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( The Modified LVQ method for Performance Improvement of Pattern
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Abstract

This paper presents the modified LVQ- method for performance improvement of pattern classification.  The proposed
method uses the skewness of probability distribution between the input vectors and the reference vectors. During training,
the reference vectors are closest to the input vectors using the probabilistic distribution of the input vectors, and they are
positioned to approximate the decision surfaces of the theoretical Bayes classifier. In order to verify the effectiveness of
the proposed method, we performed experiments on the Gaussian distribution data set, and the Fisher's IRIS data set. The

experimental results show that the proposed method considerably improves on the performance of the LVQI1, LVQZ, and
GLVQ.
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