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Using Kernel K-Means Clustering Reducing Method for the Optimization of
Semi-Definite Programming SVM
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(1. Electronic Commerce Department of Business School Jiangxi Normal University Nanchang Jiangxi 330022 China;
2. CPC Fuzhal Municipal Party Fuzhou Jiangxi 344000 China;
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Abstract: Kernel K-means clustering method is proposed for abstracting the border support vector data set from

training data set. The semi-definite programming SVM is solved on border set. The SVM scale is reduced as the bor-

der set is less than the original training data set and the optimization of semi-definite programming is implemented.

The experimental results on UCI data set show that the new SVM training time is several times less than the original

one and the classification accuracy of new SVM is equals to original one.
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