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Improved kernel method for clustering based on fuzzy 1-SVM
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Abstract : By replacing the distance rule with fuzzy factors, an SVM featured fuzzy membership function of training
pointsisintroduced to work on the error coefficient. By punishing the weight of the remote points, the clustering
center is prevented from being attracted by the abnorma data edge, thus the robustness against the remote pointsis
improved without extra complex searching of parameters. Computer smulations show that, under the same initial
conditions, the improved a gorithm works more efficiently than the original one on irregularly distributed data.
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