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Abstract: A fuzzy support vector machine (FSVM ) controller isproposed w hich integrates fuzzy logic and support
vector machines (SYM ). The structure and learning algorithm s of proposed FSYM controller is analysed A nd its
learning procedure includes two parts offline training of SYM and online training of fuzzy scale factors Compared
w ith fuzzy neural neworks (FNN) oontroller, FSYM oontroller has snaller training-size, better generalization

ability, and avoids problem s of over-fitting, experiential selection of structure Smulation results show that FSYM

controller has good control capability.
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