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Research of SVM's C kssification Based on Correspondence Analysis

WANG Juan, HE X ing-hi ZHAO Ferjun
(School of Science X 1an Polytedin t University X ign 710048 Chia)

Abstract A model of SVM's chssificatbn based on wirespondence analysis is proposed Thismodelnot only can reduce

the dinensbn of variables and sanp ks but elm nate the crrelation bew een than. Thereby the classification acairacy of

SVM can be effectively mproved by reducing the traning tm e of SVM. Experim ental results show that them ethod is feasb k

Key words SupportVectorM achine( SYM ); correspondence analysis classification mode] factor analysis



