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Multi- Class Support Vector Domain Description for Pattern
Recognition Based on a Measure of Expansibility

7ZHU Xiao-kai, YANG Degui
( Research Institute o Space Eledronics Information Technology , College o Electric Science and Engineering, NUDT , Changsha, Hunan 410073, China)

Abstract:  Classic SVDD classifiers, which use distance measures, have lower recognition rate than normal two class SVM
classifiers. After analyzing the causes, a new measure is proposed, which can represent the more essential relationship between sam-
ples and categories. And then, a multr level SVDD is proposed. The experiment on real one dimensional range pwofiles data show s
that, the multr level SVDD reserves the lower complexity, higher expansibiliy and fewer requirements to sample size, ERs are re-
duced effectively, CR is increased even to the level of two class SVM classifiers.
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