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Abstract - The pap&r concerns the successive optimization for structure and parameters of fuzzy inference systems

that is based on Parallel
genetic algorithms
s realized with the aid of

the Crmeans clustering.

,and it iy used o optimize structiwe and parameters of fuzzy model simultaneously.
The concept of information granulation was applied to the fuzzy

Genetic Algorithms (PGAY and information data granulation (IG). PGA Is muliti-population based

The granulation

model in order to enhance the abilities of structural optimization. By doing that, we divide the input space to form the

premise part of the fuzzy
data group extracted by

mput variables to be used in fuzzy

rules and the consequence part of each fuzzy rule is newly organized based on center points of
the C-Means clustering. It concerns the fuzzy model-related parameters such as the number of
model, a collection of specific subset of input variables,

the number of membership

" functions according to used variables, and the polvnomial tvpe of the consequence part of fuzzy rules. The simultaneous

optimization mechanism is explored.
PGA, the Crmeans clustering

and standard least square method at once.

proposed algorithm s superior to the conventional methods,

It can find optimal values related to structure and parameter of fuzzy model via

A comparative analysis demonstrates that the

Key Words ‘Parallel genetic algorithm, fuzzy model, information granulation, successive tuning
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