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Abstract. Most of the problems in the RoboCup soccer domain suffer from the 
noisy perceptions, noisy actions, and continuous state space. To cope with these 
problems, using Fuzzy logic can be a proper choice, due to its capabilities of 
inferring and approximate reasoning under uncertainty. However, designing the 
entire rule base of a Fuzzy rule base system (FRBS) by an expert is a boring and 
time consuming task and sometimes the performance of the designed Fuzzy 
system is far from the optimum, especially in cases that the available knowledge 
of the system is not enough. In this paper, a rule learning method based on the 
iterative rule learning (IRL) approach is proposed to generate the entire rule base 
of an FRBS with the help of genetic algorithms (GAs). The advantage of our 
proposed method compared to similar approaches in the literature is that our 
algorithm does not need any training set, which is difficult to collect in many 
cases; cases like most of the problems existing in the RoboCup soccer domain. As 
a test case, the goal-shooting problem in the RoboCup 3D soccer simulation 
league is chosen to be solved using this approach. Simulation tests reveal that with 
applying the rule learning method proposed in this paper on the goal-shooting 
problem, not only can a rule base with good performance in goal-shooting skill be 
obtained, but also the number of rules in the rule base can be decreased by using 
the general rules in constructing the rule base. 

1   Introduction 

Most of the problems in the RoboCup soccer domain suffer from the noisy 
perceptions, noisy actions, and continuous state space. To cope with these problems, 
the use of Fuzzy logic can be a good choice, due to its capabilities of inferring and 
approximate reasoning under uncertainty. 

However, in the traditional design of Fuzzy systems, an expert’s knowledge of the 
system is necessary. Due to such dependence, sometimes the performance of a Fuzzy 
system can be far from the optimum. To overcome these drawbacks, techniques such 
as neural networks (NNs), and evolutionary algorithms (EAs) are combined with 
Fuzzy logic to form hybrid-systems. To implement NN, lots of training data are 
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required which are difficult to collect in many cases. The adaptive capabilities, robust 
nature, and simple mechanics of EAs make them inviting tools for the development 
and optimization of Fuzzy rule base systems (FRBS) [1]. 

In this paper, we have proposed a new approach based on the iterative rule learning 
(IRL) method, to learn the entire Fuzzy rule base of an FRBS, which can be used for 
solving most of the problems in the RoboCup soccer simulation domain. In the 
original IRL method, a training set is needed for the algorithm. This training set 
should contain the correct examples, and in most cases, it should be complete enough 
to cover entire input space of the problem. However, obtaining such a complete 
training set is very difficult for some problems, because this needs supervision of an 
expert and this is not always possible. In our proposed approach, the entire Fuzzy rule 
base can be learned without needing any training set.  

We chose the goal-shooting problem in the RoboCup 3D soccer simulation league 
as a test case to prove our proposed approach. We will show how the entire Fuzzy 
rule base for solving the goal-shooting problem can be generated automatically by 
using our proposed approach.  

The remainder of this paper is organized as follows. Section 2 presents a quick 
overview of Genetic Fuzzy systems (GFS) and compares the different approaches in 
the literature. Section 3 describes the proposed approach for learning the Fuzzy rule 
base and how the Fuzzy rule base can be encoded into the chromosomes, as well as 
how the fitness value of chromosomes can be calculated. Section 4 introduces the 
goal-shooting problem in the RoboCup 3D soccer simulation league, and describes 
how the proposed algorithm is applied for this problem. Section 5 details the results of 
our training experiments. Conclusions and future works are summarized in Section 6. 

2   Genetic Fuzzy Systems 

This section describes a brief overview of Genetic Fuzzy Systems (GFSs) (Section 2.1). 
It also compares the different approaches of rule learning in the literature and explains 
their advantages and disadvantages (Section 2.2).  

2.1   Overview of Genetic Fuzzy Systems 

The general name of Genetic Fuzzy Systems (GFSs) refers to the systems that use the 
GAs for designing Fuzzy systems [2]. The most prominent types of GFSs are genetic 
Fuzzy rule-based systems (GFRBSs), whose genetic process learn or tune different 
components of a Fuzzy rule-based system (FRBS) [4]. Each FRBS usually consists of 
two different components.  

When considering a rule-based system and focusing on learning rules, there are 
three main approaches that have been applied in the literature: Pittsburgh, Michigan, 
and iterative rule learning [4].  In Section 2.2, a comparison between these three 
approaches is presented. 

2.2   Comparison between Rule Learning Approaches  

As stated in Section 2.1, three main approaches exist in the literature for learning 
rules of the rule base of an FRBS. In this section a comparison between these 
approaches is presented. 
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The Michigan approach is not appropriate for our problem, since it does not 
consider the cooperation between rules. This problem is referred to as the cooperation 
vs. competition problem (CCP) [5]. If we use the Pittsburgh approach, the search 
space for GA becomes very large. Thus the computational time and cost is too high to 
choose this approach for our problem. 

If we use the IRL approach, we do not have the above problems. However, in the 
original IRL approach, we need a training set that contains the correct examples. 
However, in some scenarios such as the most problems in the RoboCup soccer 
domain, obtaining such a training set is very difficult. Thus we changed the IRL 
approach, in order not to need any training set. In the next section, we will describe 
our proposed approach. 

3   Learning a Fuzzy Rule Base 

This section describes our proposed approach for learning the Fuzzy rule base of an 
FRBS (Section 3.1). It also describes how to encode the logic rules of a rule base 
(Section 3.2) and how the fitness value will be calculated for each chromosome in the 
population (Section 3.3).  Finally the termination condition  of  the  algorithm is 
explained (Section 3.4). 

3.1   Overview of the Approach 

Our proposal consists of a learning method based on the IRL approach in which the 
entire rule base is learned without needing any training set. The original IRL approach 
has the following steps: 

 

1. Use a GA to obtain a rule for the system. 
2. Incorporate the rule into the final set of rules. 
3. Penalize this rule. 
4. If the set of rules obtained is adequate to represent the examples in the 

training set, the system ends up returning the set of rules as the solution. 
Otherwise return to step 1. 

 

All steps of the above algorithm depend on a set of input-output data pairs about 
the problem being solved, and even in many cases this training data set should cover 
the universe of discourse of all the variables in the antecedent part of the rules. 
However, obtaining such a complete training data set is very difficult for some 
problems, such as those existing in the RoboCup soccer domain. Therefore, for such 
problems we need a different approach that does not depend on a training set. Here 
we propose a new algorithm based on the IRL approach to generate the rule base of 
an FRBS without needing any training set. Our algorithm has the following steps: 

 
1. Use a GA to obtain a rule for the system. 
2. Incorporate the rule into the final set of rules. 
3. Calculate the performance measure and completeness measure for the set of 

rules obtained. If these two measures are acceptable, the system ends up 
returning the set of rules as the solution. Otherwise return to step 1. 
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The first two steps of the above algorithm are the same as the original IRL 
approach. However, the consistency criterion used in the first step of the algorithm is 
calculated independent of any training set. The consistency property of the final rule 
base is considered in the calculation of the fitness value for the chromosomes of the 
GA which were used in the first step of the algorithm. Fitness calculation is described 
in detail in Section 3.3. In step 3, a performance test is done to obtain the performance 
measure of the rules obtained in the final rule set so far. The completeness property of 
the rule base is checked through calculation of the completeness measure for the rules 
obtained in the final rule set. The performance and completeness measures will be 
described in detail in Section 3.4.  

3.2   Encoding Method for Logic Rules 

Suppose a Fuzzy rule base system with ,  , . . . ,   as its inputs and 
,  , . . . ,   as its outputs. Each input   1, … ,  has  linguistic 

terms denoted as , , … , , and each output   1, … ,  has   
linguistic terms denoted as , , … , .  is defined as a vector, elements of 
which are the Fuzzy sets corresponding to input  , thus we can write: 

, , … , . Similarly  is defined as a vector, elements of which are the 
Fuzzy sets corresponding to output  , thus we can write:  , , … , . A 
universal rule in a knowledge base has the form as  
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here, ·  is an integer function  mapping from 1, 2, … ,    to 
1, 2, … ,  satisfying       ,     .  is an arbitrary subset of 
1,2, … ,  (i.e.  ⊂   1,2, … , ), and  is an arbitrary 

number between 1 and . In principle, a rule base for the Fuzzy rule base can 
contain arbitrary rules in the form of (1).  

From (1), we can see that the premise of a Fuzzy rule is characterized by sets   
1, 2, … , . This fact suggests that a binary code be a suitable 

scheme for representing premises of such rules, as inclusion or exclusion of an 
integer in the sets  can be declared binary. For input variable    1, … ,   
with  linguistic terms, a segment consisting of  binary bits is required to 
encode the conditional composition for this variable. Every bit of the segment 
corresponds to a linguistic term with bit “1” for presence and bit “0” for absence 
of its Fuzzy set in forming the condition. For output variable     1, … ,  
with  linguistic terms, a segment consisting of   binary bits is required to 
encode a specific value for this variable. In contrary to the segments 
corresponding to the input variables, in the segments corresponding to the output 
variables, only one bit is allowed to be ‘1’ and all the other bits should be ‘0’; 
because exactly one specific linguistic value should be assigned to each output 
variable. Therefore, each chromosome consists of   ∑   
  ∑    binary genes that construct a rule. 
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3.3   Fitness Calculation 

In the first step of our proposed algorithm, we use a GA to obtain a rule. Each GA 
needs a fitness function to evaluate the chromosomes. We have considered three 
factors in calculating the fitness value for a chromosome. The first factor is quality of 
the chromosome itself, i.e. the quality of the result of applying that rule in the 
environment. The quality measure is problem dependent and should be defined for 
each problem separately. The second factor is generality measure of a rule. The 
generality measure of a rule is equal to the size of the input space covered in the 
premise of a rule. The more general rules are used, the fewer number of rules is 
needed in the final rule base. The third factor is consistency measure of a rule with the 
rules inside the final rule base. The consistency measure of a rule is calculated as 
follows. 

A conflict occurs in the rule base if there exist two rules which have overlapping 
input patterns but different linguistic consequences [3]. For example, suppose that 
rule R1 is defined as ‘if x1 is low and x2 is medium then y1 is low’, and rule R2 is 
defined as ‘if x1 is low then y1 is high’. In this case, there is a conflict between R1 and 
R2; because there is an overlapping area between the input spaces they cover, while 
their consequences are different. For each rule in the population, the conflicting scale 
( ) of that rule with each rule in the final rule base is calculated separately, and 
summed together to construct the conflicting amount ( ) of that rule. The conflicting 
scale between two rules is equal to the cardinality of intersection set between input 
spaces covered in their premises. Finally, we consider a measure to evaluate the 
consistency of a rule with the rules in the final rule base. In the case that there are no 
conflicts existing, the consistency measure reaches its maximum value of “1”. 
Otherwise it decreases linearly with the increment of conflicting amount, until its 
minimum value “0” is reached. The calculation of consistency measure ( ) is given in 
the following formula: 

 

                                                                  (2) 

 
where  denotes the decreasing rate of . The value of  should be 
determined in terms of particular problems to be solved. 

Therefore, the final formula for calculating the fitness value of a chromosome 
(rule) in the population has the following form: 

 

                       (3) 

where  are parameters for scaling each factor, and should be determined in 
terms of particular problems to be solved. 

3.4   Termination Condition 

In the third step of our proposed algorithm, a termination condition is needed. We 
consider two criteria in the termination condition: The performance measure and the  
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completeness measure. The performance measure is calculated through running a 
performance test. The performance test is a domain-dependent test, and the obtained 
final rule base after each iteration of the algorithm should be tested in the problem 
environment. The second criterion, i.e. the completeness measure is equal to the size 
of input space covered in the premises of the rules in the final rule base, divided by 
the size of total input space of the problem to be solved. Either of these two measures 
or the combination of them can be used for the termination condition of the algorithm. 
Also a maximum number of iterations can be considered to terminate the algorithm, if 
the number of iterations exceeds this value. 

4   Learning the Rule Base for Goal-Shooting Problem 

We chose the goal-shooting problem in the Robocop 3D soccer simulation league as a 
test case to prove our proposed approach. The goal-shooting is an essential skill of 
any successful team in the RoboCup 3D soccer simulation league. Since the goalie 
has the ability to catch the ball and also the height of the goal is rather short, the goal-
shooting problem has been turned to a difficult and important problem in this league. 
Using our proposed approach, we will show how the entire Fuzzy rule base of the 
goal-shooting problem can be generated automatically. The input variables for this 
problem are as follows: 

(1) BallGoalAngle: This variable is calculated as follows: 
 

              (4) 

where BallY and BallX are the coordinates of the ball, and, GoalY and GoalX 
are the coordinates of the goal center. 

(2) BallGoalDistance:  This is the distance between the current position of the 
ball and center of the goal. 

(3) GoalieY: This is the y-coordinate of the goalie. 
(4) GoalieX: This is the distance between goalie and the goal line in the -axis. 

 
The output variables of this problem are as follows: 

(1)  ShootPower: This is the power with which a player can shoot the ball. The 
power is between 0 and 100. 

(2) ShootAngle:  This is the latitude angle for a shoot which is between 0 and 50. 
(3) ShootPoint:  This is the y-coordinate of the target point in the goal. This is 

between –  and , where goal_with is the width of the goal. 
 

In order to apply our approach to this problem, the linguistic terms for input and 
output variables should be defined first. The linguistic terms and membership 
functions for input variables and output variables of this problem are depicted in 
Figure 1 and Figure 2 respectively.  

 

BallGoalAngle = tan-1      
     

  ,                                   

  _

_

_
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Fig. 1. Membership functions for the input variables of the goal-shooting problem 

 

Fig. 2. Membership functions for the output variables of the goal-shooting problem 

 
To apply our approach to the goal-shooting problem, we also need to define the 

fitness function for the GA used in the first step of the rule learning algorithm. As stated 
in Section 3.3, the fitness function consists of three parts. The only part we need to 
define here is the quality measure. The other two parts of the fitness function are general 
and don’t depend on a specific problem, so we can use the general definition in Section 
3.3 to calculate their value. To calculate the quality measure of a rule, we consider the 
set of conditions that this rule covers in its premise part. If the number of conditions this 
rule covers is more than MaxEvaluation, we pick only MaxEvaluation conditions 
randomly from them. These conditions constitute a condition set. We set the 
MaxEvaluation parameter equal to 10 in our experiments. This parameter is just for 
preventing the algorithm from taking very long time to run. Then for each condition in 
the condition set obtained in the previous step, we should create the situation described 
by the condition of that rule. This is accomplished by placing the ball, attacker-player, 
and goalie at the corresponding locations and allowing the attacker-player to shoot the 
ball towards the goal according to the parameters determined by the output variables of 
that rule. Then the quality measure of a rule is calculated as: 

 

                      ,                               (5) 
 

where Scores is the total number of shoots that led to a score. Total_Shoots, is the total 
number of shoots towards the goal.  is defined as the difference between y-coordinate of 
the ShootPoint and the y-coordinate of the goalie at the moment when the attacker-player 
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kicks the ball. A bigger  means a higher chance to score a goal.  and  are two scaling 
parameters that in this problem are heuristically set to 100 and 10 respectively. 

5   Experiments and Results 

Several tests have been carried out to show the impact of changing the parameters of 
the algorithm in the result. In our experiments we set the GA parameters which were 
used in the first step of the algorithm as described below.  

The population size is fixed to 20 chromosomes. Stochastic universal sampling with 
elitism selection is adopted. One elite chromosome is reserved in each generation. The 
crossover operator is the uniform crossover with the probability of =0.6. The mutation 
is applied to each gene of a chromosome independently with probability of =0.05. 
The maximum number of generations of GA to obtain a rule is fixed to 30. 

In every iteration of the algorithm, a GA runs and the best rule obtained is added to 
the final rule base. In step 3 of the algorithm, a performance test is carried out to 
evaluate the performance of the final rule base obtained so far. To carry out the 
performance test, 30 random situations will be created in the simulation and the 
attacker-player is allowed to shoot the ball towards the goal. The goalie used for our 
experiments is the goalie of Caspian team used in the RoboCup 2006 competitions in 
Bremen. The performance measure is calculated as the number of shoots that led to a 
score divided by the total number of shoots (i.e. 30 in our experiments). The 
performance measure is considered as the termination condition of the rule learning 
algorithm. If the performance measure of the final rule base becomes greater than a 
parameter named  the algorithm terminates, otherwise the algorithm 
goes back to step 1. Figure 3 plots the curve of performance measure of the final rule 
base with respect to the number of iterations required to reach a rule base with that 
performance measure. The curve is the average of 10 independent runs of the algorithm. 
Note that in Figure 3, the iteration number is equal to the number of rules in the final 
rule set in that iteration, because in each iteration of the algorithm, exactly one rule is 
added to the final rule set. Figure 3 shows that if bigger values are assigned to , more 
iterations will be needed to terminate the algorithm and also more rules will be obtained 
in the final rule set. So, the more accuracy and performance is needed for a system, the 
larger rule base is obtained, and also more time is needed to reach the solution. 

 

Fig. 3. Curve of performance measure of the final rule base with respect to the number of iterations 

∆
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6   Conclusion and Future Work 

In this paper a rule learning method was proposed to learn the entire rule base of an 
FRBS without needing any training set. Also a generality metric was introduced in the 
algorithm that can lead to a compact rule base with less number of rules. Such an 
FRBS can be used to solve a broad range of problems. Specially most of the problems 
in the RoboCup soccer simulation domain can be solved in this way. As a test case, 
the goal-shooting problem in the RoboCup 3D soccer simulation league was chosen 
and solved by applying this approach. A big advantage of this approach is using 
Fuzzy logic and generating a Fuzzy rule base that is expressive enough and easy to 
understand by a human. 

In the proposed approach, membership functions should be defined by an expert. 
Although the most difficult part of designing an FRBS for dynamic and complicated 
systems is defining the rule base, the membership functions can play important roles 
in the performance of the system. We are planning to embed the tuning of 
membership functions in the algorithm, so as to an expert does not have to define 
them explicitly. 
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