j −1

0 ≤τ j ≤1

(1)

With Aj being the activity of the jth neuron (or the state of the corresponding sensor in the
case of sensory neurons), tj the bias of the jth neuron, Wij the weight from the ith to the jth

6

neuron, Oi the output of the ith neuron. Oj is the output of the jth neuron, τj the time constant
of the jth neuron. The time constant parameter of each neuron is genetically encoded with 8
bits and normalized between 0.0 and 1.0. All other parameters were the same of the
experiment described above. By testing the evolved individuals for 40 trials in randomly
varying environmental conditions we observed that in this case the best individuals produced
up to 97% of correct navigations in the case of the best replication and 67% on the average
(see right of Fig. 7, thin and thick lines respectively).
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Figure 7. Fitness through out generations normalized between -1.0 and +1.0 (i.e. 1.0 means that the robots were
able to reach the correct visual target in 40 out of 40 trials). Performance of the best individual of each
generation tested for 40 trials from new 40 randomly selected positions. Thick and thin lines represent the
average performance of 10 replications of the experiment and the performance in the case of the best replication,
respectively. Left: experiment in which robots are provided with the reactive neural controllers shown in Fig. 2.
Right: experiment in which robots are provided with the neural controllers shown in the top-left of Fig. 9.

By analyzing the behavior displayed by the individuals of the former experiment (i.e. the
individuals which were provided with the neural controller shown in Fig. 2) we observed the
emergence of the same strategy displayed by robots evolved in the stationary environment
described in the previous section. This can be illustrated by analyzing the behavior of the
individual shown in Fig. 8 that shows the behavior of a typical successful individual. The
robot rotates clockwise on the spot until it starts to perceive one of the two objects with the
camera (in this case, the robot happens to face S first) and then move forward by slightly
turning clockwise. This allows the robot to loose the visual contact with the object after some
time. At this point the robot starts to rotate clockwise again and then to move toward the other
object for a while by slightly turning clockwise. The final picture is that, also in this case, the
robot tends to reach B after a certain number of back and fourth movements in which it moves
more toward B than toward S. As in the case of the previous experiments, evolved individuals
exploit sensory-motor coordination to identify the target object and to navigate toward it.
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Figure 8. Left: typical behavior displayed by an evolved robot during a trial. The sizes of the two objects have
been randomly generated within the range described in the text. Right: state of the two motor neurons (o1 and
o2) and of 16 sensory neurons (from i0 to i15) throughout time of the individual displayed on the left side of the
Fig..

The problem of this strategy that explains while it does not allow robots to reach optimal
performance when the sizes of the two objects vary is that is only effective if the range of
variation of the objects is not too large. Indeed, if the robot looses visual contact with the
objects too quickly (i.e., if it turns clockwise significantly while approaching an object), it
will move more toward B than S overall but it might be unable to reach B within the 200
lifecycles given that it will cover a small distance in each segment (i.e. in each sequence of
straight movements toward the current object). On the contrary, if the robot looses visual
contact too slowly, it might risk to reach the wrong object during the first approaching
segment without the possibility to "measure" the relative size of the two objects by moving
toward both objects at least one time. Given that how quickly the robot loses visual contact
depends on the absolute size of the objects, the propensity to loose visual contact should be
carefully selected by taking into account the size of the objects themselves. Individuals
display a good generalization ability. However, when the range of variation is too high (as in
the case of this experiment) evolved individuals might be unable to navigate toward B when
objects are very large and/or very small.
By analyzing the behavior displayed by the individuals of the latter experiment (i.e. the
individuals which were provided with the neural controllers shown on the top-left of Fig. 9)
we observed the emergence of a new strategy that is effective also in varying environmental
conditions. Indeed evolved individuals, in this case, do not keep moving back and fourth
between the two objects but, after a while, tend to move consistently toward B (see the
trajectory indicated with a full line, bottom-left of Fig. 9, that displays the behavior exhibited
by a typical evolved individual). As in the case of the reactive robot described in Fig. 8, this
robot rotates clockwise until one of the two objects (S in this example) enter in the view angle
8

of the camera. At this point it starts to move toward the current object by slightly turning
clockwise so to loose the visual contact with the object after some time. Later on, however,
when the robot starts to perceive (B), it consistently move toward it by finally reaching the
right object. This individuals moves toward S only once before moving and reaching B during
the second segment. Others individuals might move back and fourth a couple of times. But all
successful individuals consistently move toward (B) after some time.
At a first sight, the analysis of the behavior displayed by evolved individuals (e.g. the
individual shown in Fig. 9) might suggest that in this case evolved robots determine which is
(B) during the first part of the trial and then move consistently toward it. In other words, one
might conclude that in this case evolved individuals develop a completely different strategy
that extract the relevant information from the environment and then use such information to
navigate toward the target. However, a deeper analysis demonstrated that evolved individuals
exploit the same sensory-motor strategy described above. The difference is that, in this case,
evolved individuals are able to modulate such a strategy on the basis of the current
environmental conditions.
The fact that the sensory-motor strategy described above still play an important role in
these individuals can be demonstrated by lesioning the internal neurons. In the case of the
individual described in Fig. 9, for instance, by freezing the activation state of the two internal
neurons to 0.0 (see the right part of Fig. 9), the individual displays exactly the same strategy
displayed by the reactive robots described above. In this condition, in fact, the individual
approach B by moving back and forth between B and S and by loosing visual contact more
quickly with S than with B (see the dashed line in the bottom-left part of Fig. 9).
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Figure 9. Top, left: the architecture of the neural controller. Bottom, left: typical behavior displayed by an
evolved robot (the full line represents the trajectory of the robot in normal conditions, the dashed line represents
the trajectory produced by the robot when the activation state of the two internal units is set to 0.0). Right: (A)
displays the state of the two motor neurons (o1 and o2), two internal neurons (h1 and h2), and of the 16 sensory
neurons (from i0 to i15) throughout time of the individual displayed on the left side of the Fig. (B) displays the
state of the neurons when the activation state of the two internal neurons is set to 0.

This basic strategy is modulated by the internal neurons so to avoid the problems
described above. In particular, in the case of the individual described in the Fig. 9, the second
internal neuron modulates the robot behavior so to not loose the visual contact with the
current object and consistently move toward it. The first internal neuron instead, by inhibiting
the second internal neuron, force the robot to quickly loose visual contact with the current
object. During the very first cycles the first internal neurons get fully activated and therefore
the robot starts to move toward the current object by quickly loosing the visual contact with
the object. This allows the robot to move more toward B than toward S, on the average
according to the same strategy that we described above. Later on, however, the first internal
neuron is inhibited and, when this happens, the robot starts to consistently move toward one
of the two targets without going back and forth anymore thus avoiding the risk to not reach B
in time.
There are several factors that contribute to inhibit the first and activate the second internal
neurons. A first factor is simply time (i.e. more is the time that the robot spent negotiating
with the two objects higher is the probability that it is now closer to B and higher is the risk to
not reach B in time). A second factor is how much time the robot has spent moving toward
the object that is currently in the view angle of the camera (higher is the distance traveled
during a single segment higher is the probability that the current object is B). A third factor is
the average size of the two landmarks. When both B and S are very small the robot, by
loosing the visual contact with the objects too quickly, might risk to not reach B in time. In
these situations the second internal neuron becomes slightly activated so to allow the robot to
loose the visual contact with the two objects more slowly.
To summarize individuals in the former experiment still rely on the same sensory-motor
strategy adopted by reactive individuals and do not discover a completely different strategy.
The additional internal states are used to modulate the basic sensory-motor strategy by taking
into account the information gathered during the previous interaction with the environment.
4. Conclusion
In this paper we presented a set of experiments in which mobile robots able to visually
discriminate between objects of different size were developed through artificial evolution.
Evolved individuals were able to visually navigate toward the target objects and to solve the
problem that sensory patterns are ambiguous (i.e. that the smaller object from a certain
distance looks exactly like the bigger object from an higher distance) both in stationary and in
varying environmental conditions.
The analysis of the results obtained by evolving robots in stationary environment showed
that evolving individuals, by exploiting sensory-motor coordination, develop an extremely
simple and effective strategy. Such form of behavior can be produced by a simple reactive
neural controller in which sensory neurons are directly connected with motor neurons.
Evolved individuals use motion to implicitly compute the distance and relative size (with
respect to the robot point of view) of the two objects and to navigate toward the target.
The analysis of the results obtained by evolving robots in varying environmental
conditions showed that, in this case, individuals develop a more complex strategy that also
require an ability to adapt on the fly to the current environmental circumstances. Indeed,
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evolved individuals rely on the same sensory-motor strategy described above but are also able
to modulate such behavioral strategy on the basis of the current environmental conditions by
taking into account what they did before, that implicitly provides information on the external
environment, and some aspects of the perceived environment such as the average perceived
size of the two objects. The development of such adaptive strategy requires slightly more
complex neural controllers provided with additional internal neurons with recurrent
connections and time constant parameters that determine the amount of change in time of
their activation state. In this case, evolved individuals looks organized in a hierarchical
fashion where the higher layer, consisting of the internal neurons and their incoming and
outgoing connections, keeps trace of information that is used to modulate the lower layer,
consisting of the direct connections between sensors and motors, that is responsible for
producing the same behavioral strategy displayed by the reactive individuals described above.
Overall these results demonstrate that artificial evolution might lead to the development
of simple and effective solutions also in the case of problems that has to be solved in varying
environmental conditions. The emergence of mixed strategies that rely both on simple
reactive components and on more complex components that also take into account the
previously experienced sensory states is particularly important from an evolutionary point of
view because it suggest that artificial evolution might lead to an open-ended process in which
progressively more complex solution are synthesized.
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