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Clustering-based Large Scale Samples Support Vector Machines
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Abstract Training a support vector machines on a data set of huge size exists one problem with slow training process.
In this paper, we use a modified support vector machines- clustering-based support vector machines to resolve this prob-

lem, It speeds up the training process fastly comparing with conventional support vector machines under the almost

same classification precision.
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Algorithm;,

1. (Sp,Sn)=GetPNSample(S);

2. Se=KMC(Sp); Sne =KMC(S\) s
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