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Abstract

There have been a lot of considerations dealing with improving the performance of neuro-fuzzy system. The studies
on the neuro—fuzzy modeling have largely been devoted to two approaches. First is to improve performance index of
system. The other is to reduce the structure size. In spite of its satisfactory result, it should be noted that these are
difficult to extend to high dimensional input or to increase the membership functions.

We propose a novel neuro-fuzzy system based on the efficient clustering method for initializing the parameters of
the premise part. It is a very useful method that maintains a few number of rules and improves the performance. It
combine the various algorithms to improve the performance. The Expectation-Maximization algorithm of Gaussian
mixture model is an efficient. estimation method for unknown parameter estimation of mixture model. The obtained
parameters are used for fuzzy clustering method. The proposed method satisfies these two requirements using the
Gaussain mixture model and neuro-fuzzy modeling. Experimental results indicate that the proposed method is capable
of giving reliable performance.

Key words @ Neuro-Fuzzy System, Gaussian Mixture Model, Adaptive Network-based Fuzzy Inference System,
Maximum Likelihood Estimation
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