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A Design of GA-based TSK Fuzzy Classifier and Its Application
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Abstract

In this paper, we propose a TSK(Takagi-Sugeno-Kang)-type fuzzy classifier using PCA(Principal Component
Analysis), FCM(Fuzzy c-Means) clustering, ANFIS(Adaptive Neuro-Fuzzy Inference System) and hybrid GA(Genetic
Algorithm). First, input data is transformed to reduce correlation among the data components by PCA. FCM clustering
is applied to obtain a initial TSK-type fuzzy classifier. Parameter identification is performed by AGA(Adaptive GA)
and RLSE(Recursive Least Square Estimate). Finally, we applied the proposed method to Iris data classification
problems and obtained a better performance than previous works.
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