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ABSTRACT

This paper presents an approach to obtain a reduced neuro-fuzzy model for a plant. The Neuro-Fuzzy
Networks are composed of the Radial Basis Function Networks with Gausis membership and learned by using
temporal back propagation. The dependency in rough set theory is used to eliminate rules. Dependency between
the condition membership value of each rule in a model and the output of the plant can allow us to see how
much contributive the rule is to identify the plant. While the reduced model maintains the same performance
as the original one, the selection algorithm can minimize its complexity and redundancy of the structure.
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