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Study on One-C lass C hssifiers Based On KemelM ethod

Feng A im n  Chen Songcan
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Abstract As state-of the-art algorithm s based on kemelm ethod one-chss SVM (OCSVM ) and SupportV ectorData D e-
scripton (SVDD) mwot into the sound theoretical bass of statistical karning theory In order b decrease the VC d i en-
son for pranoting the genemlzaton ability OCSVM tries to find a hyperp hnew ith the furhestd stance © the origmn for
m nim izing te posiive half space lved bymostof the target data W hile SVDD tries to find them nmalvolime hyper
sphere encbsing most of the given sanples Focusing on the two algoritms san e variants or in proved versns are pro-
posed to avoid san e disadvantages of the abovemodels In this paper we review most of these varants and g ve a de-
tailed rehtion among the discussed akorithms to the orgnalmodek
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