8 SR
2014 FF 5%\

it B oMM %

Computer Science

Vol. 41 No.6A
June 2014

% B SRR vs-svm AR R IFIR A B

FE s

A RRE.

I B

(IAMERERETENSEEIEER  BM 450002)

(AXHEFREXRFRFIEFR AR 710071)?

(MABTRFITENRZESERZR £1E 45400000

B B AAAFIHATNORESARBRTNAS LR T Mk, G2 L IMNEARESXT LH AT
ERTHOR E—FRETELH A NS LG RAR, %43 MLSSVM 8§ 5 55 i6 i a RAe B 30 4 & 8t
AHOENOEAARNRA CES NS A TFHLLEAAREE RN, AARALE G RR TSNS
AR R T £ A AGE S e MLS-SVM AR A R0 k. R0 A0, AR A M DU b 568 1 45 20 5 0 3

BB AR TRRR.

XA 3 3@, AREERMN. S HHE, R R EE

FEZESTES Tp301.4 MREARIRRS A

Improved Face Emotion Identilication Algorithm by MLSSVM with Modiflied Gauss Kernel Function
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Abstract Aiming at the map of the low dimension data space for support vector machines (SVM) to high dimension

feature space,the Riemann measure tensor was used to extend the SVM linear disjunctive borders,and the SVM classi-

fication accuracy was improved, In fact, the good multiple resolution approximation accuracy of MLS-LSM has the simi-

lar process to that of the face emotion identification of human eyes, Therefore, one face emotion identification algorithm

with the improved MLS-SVM by Guass kernel function was proposed in this paper.which could improve the face emo-

tion identification accurate. At last, the numerical evaluation results show that the accurate of face emotion identification

1s improved with the comparison to two classification approaches,
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