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Abgract : Inspired with the ideas of support vector machine (SVM) between-class maximal clasdication margin and
support vector data description (SVDD) within-class minimal description volume, a novel learning machine mode! ,
maxi mal- margin minimal-vol ume hypersphere SYM (MM HSVM) , isproposed in this paper. Two different concentric
hyperspheres are builted in the model , positive samples are packed in small hypersphere and negative samples are
excluded outsde large hypersphere. The between-class margin is maximized by model objective function, which
realizes the maximization of between-class margin and the minimization withinrclass volume, and the model
classfication performance is improved. Theoretical analyss and experimenta results show the efectiveness of the
proposed method.
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