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An Automatic Fuzzy Rule Extraction using CFCM
and Fuzzy Equalization Method
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ABSTRACT

In this paper, an efficient fuzzy rule generation scheme for Adaptive Network-based Fuzzy Inference
System(ANFIS) using the conditional fuzzyc-means(CFCM) and fuzzy equalization(FE) methods is proposed.
Usually, the number of fuzzy rules exponentially increases by applying the grid partitioning of the input space,
in conventional ANFIS approaches. Therefore, CFCM method is adopted to render the clusters which
represent the given input and output fuzzy data and FE method is used to automatically construct the fuzzy
membership functions. From this, one can systematically obtain a small size of fuzzy rules which shows
satisfying performance for the given problems. Finally, we applied the proposed method to the truck backer-
upper control and Box-Jenkins modeling problems and obtained a better performance than previous works.
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