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Abstract - In this paper we examine further 
modifications to genetic learning of fuzzy rules to control a 
simulated mobile robot to capture a moving target from an 
arbitrary initial configuration. An evolutionary algorithm is 
employed as an adaptive method for learning the fuzzy 
control rules. 

1. Introduction 

The problem of collision-avoidance in multi-robot 
systems arises in the control of more than one articulated 
robot arm working in a common workspace, and in control 
of mobile robots operating in a common work area. The 
search has been toward the realisation of intelligent control 
systems, see for example, [l] - [7]. These systems 
represent attempts to design more highly intelligent control 
systems, endowed with problem solving, planning, 
cognition, and other capabilities characteristic of the 
human operator. They begin with the more classical 
approaches of adaptive control to control by modern 
artificial intelligence techniques that include neural 
networks, genetic algorithms and fuzzy logic control 
( F W .  

In previous work [8]-[13], the authors have used the 
genetic fuzzy rule generator which was an architecture 
combining a genetic algorithm and a fuzzy logic system to 
learn fuzzy rules for the control of an idealised point mass 
robot. These problems ranged from control of a single 
robot to a fixed target, control to a fixed target whilst 
avoiding fixed obstacles, and the control of two mobile 
robots moving in the same workspace to different fixed 
targets. Each scenario was solved by learning fuzzy rules 
in different fuzzy logic structures, including multi-layered 
and hierarchical structures. In this paper we report on the 
research to improve the genetic learning of fuzzy control 
rules to control the mobile robot to capture a moving target 
first reported in [12] and [13]. 

2. Target Capture Problem 

We consider the simulated control of a mobile robot 
considered as a point mass, to a moving target, see the 
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workspace in Figure 1. The fuzzy logic controller of this 
system will necessarily now have four inputs; the Cartesian 
co-ordinates (x,  y) describing position on the plane, the 
heading (azimuth) angle 4 ,  and the horizontal position p 
of the target. The output is the steering angle 6 . The goal 
is to control the robot iiom 'any' initial configuration to 
reach the moving target as it moves across the workspace. 
The speed of the moving robot and target are held fixed 
with kinematics of the robot as described in [ 131. 

Targec 

Figure 1. Simulateld robot and moving target 

3. Knowledge acquiisition 

The linguistic fuzzy subsets for x, y, $, pand their 
associated membership functions are shown in Figure 2. 
For defuzzification in determining a crisp output for 6 we 
use PB = 30, PM = 20, PS = 7.5, ZE = 2.5, NS = -2.5, 
NM = -7.5, and NB = -20. 

There are 875 fuzzy rules to be learnt for this system. 
The fuzzy rule base can be formed as a 5 x 5 ~ 7 ~ 5  matrix 
R(i,  j ,  k, 1) with indices referring to x, y, 4 and p 
respectively and each entry the output linguistic variable, 
which is encoded to have an integer value of 1 to 7. For 
example, the rule defined by R(1,2,5,1)=2 reads: If 



x = LE and y = LC and 4 = LV and p = SM Then 
6-NM. 

A LE LC CE RC RI 

.A RB RU RV VE LV LU LB 

m 
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Figure 2. Fuzzy sets and membership functions 

Here we have associated with each linguistic variable an 
integer value, for x LE =1, LC = 2, LC = 3, RC = 4, RI 
= 5, and similarly for the other variables. A single linear 
array defining the complete 875 fuzzy rules may be 
obtained by Iinearising the matrix with l! being the 
quickest changing index. Such an array will be used as an 
individual string in the population of the GMevolutionary 
algorithm [15], to determine the fuzzy rules of the system. 

Each string is decoded into fuzzy rules and applied to 
the simulated robot for a fixed initial configuration 
( x ,  y,#, p )  . The fuzzy logic control system is run until the 
robot leaves the work space or comes within a prescribed 
small distance of the target or until a predefined number of 
time steps have been executed. An objective function 
fifor each individual is then calculated as a sum of 

measures namely f = f, +f2 where f, defines the 

distance away from the target, and f, is a measure of the 
total number of iterations required to reach the target. Our 
goal is clearly then to minimise this objective function. If 
the robot leaves the workspace a constant penalty measure 
is added. The problem is then converted to one of 
maximisation by defining the fitness of each individual 

Fi = MaxFit - f i  if MaxFit - f i  > 0, 
= 0. otherwise. 

~ 
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where MaxFit is maximum value of the objective function 
in the current population. This is different to previous 
reported simulations where MaxFit was taken as an 
appropriately large positive constant. 

The mutation operator was defined by: If the output 6 
lies between 1 and 7 it is mutated up or down by one with 
equal probability, if 1 it is mutated to 2,  and if 7 it is 
mutated to 6. In [13], the genetic fuzzy rule generator was 
applied with one point crossover probability of 0.6, 
mutation rate 0.01, an ‘elite’ strategy, prescaling and 
population size of 50. We report briefly here on the results 
that were found previously for reference and comparison. 

(b) 
Figure 3. Configs: (a)(10,10,-5O0),(b) ( 30,30,160°) 

It was found that for a given initial configuration that 
the genetic fuzzy rule generator architecture converged 
usually within 1000 generations to very acceptable set of 
rules contained in the best string. For some initial 
configurations that lay close to boundary constraints, it was 
necessary to either increase the population size, or increase 
the mutation probability, and increase the number of 
generations to achieve acceptable convergence. Figure 3 
depicts just two robot trajectories for illustration. In all 
cases the initial value of p=O , and the target moves to the 
right at constant speed = 0.1. 

4. Fuzzy amalgamation 

Our objective here is to find a set of fuzzy rules that 
will control the simulated idealised mobile robot to the 
target from any ‘arbitrary’ configuration, to some degree of 
accuracy. As an initial investigation 25 points in a grid on 
the plane were chosen with 6 different heading angles and 
the initial position of the target was set at zero. The 



positions were { ( x ,  y) ; x ,  y = 10,30,50,70,90}, and the 
heading direction $ were -50", 45", -90", 135", 160", 240". 

The 150 fuzzy rule bases found using the above 
algorithm were combined using fuzzy amalgamation into a 
final fuzzy logic rule base.. This process see [ 111-[ 131, is 
one of averaging each cell in R for which a rule is used, 
rounding to the nearest integer. The results obtained using 
this rule base for two initial configurations are shown in 
the Figure 4 below. It was clearly observed that the 
efficiency of the controller is poor compared to that 
obtained from the single configuration. This was caused 
by the small number of grid points selected, and in part on 
the membership function selection for variable y, which 
did not facilitate good rule evaluation for high values of y. 
For the membership function used, although adequate for 
learning the fuzzy rules from a fixed initial configuration, 
many more points must be used in the fuzzy amalgamation 
process at high value of y. 

learning otherwise conitinues as described above, that is, 
with mutation as described and the usual one point 
crossover. For illustration, the resulting trajectories for 
initial configuration (10,10,-50°) at 4000 and 10000 
generations are shown in Figure 5(a) and (b). 

Learning was slow and the performance far from 
outstanding. Poor perfcirmance was caused by a number of 
factors, in particular, that the 'elite' chromosome clearly 
was most likely to be 'wiped out' in the next generation 
when re-evaluated at an'other initial configuration. 

Figure 5. Trajectory at 4000 and 10000 gen. 

(b) 
Figure 4. Configs. (a) (10,10,-50"), (b) 30,30,160") 

We did not address this problem directly, to do so 
required a complete re-evaluation of the learning from an 
increased number of initial configurations - a very time 
consuming and computationally intensive exercise. It was 
addressed by seeking a solution to the set of fuzzy rules 
without having to use fuzzy amalgamation to find a final 
rule base. 

5. No fuzzy amalgamation 

Initially in [13], we considered the 150 initial 
configuration points defined previously. Each string had 
its fitness evaluated using a randomly selected initial 
configuration from the given set and it was assumed that 

A number of amendments to the original algorithm have 
been made to help improve performance and learning and 
are now reported. 

A first attempt to improve genetic learning was by 
changing the crossover operation to a modified form of 
uniform arithmetic crossover with appropriate rounding to 
obtain entries in the chromosome, see below. As defined 
above each individual is a linear array defined from the 
fuzzy rule base matrix R .  We modify R so that each 
entry is a two dimensional array with first coordinate being 
the output linguistic variable 6 , and second a variable 
which defines whether that rule is used or not in the 
evaluation of the fitness. It is set to 1 if the rule is used 
otherwise it is set to 0. 

f o r  j := 1 to length-of-individual do 
begin 

if((parentl[j,Z]=O) and 

begin 
(parent2[j,21=1)) then 

childl[j, 11 := parent2 [ j, 11 ; 
child2 [j, 11 := parent2 [j, 11 ; 

end 
else if ( (parent1 [ j, 21 =1) and 

(parent2 [ j ,21 = O )  ) then 
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begin 
childl[j,ll := parentl[j,ll; 
child2 [j, 11 := parent1 [ j, 11 ; 

end 
else 

begin 
childl[j,ll :=  

round(alpha*parentl [ j ,  11 

alpha) "parent2 [ j , 1 1 )  ; 
+ (1- 

child2[j,l] := round( (1- alpha) 
"parent1 t j, 11 + 

alpha"parent2 [ j  ,111 ; 
end ; 

end; 
end ; 

This algorithm says that if a given rule Q) in parentl is 
not used and the corresponding rule in parent2 is used, 
then both children inherit the rule that is used. Likewise, 
the reverse holds. If both rules are used or not used, we 
perform the traditional type of arithmetic crossover defined 
by a constant a , with a E (0,l) , except that rounding is 
used to ensure that integer entries are maintained. The 
purpose of the crossover algorithm is to ensure that 
information within the rule structure is passed to the 
children. In essence it is performing in some sense, fuzzy 
amalgamation, on 'the fly' at a local level. 

With the same parameters used previously, substantial 
improvement in convergence was obtained using this 
crossover operator, for example, to learn rules from a fixed 
initial configuration, it took only about 200-400 
generations as opposed to the 1000 previously mentioned. 
Although not shown here by way of diagrams, the results 
of evolutionary learning were still not acceptable in terms 
of performance. The learning of fuzzy rules in the upper 
left-hand quadrant of the workspace was poor. This was 
the same for configurations close to the boundaries of the 
workspace and especially for configurations along the top 
of the workspace. 

To address these problems, further amendments to the 
basic algorithm were made. Clearly for the small 
population size used, individuals in a given population 
were only being evaluated for fitness on a proportion of the 
given configurations. So first the population size was 
increased. No substantial improvement was found by 
increasing the population size to values from 200-400. 
The only certainty was that computation time increased 
substantially thus making it impossible to obtain any 

Simple variation of parameter values in the basic 
algorithm yielded little improvement worth reporting. 
Close examination of the fitness evaluation suggested that 
there needed to be a trade off between computation time 
associated with running the algorithm for many generations 
and large population size by evaluating the fitness of each 
individual in each generation at a select number of 
configurations. This was done by ensuring an individual's 

reasonable results in reasonable time. 

fitness was evaluated at test configurations in those regions 
requiring special attention, 

The initial configuration file was increased to 180 in 
number by including the configurations with positions 
(60,10), (60,30) ,  ( 6 0 3 0 )  (60,70), and (60,90). The 
file was organised so that the configurations could be 
separated into three regions defined by the configurations 
with. y =  10, y= 90, and y otherwise. Fitness was 
evaluated as follows: 

Robot := Init-Config[Rnd(l,36)1; 
TestFitness(KBase,Robot,Fitl); 
Robot I =  Init~Config[~nd(l54,181~1; 
TestFitness(KBase,Robot,Fit2); 
Robot :=  InitConfig[Rnd(l,181)]; 
TestFitness(KBase,Robot,Fit3); 
Fitness := Fit1 f Fit2 +Fit3; 

A configuration is determined randomly first within the 
fist 30 configurations and a fitness value, Fitlcalculated. 
Similarly we evaluated the fitness Fit2 from a random 
configuration in the upper region where y = 90. Finally 
Fit3 is evaluated at a random configuration within the 
given set. The total fitness of the individual is defined as 
the sum of these three quantities. It was hoped that this 
method evaluation would enhance the individual's ability 
to acquire knowledge of the fuzzy rules necessary for those 
initial configurations close to the lower boundary and 
upper boundary. 

Two other amendments to the algorithm were included. 
First, with the increase in the population size, we increased 
the number of elite individuals passed from the old 
population to the new. Four copies of each of the fittest 
five from the old population were passed to the new 
population. Second, the fittest individual was not 
considered as 'output' of the evolutionary learning process. 
The top 10 individuals in the final generation were 
averaged in a process similar to the averaging in the fuzzy 
amalgamation process, taking into account whether rules 
were used or not in a similar way as to what was done in 
the arithmetic crossover procedure. 

6. Performance - no fuzzy amalgamation 

For no fuzzy amalgamation, with a population of 200 
and mutation and crossover probabilities are previously 
given, the performance of the simulation over 10000 
generations is shown in Table 1. Here Gen = the number of 
generations, NR = the number of trajectories out of 180 
that never reached y = 100, whilst Avg X Error is the 
average of error in x displacement between the robot and 
the moving target and Avg Fitness = the average fitness of 
each individual whose resultant trajectory reached 
y = 100. 
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I Gen I NR I AvgX IAvgFitness 

100 
200 
300 
400 
500 
600 

Error 
160 1 1.48 30.55 
28 6.23 26.14 
10 7.38 26.18 
13 7.46 27.32 
23 5.07 22.21 
20 5.29 24.70 

- 

4000 
5000 
6000 
7000 1 23 I 4.27 I 20.82 
8000 I 21 1 4.24 I 20.86 

11 4.52 24.00 
27 4.44 20.77 
23 4.27 20.82 

9000 
10000 

Table 1. Algorithm performance 

~ 

25 I 4.80 1 21.09 
24 I 4.28 I 20.80 

Learning was initially quick but further substantial 
reduction in average X error was extremely slow. The 
number of trajectories that did not reach y = 100 appears 
to oscillate with the least number occurring around 
generation 900. The initial configurations at which this 
occurred where consistently in the upper left corner, the 
upper right quadrant corner, and on the left and right hand 
edges. This difficulty in learning could be expected from 
these initial configurations. One approach to refine the 
solution presented here is to take the final knowledge base 
and fuzzy amalgamate it with those knowledge bases 
obtained from initial configurations representative of 

( 4  
Figure 6. Initial configuration (70,90,- 50’) 

those points for which trajectories did not at least reach 
y = 100. The algorithm could be restarted also with the 
final population with a different set of parameters, but this 
would involve some trial and error experiment with the 
large population to find appropriate parameters such as 
mutation rate or crossover rate. 

In Figure 6 we show the learning that was achieved for 
a specific configuration at 100, 500, 1000, 2000, and 
10000 generations. The algorithm sort quickly to learn the 
trajectory that would minimise the time of transfer. Since 
the objective function was a weighted-sum of the distance 
error and number of time steps, it is likely that if more 
weighting was given to the distance error then a more 
effective reduction in the X error could be achieved. 
Figure 7 shows two trajectories at 100 and 10000 
generations for initial configuration (70,10,240°) . 

7. Conclusions 

In this paper we have reported on modifications to the 
genetic learning algorithm of the genetic fuzzy rule 
generator to learn the fiizzy control rules for a mobile 
robot to capture a moving target from ‘any’ initial 
configuration. This was achieved by evaluating a string’s 
fitness at a number of selected random initial 
configurations within prescribed regions. Arithmetic 
crossover was modified tci further improve convergence by 
implementing a local fuzzy amalgamation process. 
Amalgamation of the best 10 individuals yielded a fuzzy 
rule base that performed better than the best individual. 
This improved performaince in learning the fuzzy rules 
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comes with the added increase in the amount of 
computation necessary to make the extra fitness 
evaluations. However this increase in computation needs 
to be traded off against the increase in learning the fuzzy 
rules in considerably less generations. 

(b) 
Figure 7. Initial configuration (70,10,240°) 

The final fuzzy knowledge base that has been obtained 
admits acceptable performance from a training grid of 
initial configurations. Although not shown here this 
performance is translated to a test grid of configurations. 
Our purpose in building this knowledge base is to use it as 
the foundation knowledge base in layer one of a two 
layered hierarchical fuzzy logic control system. (For 
learning in a hierarchical system applied to two point mass 
robots with fixed targets, see [lo].) This hierarchical 
system will enable fuzzy control of the robot by further 
adjusting the robots speed and steering angle to align with 
and capture the moving target in a second layer knowledge 
base. This problem is typically called model reference 
tracking in the control literature. Research on this 
hierarchical structure is continuing. Our present research 
shows that the genetic learning shown to be effective with 
the current algorithm can be used effectively if the 
underlying dynamics takes the form of a non-linear set of 
differential equations not just the simple kinematic form 
taken for the analysis in this presentation. 
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