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Abstract - In this paper, we introduce a genetic optimization of fuzzy set-fuzzy model using successive tuning
nethod to carry out the model identification of complex and nonlinear systems. To identity we use genetic alrogithm
‘GA) -sand C-Means clustering. GA is used for determination the number of input, the seleced input variables, the
wmber of membership function, and the conclusion inference type. Information Granules (IG) with the aid of C-Means
slustering algorithm help determine the initial paramters of fuzzy model such as the initial apexes of the membership
unctions in the premise part and the initial values of polyminial functions in the consequence part of the fuzzy rules.
The overall design arises as a hybrid structural and parametric optimization. Genetic algorithms and C-Means clustering
are used to generate the structurally as well as parametrically optimized fuzzy model. To identify the structure and
sstimate parameters of the fuzzy model we introduce the successive tuning method with variant generation-based
svolution by means of GA. Numerical example is included to evaluate the performance of the proposed model.
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