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ABSTRACT 
This paper briefly reviews genetic algorithm-based approaches to 
the design of fuzzy systems. In the 1990s, genetic algorithms 
were mainly used for the accuracy maximization of fuzzy systems. 
Various aspects of fuzzy systems were optimized by genetic 
algorithms such as the fuzzy partition of each input variable, the 
number of fuzzy rules, and the consequent part of each fuzzy rule. 
The accuracy maximization of fuzzy systems for training data, 
however, tends to increase their complexity. That is, the accuracy 
maximization often degrades the interpretability of fuzzy systems 
through the increase in their complexity. Some studies in the late 
1990s tried to find a good tradeoff (i.e., compromise) between the 
accuracy and the complexity of fuzzy systems. The latest trend in 
the design of fuzzy systems is their evolutionary multiobjective 
design. A number of non-dominated fuzzy systems with different 
accuracy-complexity tradeoffs can be obtained by a single run of 
multiobjective approaches. In this paper, we briefly review the 
above-mentioned main stream of research on fuzzy system design. 

Keywords 
Fuzzy rules, fuzzy systems, genetic algorithms, evolutionary 
multiobjective optimization, multiobjective design. 

1. INTRODUCTION 
The main advantage of fuzzy systems over other nonlinear models 
such as neural networks is their interpretability. Fuzzy systems 
are understood through linguistic interpretation of each fuzzy rule. 
As a result, interpretability maximization has been an important 
goal in fuzzy system design. Accuracy maximization has also 
been an important goal as in other machine learning techniques. 
In this paper, we explain how these two conflicting goals have 
been handled in genetic algorithm-based approaches to the design 
of fuzzy systems. 

2. ACCURACY MAXIMIZATION 
Genetic algorithms have been successfully used to improve the 
accuracy of fuzzy systems under the name of genetic fuzzy 
systems [3], [7], [8] since the early 1990s [18], [21], [22]. Let S be 
a fuzzy system (i.e., a set of fuzzy rules). Then the learning task 

in those studies can be viewed as the following optimization 
problem: 

Maximize  Accuracy(S),         (1) 

where Accuracy(S) is an accuracy measure (e.g., classification 
rate in the case of the design of fuzzy classification systems). 

In the early 1990s, learning techniques of neural networks such as 
the back-propagation algorithm were also frequently used to 
improve the accuracy of fuzzy systems in neuro-fuzzy systems [9], 
[15]. Whereas continuous parameters were fine-tuned in neuro-
fuzzy systems, genetic algorithms were used to perform not only 
parameter tuning but also discrete optimization such as input 
selection, rule generation, rule selection and fuzzy partition. 

3. COMPLEXITY MINIMIZATION 
It is well known that the accuracy maximization of learning 
systems for training data often leads to the decrease in their 
generalization ability for test data. Thus the determination of the 
optimal complexity with the maximum generalization ability has 
been an important research issue in machine learning (especially 
in statistical learning theory [1]). In the design of fuzzy systems, 
complexity minimization was discussed in the late 1990s not only 
for improving their generalization ability but also for increasing 
their interpretability [13], [17], [20]. Fuzzy system design in those 
studies can be viewed as the following optimization problem: 

Optimize  f (S) = f (Accuracy(S), Complexity(S)),       (2) 

where f (S) is a scalarizing objective function (i.e., a scalar fitness 
function), which combines an accuracy measure Accuracy(S) and 
a complexity measure Complexity(S). 

An example of the scalarizing objective function f (S) in (2) is the 
following weighted sum objective function [13]: 

Maximize  f (S) = w1. Accuracy(S) − w2. Complexity(S),      (3) 

where w = (w1, w2) is a non-negative weight vector. The number 
of correctly classified training patterns and the number of fuzzy 
rules were used as an accuracy measure and a complexity 
measure in [13], respectively. Genetic algorithms were used to 
simultaneously perform the accuracy maximization and the 
complexity minimization.  

One difficulty in the weighted sum-based approach in (3) is that 
the specification of an appropriate weight vector is not easy and 
problem-dependent whereas the finally obtained fuzzy system 
strongly depends on its specification. Almost all the above-
mentioned studies with scalarizing objective functions share 
similar difficulties (i.e., it is not easy to determine an appropriate 
scalarizing objective function). 
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4. MULTIOBJECTIVE DESIGN 
Whereas a single fuzzy system is obtained from (3) in single-
objective approaches, a large number of non-dominated fuzzy 
systems are obtained in multiobjective approaches by solving the 
following multiobjective problem: 

Maximize  Accuracy(S)  and  minimize Complexity(S).      (4) 

For example, two-objective fuzzy rule selection was proposed in 
[10] to search for non-dominated fuzzy classifiers with respect to 
the maximization of the number of correctly classified training 
patterns and the minimization of the number of fuzzy rules. 

In [11], [12], [14], not only the number of fuzzy rules but also the 
total number of antecedent conditions (i.e., the total rule length) 
was minimized. That is, the multiobjective problem in (4) was 
modified by using two complexity measures as follows: 

Maximize  Accuracy(S)  and   
   minimize Complexity1(S) and Complexity2(S).       (5) 

The basic idea of multiobjective approaches is to search for a 
number of non-dominated fuzzy systems with different accuracy-
complexity tradeoffs. Multiobjective genetic algorithms [4] have 
been used for this task.  

5. FUTURE RESEARCH ISSUES 
Recently multiobjective approaches have also been used in other 
areas such as neural networks, genetic programming, data mining, 
and input selection [5], [6], [16]. Since the accuracy maximization 
and the complexity minimization are main goals in the design of 
almost all learning systems, multiobjective approaches will 
become more popular in various areas related to machine learning. 
One future research issue is the formulation of interpretability of 
fuzzy systems. Another interesting research issue is the scalability 
improvement of genetic algorithm-based approaches to huge data 
sets. Parallel distributed implementation [19] seems to be a 
promising direction toward the scalability improvement. 

6. CONCLUSIONS 
This paper briefly reviewed the main stream of genetic algorithm-
based approaches to fuzzy system design. For more complete 
reviews on genetic fuzzy systems, see [3], [7], [8]. A complete list 
of multiobjective genetic fuzzy systems is available in [2]. 
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