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3 Steps LVQ Leaming Algorithm using Forward C.P. Net.
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Abstract

In this paper, we design the leaming algorithm of LVQ which is used Forward Counter
Propagation Networks to improve classification performance of LVQ networks. The weights
of Forward Counter Propagation Networks which is between input layer and cluster layer
can be leamed to determine initial reference vectors by using SOM agorithm and to leamn
reference  vectors by wusing LVQ adgoithm  Finally, patterm vectors is classified into
subclasses by newrons which is being in the cluster laver, and the weights of Forward
Counter Propagation Networks which is between cluster laver and output layer is learned
to classify the classified subclass, which is enclosed a class. Also, if the number of classes
is determined, the number of newons which is being in the input layer, cluster layer and
output layer can be determined. To prove the performance of the proposed learning
algorithm, the simulation is performed by using traimng vectors and test vectors that are
Fisher's Iris data, and classification performance of the proposed leaming method s
compared with ones of the conventional LVQ, and it was a confirmation that the proposed
learning method 1s more successful classification than the conventional classification.

» Keyword : SOM, LVQ, F.CP. Networks, in-star leaming rule, out-star leaning rule,

pattern classification
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