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ABSTRACT

In the case where the set of training vectors constitute clusters, the codevectors of the codebook which is used to
compression for speech and images in the vector quantization are regarded as the central vectors of the clusters
constituted by given training vectors, In this work, we consider the distribution of Euclidean distance obtaining in
the process of searching for the minimum distance between vectors, and propose the method searching for the
proper number of and the central vectors of clusters, And then, the proposed method shows more than the about 4

(dB] SNR than the LBG algorithm and the competitive learning algorithm
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