
Fuzzy Systems Design By Simplex Particle Swarm Optimization  
Chia-Feng Juang (莊家峰), Chao-Hsin Hsu (許朝鑫)    Hao-Jung Huang(黃浩榮) 

Department of Electrical Engineering,           Department of Electrical Engineering, 
National Chung Hsing University,             Chung Chou Institute of Technology 

Taichung, 402 Taiwan, R.O.C.             Yuan-Lin, Chang-Hua, Taiwan, R.O.C. 
 
 

Abstract 
Fuzzy systems design by the hybrid of  

Simplex method and Particle Swarm Optimization, 
called SPSO, is proposed in this paper. In SPSO, each 
fuzzy system corresponds to a particle in PSO. On 
each learning iteration of SPSO, new particles are 
generated by PSO followed by the simplex method, 
where each particle is regarded as a point and the 
worst particle is replaced by a new particle generated 
by reflection, expansion, and contraction operations. 
To verify the performance of SPSO, nonlinear plant 
modeling by a fuzzy system is simulated. The result 
has verified the effectiveness and efficiency of the 
proposed approach.                          

Keywords- particle swam optimization, simplex 
method, nonlinear plant modeling, genetic algorithm. 

摘要 
本論文提出混合 simplex 法與粒子群聚最佳化演

算之方法，簡稱 SPSO，來執行模糊系統的設計。

在 SPSO 中，每一個模糊系統相對應為 PSO 中的

一個粒子。在每一個學習次數中，新的粒子由 PSO
產生後，再以 simplex 法來修正，其中每個粒子被

視為一個點，且最差的粒子將由反射、膨脹與壓縮

運算產生的新粒子所取代。為了驗證 CPSO 的表

現，我們模擬了以模糊系統作非線性系統的模式化

之問題。結果已驗證所提方法的可行性與效率。 
 

1. Introduction 
Evolutionary fuzzy system that generates a fuzzy 

system automatically by incorporating evolutionary 
learning procedures [1] has been proposed. Many 
evolutionary algorithms, such as genetic algorithm 
(GA) [2], have been proposed. Recently, a new 
evolutionary computation technique, the Particle 
Swarm Optimization (PSO), has been proposed [3,4]. 
Like GA, PSO is initialized with a population of 
random solutions. Its development was based on 
observations of the social behavior of animals such as 
bird flocking, fish schooling, and swarm theory. 
Successful applications of PSO to several 
optimization problems [4] have demonstrated its 
potential.  

To improve the performance of PSO, some 
approaches have been proposed, in which one 
category focuses on the modification of PSO itself [5], 
while another category focuses on the combination of 

PSO with other techniques, especially the other 
evolutionary computation techniques [6]. In this 
paper, a simplex particle swarm optimization (SPSO) 
is proposed, where the N-M simplex method [7] is 
introduced into PSO. Performance of the SPSO will 
be verified from applications on TSK-type fuzzy 
systems design.  

This paper is organized as follows. Section 2 
describes the fuzzy systems to be designed. The 
hybrid of PSO and simplex method is introduced in 
Section 3. In Section 4, an example is illustrated to 
demonstrate the performance of the proposed 
learning approach. The conclusions are summarized 
in the last section. 

 
2. Fuzzy Systems 

A TSK-type fuzzy system with the following rule 

is considered here, 

Rule i  :   
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where ( )x t  is the input variable, u is the output 
variable, and A  is a fuzzy set. For fuzzy set A , a 
Gaussian membership function with     

{ }2( ) exp ( )
x m

M x
σ

−
= −  

is used, where m and σ denote the mean and width 

of fuzzy set A , respectively. fuzzification process, 

crisp input x  is converted into a fuzzy singleton and 

is mapped to the fuzzy set ijA with degree ( )ijM x . 

In the inference engine, the fuzzy AND operation is 

implemented by the algebraic product in fuzzy theory. 

Thus, given an input data set 1 2( , , , )nx x x x= , the 

firing strength ( )i xµ of rule i  is calculated by 
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11
( ) exp{ ( ) }(2)

n n j ij

ij j jj

ij

x m
M x

σ==

−
= −∑∏               



initially in a population. The training patterns are the 

same as those used in [10]. The evolution proceeds 

for 1000 iterations. We set the rule number to be 3, 

where the antecedents of the rules are 1x  and 2x , 

and the consequence is of TSK-type. The simulation 

is repeated for 30 runs. The average RMSNE for the 

testing pattern is 0.7030%, which is better than that 

achieved by GEFREX. The average RMSNE 

achieved by the global best particle gp  on each 

iteration is shown in Fig. 1. One of the final learning 

results is shown in Fig. 2. 

For performance comparison, simulations on the 
original PSO and GA are performed for 30 runs. In 
GA, the population size and initial individuals are the 
same as those used in PSO. The rule number is set to 
three a priori. The parents for crossover are selected 
from the whole population, and tournament selection 
is used. We have adopted the elite strategy, where the 
best individual is copied to the next generation. 
Two-point crossover is performed. After several trials, 
the crossover probability and mutation probability 
that achieve the best GA performance are found to be 
0.8 and 0.1, respectively. The average RMSNEs for 
PSO and GA on each iteration (generation) are shown 
in Fig. 1, from which we see that SPSO achieves the 
best performance.  

 
5. Conclusion 

In this paper, a hybrid of two derivative-free 
optimization algorithms, the PSO and simplex 
method, is proposed for parameter optimization 
problems and is applied to fuzzy system design. 
Owning to the derivative-free property, SPSO may be 
applied to fuzzy system design problems where the 
derivative information is unavailable or costly to 
obtain. More applications on evolutionary fuzzy 
systems by SPSO will be studied in the future.  
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