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A Fuzzy Neural Network Model Solving the Underutilization
Problem
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Abstract

This paper presents a fuzzy neural network model which solves the underutilization problem. This fuzzy neural
network has hoth stability and flexibility because it uses the control structure similar to ART(Adaptive Resonance
Theory)-1 neural network. And this fuzzy neural network does not need to initialize weights and is less sensitive to
noise than ART-1 neural network is. The leamning rule of this fuzzy neural network is the modified and fuzzified
version of Kohonen learning rule and is based on the fuzzification of leaky competitive learning and the fuzzification
of conditional probability. The similarity measure of vigilance test, which is performed after selecting a winner among
output neurons, is the relative distance. This relative distance considers Euclidean distance and the relative location
between a datum and the prototypes of clusters. To compare the performance of the proposed fuzzy neural network
with that of Kohonen Self-Organizing Feature Map the IRIS data and Gaussian-distributed data are used.
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