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SOM that preserves class-proximity and its application to pattern classification
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This paper presents a modified Self-Organizing Map algorithm which can preserve in addition to
proximity-relation also the so called class-proximity in addition. In the learning process, CPSOM refers not
only to the feature vectors of input data but also their classes. As a result, CPSOM is capable of building a
clustered map of the data. Therefore, CPSOM can be used for data classification using nearest neighbor
method. The proposed CPSOM is applied to several benchmark problems and compare its performances

with MLP.
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