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ABSTRACT

This paper concerns the design of sensor topology and reaction
controllers for autonomous mabile robots following a line.
Artificial evolution [1,2] is used as the design methodology.
Here, it is shown PBIL [3] is powerful enough to evolve
autonomous creatures exhibiting complex behavior. Designing
optimal sensor topology, symmetric and asymmetric control
mechanisms, reactive controllers with feedback, and suitable
criteria for evaluating evolved robots are among the topics
discussed in this paper. Intuitive insight into the nature of the
problem proved to be a crucial determinant of the success of
evolution. Defining some measure of stability turned out to be
very useful. The idea can certainly be extended to other
benchmark problems. PBIL is demonstrated to be much more
effective than GA in exploiting the salient features in both fitness
criteria and ontroller architectures. All the simulations were
carried out by the EVO-ROB system, an open architecture,
component based software framework especially designed for ER
experiments.

Keywords: Autonomous mobile robot, population based
incremental learning, linetracking

1.Introduction

Applying evolutionary methods is one of the promising
approaches for creating autonomous creatures. The recent
progress in A-Life, evolutionary algorithms and the science of
animats indicates that Evolutionary Robotics (ER) will most
probably proveitself asavital areaof research in the near future
[4,5,6]. This paper is the second in a series of papers devoted to
on-going research on ER in the robotics lab of ECE department
of Tehran University [10,11]. Thefirst part of this report [7] was
aimed at a general discussion of applying autonomous robots in
industrial environments, as well as appropriate control
architectures and sensor topologies.

In [7], GA was used to evolve line following robots. Both
symmetric and asymmetric architectures were considered. GA
proved to be too weak to obtain optimal sensor topologies. A
specia non-evolutionary algorithm was designed for this purpose.
There are at least three reasons why we have chosen line
following (LF) behavior as our targe: Firstly, LF ispredictable,
i.e. we can provide an exact definition for it; secondly, it is harder
than obstacle avoidance (this will be dealt with in a subsequent
paper), and finally, to our knowledge, no one has ever attempted
to evolve it in the context of ER research. To copewithin ability
of GA tosolveproblemssuch asoptimal sensor removal [7], we
decided to search for more efficient methods. Aswill be shownin
this paper, PBIL (combining genetic evolution with
reinforcement learning) is much faster and more powerful than
GA [3]. In the following sections we will introduce the line
following behavior, environments used in experiments, stability,
sensor topology, fitness evaluation, areview of PBIL and suitable
control architectures. Finaly, various experiments will be
explained and the results discussed. Kinematics modeling and
configuration arethe sameasin [7].

2. THELINE FOLLOWING BEHAVIOR

A sensory-motor mapping f :R" ® R maps sensor
values to motor signals. Identifying the behavior generated by the
mapping, f, consists of finding a functiony suchthat for each

xI RVand  arbitrarily e,
|L/ (X) - f(X)" < €. This is equivalent to minimizing the

small we have

functiona E = d&/ - f"dX, where S1 R" denotes the

s
sensory space. Here y is the mathematical description of the

computational process in an evolved control system. Harvey [8]
points out some considerations concerning cognition and
computation. In this paper, situations where the robot receives
desired sensory patterns are called stable states, unstable states
refer to transient situations between stable ones. As far as the
line-tracking behavior is concerned, the sensory spaceisdefined

by S= {0,]}4. The actuating space is likewise defined as
Vi RAR. The control mapping D:S® V maps

sensory perceptions to motor actions. The kinematics mapping

K:VAC® Creaes an action (V, ,Vg)to a unique

robot configuration whereC © X AY A Q and
X,Y,Q1 R. To simplify treatment, an auxiliary mapping

Wy, :C ® S is aso defined which provides the sensory

inputs given a certain position of therobot. The subscript ENV is
used to emphasize the dependence on a particular environment.
The robot life cycle is defined as the repeated application of

mappingsD, K and Wpg,, . This induces the mapping

Ay © Wgy K.D:S® S.if weidentify Swith the state

space of the dynamical system described bya g, , thena g

can function as the state transition function of a finite state
automaton, with 16 state.

It should be noted that each state ST S corresponds to an
infinite number of states in the configuration space of the robot,
so that each sinducesthe equivalenceclass

[9={(x v, RARA RWey, (X,Y,V) = s}

As far as the observed behavior of the robot is concerned, it is
unreasonable to assume that 8 representsall of the elements of
[s], because it depends on dimensions of the robot and the line,
the controller, and the position of the robot with respect to the
line. If the robot and line dimensions are selected in suchaway
as to ensure the robustness of behavior for eacht | [S], then
identifying [s] with swill present no difficulties.

In this case, variation over [s] will only result in a change of
duration the robot spends in a particular state. Likewise, the
sequence of states traversed by the robot naturally leads to the
concept of sensory space trajectories. Robot performance



evaluation can be carried out with regard to the time it takes the
robot to reach a stable state, starting from an unstable one, and
theintermediate states during thistransition.

In this research, four kinds of environments, each with two
variations, were used to teach and consequently to evaluate the
robot. Each one is defined by two parameters; one is the turning

angle and theother islinewidth. Weusethe symbol ENV ' to
wi {<,>} and
NT {1,111, 11,1V} . w=< denotes the facts that the line is

narrower than the width of the robot, which results in the two
lateral sensors of the robot to fall out of the line. When w=>, the
line iswider than the width of the robot and all of the sensors are
within the line. The latter case invariably leads to limit cycles.
For thisreason, we have limited our experimentsto thew=< case,
thereby dropping it altogether and using the symbol
ENV , (which is eguivalent to ENV N< ). Figure 2-1 depictsthis
classification.

Eny =N,
ENvl 11 2
=N

Figure 2-1

denote an environment where

3.STABILITY ANALYSIS

Considering what was said about stable and unstable states, we
could derive performance measures for evolved controllers based
on the trgjectories through the state space. Suppose S;0=(0101) &
the stable state for the robot in aEN V=, environment.

The stability of entering the lineis defined as

h!:SAQAD® R x1 {<,>}
(s,q,d) > m

In the best case, we will have d=0,0 =0 and S= S, after letting

the robot start from a particular pose. To simplify the problem,
speed and time taken for the robot to reach stability is ignored
and the line ischosen to belong enough to ensure that the robot
has sufficient time to stabilize. In this case, the simplified

measure hf :SAQA D ® {t, f}is sufficient, where

h f (5,q,d) indicates the outcome of a particular run. If exact
dynamical behavior is not important, This measure can be
simplified further: h>3( :S® {t, f} . Withthislevel of precision,
getting sufficiently close to d=0 and(] =0 will suffice. Note that

g istherelativeanglebetween therobot and thelineand not an
absolute value, so that the orientation of the lineis not important.
Figure 3-1 is apictorial description of this measure. To measure
the ability of the robot in turning we use the function

bx,y . Ss ® {t, f} where
yl {=90,>90,<90} , xI{<>}.

Here, the robot starts from a stable state before turning and is
supposed to reach a stabl e state after turning.

Figure 3-1

4.SENSOR TOPOLOGIES

The number and pattern of distribution of sensors, width of the
line

speed, have a major impact on the performance of the control
system. In a previous paper [7], therelationships between these
parameters have been investigated in some detail, including
Perceptual aiasing, uncertainty, symmetry, and line width vs.
robot diameter.

Figure 4-1 (a) shows a configuration, denoted SC, , which has
been used in most of the experiments.

The ultimate goal of evolutionary robotics is to undertake the
design of every structural and behavioral aspect of an
autonomous being, from control strategy to sensor configuration
and physical shape.

Inthis paper, some of the experiments are devoted to evolution of
the controller and the optimal sensor distribution at the same
time. In these experiments, the underside of the robot is
distributed with a pattern of sensors and the evolutionary
algorithm is assigned the task of organizing an optimal
configuration. This algorithm only removes redundant ones.
Figure 4-1 (b) showstheinitial pattern (SC, ).

a) C,
Figure 4-1

5.FITNESSEVALUATION

While designing a fitness function for the line following

behavior, the following pointsshould be considered:

1. The robot must move as near to the center of the line as
possible.

2. Therobot's axis should be aligned with the direction of the
line.

3. Therobot must move asfast as possible.

4. Theevolution should produce symmetrical structures.

5. If minimizing the number of sensorsis one of the goals, the
maximum possible number of sensors must be del eted.

6. The robot must not change direction too often or, in other
words, it should not have rotational vibrations.

In all of the experiments, fitness is comrputed incrementally

during thelifetime of therobot. In each simulation step, afitness

value for the same step is computed and added to the

accumulated fitness value. If {, denotes the start time of

simulation and t,_, thetotal number of simulation steps, then

the fitness assigned to the robot at the end of its life would be

thax
Y=af({t) . where f(t)isthefitnessvaluefor each step. At
=
the start of simulation we set y = f(to)and use
y- Y+ f(t) to update Y . f(t) must be composed of various

multiplicative terms to satisfy the foregoing requirements. We
have used the following normalized variables to construct these
terms:



Df = "f LT f R” , the difference between the centers of the
robot and the line, Robot's mean linear velocity,

V = |V|_ - VR|/2, the differencein angles of the robot and the

line, Dy = ||0L - OR” , the difference between corresponding

weights in symmetrical architectures, thetotal number of active
sensors, the difference between the speeds of the left and right

wheels, D, :|h,_ - nR" , Where O denotes the robot center

point, O, isapoint on the center of the line which isnearest to

Oz, ] r and J | aretherotation angles of the robot and the

line, respectively. Figure5.1illustratesthese parameters.
Inatypical experiment, wewould have

f(t) = V(1-D; )(1-Da)(1-D)

Other terms would be added depending on the experiment.
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Figure 5-1
6.PBIL

Population Based Incremental Learning B] isacombination of
iterary and evolutionary optimization methods. Thisalgorithmis
based on GA mechanisms along with weight updating rules in
supervised competitive learning. In PBIL ,as in GA, discrete
evaluations of potential solutions is the primary step : Here ,we
have used aversion of PBIL which workson the binary alphabet .
Weights should be encoded with specified precision. Thenumber
of bits assigned to each weight is pre-specified. Coding and
decoding procedures are the same as in GA. The goa is to
produce aprobability of having '1'in each bit position. Sampling
this vector produces the population in each generation. A 0.5ina
bit position indicates largest variability for this position. When
the algorithm ends, the values of the probabilities in the vector
should be such that sampling the vector would produce
individuals with high fitnesses. Similar to learning in networks
with competitive learning, the probability vector is gradually
moved to onewith high ranking bit values.

During each generation, sampling the vector generates a number
of potential solutions. Every one of these solutions are then
evaluated according to the fitness function.

The probability vector is pushed towards the solution vector with
highest fitness; it is aso pushed towards the complement of the
solution with lowest (worst) fitness. The parameters of the
algorithm are LENGTH (vector length), NUMBER-SAMPLES
(population size), P[1.. LENGTH] (probability vector), LR
(learning rate), NLR (negative learning rate), MUT-
PROBABILITY (mutation rate), and MUT-SHIFT (amount a
mutation may change the value of a position).

After updating the probability vector, a new set of solution
vectorsis produced, and the cycle continues.

Furthermore, a special mutation operation is used when updating
the vector: each position in the probability vector is shifted to a
random direction with asmall probability.

We have also included elitism in our implementation: To prevent
the population from straying towards unfruitful regions of the
search space, the best vector from the previous generation is
preserved in the current generation and replaces the worst
individual. Compared to GA, PBIL has less complexity but
enjoyshigh speed and quality.

7.CONTROL MECHANISM FOR EVOLUTION

Therobot control system isresponsiblefor defining thevelocities
of the left and right wheels according to sensory information. In
this paper as in [7], we have used the simple mechanism

CS, and CS;; . Inthese mechanisms, the velocities of the left
and right wheels are computed as

n
[o]

VLI =WV t- J+ g W ST+,
i=1
[]

VRl =WRVR[E- T+ Vg, S [t +W,
E

This is a simple Braitenberg architecture where S| is the

(i=lrhbf)

(=l,r,bf)

activation level of sensors and W, is the idle activation in

motors, which makes the robot still move even when no actuating
signal is presented. The evolutionary algorithm updates these
weights, In the symmetrical architecture we have:

iWL,r =Wg, v Wi =W,

WR :WL'_[
TWL,b :WR,b 1 WL,I :WR,r

that defines CS,| g and CS,, 5. Using thislimitation reduces
the search spaceto half itssize.

8.CLASS| EXPERIMENTS (SIMPLE ARCHITECTURES)

This group of experiments has been designed to evaluate the

capability of PBIL in evolving optimal controllers of the CS,

kind in various environments. Figure8-1 showsthefitness charts.
The values chosen for parameters are as follows: LENGTH =
128, SAMPLE_SIZE = 200, MUT_RATE = 0.05, MUT_SHIFT
=0.02, LR=0.1, NLR = 0.075. In experiment 1(corresponding to

ENV, ) and experiment 2 (corresponding to ENV,, ), the

algorithm exhibits similar behavior, but in experiment 2 higher
fitnesses have been attained .In both of the experiments, after
about 10 generations, the evolution has got very closetoitsfinal
value. Compared to GA, this is very remarkable. It should, of
course, be pointed out that this zero to final valueissolely dueto
the stochastic nature of the algorithm albeit better exploited by
PBIL.

Considering the fact that the best individuals of the previous
generations are preserved in the next generations, the increasein
the fitnesses of individuas, after nearing the fina value, is not
very considerable.

Irregular fluctuations of the worst fitness, and accordingly the
average fitness, clearly showshighvarianceof individualsinthe
following generations.

The term (- Dv) has the least effect on fitness, but V closaly

matchesthe average fitness. Asexpected, the pattern of evolution
of weightsisin complete accordance with maximum fitness.



Experiment 4, on the other hand, is a complete failure.

Considering the environment (ENV,,, ), this is not an

unexpected result. Experiment 3 showsthe best evolutioninthis
class. The best individual has been born in generation 172. The
fitness chart shows a steady risein fitness. Also, the average and
maximum fitness curves are very similar which showslow fitness
variance among the individuals.

Figure 8-2 shows the result of testing the best individual in
generation 200 of experiment 3 against the foregoing criteria
(entring theline and turning). In each case, theinitial position and
rotation of the robot isindicated.

9.CLASSII EXPERIMENTS ( SENSOR ELIMINATION)

In this group of experiments, we seek to determine how well
PBIL can eliminate redundant sensors and obtain aminimal set of
sensors appropriate for the specified task . The parametersarethe
same asthe previous class. For each sensor, asinglebit has

been added to the chromosome that decides if the corresponding
sensor is present in the final configuration or not.

Figure 9-1 shows the fitness charts for experiments 5 and 6

(corresponding to environments ENV, and ENV,)).
Experiment 5 is very similar to experiments1 and 2, except the
fact that hereevolution hasa much harder problemtotackle. As
seen in Figure 9-1, evolution has not been successful in
producing a symmetric structure (i.e. symmetry in distribution of
SEensors).

Experiment 6 seems to be the successful one in this class. The
fitness chart indicates a smooth and steady rise in fitness,upto
generation 42, after which, although no marked increasein fitness
is observed, the algorithm continues to eliminate more and more
SENsors.

The best solution of experiment 6 was tested with respect to
stability criteria. The results are depicted infigure 9-2along with
robot'sposition and orientation.

10.CLASSIII EXPERIMENTS ( PBIL PARAMETERS)

These experiments were designed to assess the effect of changing
parameters on performance. All of these experiments are an exact
copy of experiment 3 with the exception that in each of them , a
different value has been used for a single parameter from those
used in experiment 3.

Some results are as follows reducing LR from 0.1 t00.05,and
increasing it t0 0.8, faces the evolution with difficulty. SettingLR
to 0.2 results in better fitness than the original value of 0.1.
Although the maximum fitness is somewhat lower than in
experiment 3, nevertheless a solution is reached in less time and
exhibits more generalizability. Reducing the negative learning
rate to 0.025 slows the evolutionary process, but increasing it to
0.2 results in much better individuals than experiment 3 (with
NLR = 0.075).

Likewise, reducing the mutation rate to 0.008 led to
unsatisfactory solutions, while increasing it to 0.1 both increased
the maximum fitness and speeded up the algorithm (the best
individual was attained in generation 23).

Similar results are obtained when reducing mutation shift to0.01
and increasing it to 0.1.

11.CLASSIV EXPERIMENST (SYMMETRICAL
ARCHITECTURES)

In experiment 18 everything is similar to experiment 3, but the
symmetry constraint has been applied. Figure 11-1 shows the
result. Experiment 19 corresponds to experiment 7 (sensor
elimination). Half of the weights are evolved and the fina
architecture § a symmetric one. Figure 11-2 showsthefitness
chart. As seen, enforcing symmetry, in both cases, hasresulted
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in faster runs. Although the maximum fitness is lower relative to
the nonsymmetrical cases, individuals have attained higher
generalizability.

This conformsto the result obtained with GA[7].
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12.CLASSV EXPERIMENTS ( FEEDBACK
ARCHITECTURES)

Experiment 20 was designed to evolvetypeCS,; architectures

in ENV,,, . Parameters are the same asin experiment 3.

Figure 12-1 shows the fitness chart, while figure 12-2 showsthe
result of evaluating the best individual with the second criterion.
This experiment shows that adding memory to the control
architecture has speeded up the evolutionary processwhile, at the
sametime, resulting in higher fitnesses.

Moredetailed analysis of the b ehavior of thiskind of architecture
will be presented in afollow-up paper.
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13.CONCLUSION AND FURTHUR RESEARCH
It was shown that PBIL is a better candidate for evolutionary
robotics experiments than GA. Making the algorithm faster will
make possible online evolution and learning. Hardware
implementation of PBIL on ASIC (one of the current research

areas in our LAB) , links this line of activity with ongoing
research in theevolvable hardware area[9].

Though the individuals generalize very well to environments
other than the ones in which they were trained, but more complex
environments will undoubtedly reduce this capability.

If we were sure of the speed of convergence, thiswould not pose
a serious problem: as the environment changes, the robot will
adapt itself to the new conditions.

Further research is aimed at improving the results of this paper in
at least four aspects: The first one involves combining the line
following behavior with other behaviors, e.g. obstacle avoidance
and goa finding. The second aspect will delve further into
detailed study of evolutionary mechanisms. The third aspect will
consider more complex architectures, and the final one will lead
to more fundamental results concerning thenature of behavior
from adynamical systems point of view.
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