10 Vol.32 No.10
2004 10 ACTA H_ECTRONICA SINICA Oct. 2004

( , 710049)
(KPCA) (Svm) ,
, S/M . 4
: KPCA , M . , KPCA
: S/M ;
78.6 %.
(KPCA) ; (svm) ; ; (EEGQ

R318 DA : 03722112 (2004) 10-1749-05

Clasgfications of EEG during Mental Tasks by Kernel Learning Algorithms

XUE Jian-zhong , YAN Xiang-guo ,ZHENG Chong-xun
( Key Laboratory d Biomedical Information Enginesring o Education Ministry , Xi’ an Jiaotong University , Xi’ an, Shaanxi 710049, China)

Abgtract:  The fundamentals of two kernd-based learning algorithms which are kernd principa conponert anayss ( KPCA)
and support vector machines (SYM) ,are introduced. An egimation formula of upper bound of generdization error is gven to edimate
the optima kernd parameters and pendization factor of the S/M. Sx-channd EEG data were recorded from four subjects while they
performed three different menta tasks. A multivariate autoregresive (MVAR) nodd is goplied to extract the featuresdf EEG. The di-
mendondity o the feature vectorsformed by the codficientsdf MVAR node sis reduced by KPCA firg. Then the feature vectorswith
lower sze are used asinputsdf SYM with optima parametersto train and tegt classfication accuracy for three mentd tasks. The class-
fication accuracies indicate that the KPCA technique is a powerful feature selector in highr dimengdond festure pace ,and optima SYM
can get optima resuitswhich are sgnificantly better than that of Radid Bass Function (RBF) network. The average clasdfication ac-
curacy over three mentd tasks of four subjects achieves 78. 6 %.
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