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Application to the Image Coding by the Modified Fuzzy
Competitive Learning Network

Bumro Lee'- Chinhyun Chung'

ABSTRACT

In designing a subcode book of the Classified Vector Quantization (CVQ), the Competitive Learning Network has a
weakness to ignore some code vectors with considerate membership, because of their binary representation. Fuzzy
Competitive Learning Network corrects such weakness with an adoption of the concept that each cluster has its
continuous membership. But the algorithm must determine the size of subcode book by applving a trial and ervor
procedure. In this paper, modified fuzzy competitive learning network, which has continuous membership extending
binary membership, i5 proposed, as an algorithm applying to CVQ. The proposed algorithm yields an adaptive
determination of the size of each subcode book according to the given sample vector in leaming process, and prevents
the designed subcode book from coming to a local minimum point by applving fuzzy concept to the competitive learning
algorithm,
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