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Abstract

This paper presents a new learning method for a noise tolerant Fuzzy ART. In the
conventional Fuzzy ART. the top-down and bottom-up weight vectors have the same value.
They are updated by a fuzzy AND operation between the input vector and the current value of
the top-down or bottom-up weight vectors. However, it can not prevent the abrupt change of
the weight vector and can not achieve good performance for a noisy input vector.

To solve the problems, we update these vectors separately: To prevent the abrupt change,
the top-down vector is updated using the weighted sum of the input vector and the current
value of the top-down vector. To achieve stability, the bottom-up weight vector is updated
using the fuzzy AND operation between the newly learred top-down vector and the current
value of the bottom-up vector. Computer simulations show that the proposed method
prominently resolves the category proliferation problem without increasing the training epoch
for stabilization in noisy environments.
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Table 1. Minimum vigilance value and the
number of training for stable
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