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Mode ing method of fuzzy inference system based on improved f uzzy
clugtering arithmetic
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Absgtract : An improved clustering method is presented by combining subtractive clustering and fuzzy C means
clustering (FCM) to speed up the convergence. Swatch collection of fuzzy inference system input or output is
clustered usng improved clustering method. Divison of fuzzy inference system input and output space and
determination of member function parameters are realized by fitting gauss type function and Stype function with trust-
region method. The improvement of the arithmetic and modeling of thefuzzy inference systemon the basisof standard
arithmetic are discussed with fuzzy toolbox and curve fitting toolbox of MA TLAB. Improved clustering method and
mode method are validated by clustering experiments with IRIS standard data and application in solving error
reflection in machining.
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