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Abstract

In this paper,

a new parallel neural network system that performs dynamic competitive

learning is proposed. Conventional learning methods utilize the full dimension of the original

input patterns. However,

necessarily contribute to classification. The

a particular attribute or dimension of the input patterns does not
proposed system consists of parallel

neural

networks with the reduced input dimension in order to take advantage of the information in

each dimension of the input patterns.

collective classification using parallel neural

networks performs a competitive

learning proceeds.

Consensus schemes were developed to decide the
networks.
learning that dynamically generates output neurcns as
Each output neuron has its own class threshold in the proposed dynamic

Each network of parallel neural

competitive learning. Because the class threshold value dynamically is changed during the

learning phase,

the proposed neural network adapts properly to the input pattern distribution.

Experimental results with remote sensing and speech data indicate the improved performance
of the proposed method compared to the conventional learning methods.
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works.
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