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Advance Neuro-Fuzzy Modeling Using a New Clustering Algorithm

& KA - B HET-HNFE BT
(Sung-Suk Kim, Sung-Soo Kim, Jeong-Woong Ryu)

Abstract - In this paper, we proposed a new method of modeling a neuro-fuzzy system using a hybrid clustering
algorithm. The initial parameters and the number of clusters of the proposed system are optimally chosen simultaneously
with respect to the process of regression, which is a unique characteristics of the proposed system. The proposed
algorithm presented in this work improves the overall performance of the proposed a neuro—fuzzy system by choosing a
proper number of clusters adaptively according the characteristics of given data. The process of clustering is performed
by deciding on the number of classes, which yields the property of convergence of the system. In experiments, the

superiority of the proposed neuro-fuzzy system
clustering of learming speed.
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