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Abstract

This paper proposes an approach of identifying nonlinear mappings from input/output data.
The approach is based on the universal approximation by the fuzzy integration of local affine
mappings. A connectionist model realizing the universal approximator is suggested by using a
processing unit based on both the radial basis function and the weighted sum scheme. In
addition, a learning method with self-organizing capability is proposed for the identifying of
nonlinear mapping relationships with the given input/output data. To show the effectiveness
of our approach, the proposed model is applied to the function approximation and the
prediction of Mackey-Glass chaotic time series, and the performances are compared with other
approaches.
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