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Abstract A novel intra-class sample selection method named kernel subclass convex hull sample selection algorithm is proposed and used for

SVM. The algorithm is an iterative procedure based on kernel trick. At each step, only one sample furthest to the convex hull spanned by chosen

samples is picked out in the feature space. Experiments show that a significant amount of training data can be removed without sacrificing the

performance of SVM, while the memory requirements and the computation time of the classifiers are reduced significantly.
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