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Abstract

In this paper, we designed a leaming algorithm of LVQ that extracts classification
errors and learns ones and improves classification performance. The proposed LVQ leaming
algorithm is the learning Networks which is use SOM to learn initial reference vectors and
out-star leaming algorithm to determine the class of the oufput nearons of LVQ. To
extract pattern vectors which cause classification errors, we proposed the error-cause
condition, which wuses that condition and constructed the pattern vector space which
consists of the Input pattern vectors that cause the classification errors and learned these
pattern vectors, and improved performance of the pattem classification.

To prove the performance of the proposed leaming algorithm, the simulation is
performed by using training vectors and test vectors that are Fisher'Inis data and EMG
data, and classification perfoomance of the proposed leaming method is compared with
ones of the conventional LVQ, and it was a confirmation that the proposed leaming

method 1s more successful classification than the conventional classification.

» Keyword : (EFSHIE{YRISHLVQ, (AT =H)error causing condition, (T{EI 2R )pattern
classification
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