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Fuzzy Neural Network Model Using A Learning Rule
Considering the Distances Between Classes
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Abstract

This paper presents a new fuzzy learning rule which considers the Euclidean distances between the input vector and
the prototypes of classes. The new fuzzy learning rule is integrated into the supervised IAFC neural network 4. This
neural network is stable and plasticc. We used iris data to compare the performance of the supervised IAFC neural
network 4 with the performances of back propagation neural network and LVQ algorithm.

Key words @ Learning rule, Fuzzy vector quantization, Supervised IAFC neural network 4, Euclidean distance,
Decision boundary.
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