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SVM generalization error estimation for facial feature selection
Li Wei-hong, Gong Wei-guo, Yang Li-ping, Gu Xiao-hua

(Key Laboratory of Opto-electronic Technology & System of the Ministry of Education ,
Chongqing University , Chongqing 400044, China)

Abstract: To investigate the validity of Support Vector Machine(SVM) generalization error bounds as
the feature selection criterion, a novel framework of facial feature selection based on Filter and Wrap-
per approaches was proposed. By taking a Wavelet Transformation(WT) and Kernel Principal Com-
ponent Analysis(KPCA) as a Filter approach, the Vapnik-Chervonenkis(VC) Leave-one-Out (LOO)
error bound was minimized. Then, the span bound of support vector was regarded as the feature selec-
tion criterion of Wrapper approach. Finally, Recursive Feature Elimination(RFE) search strategy was
used for searching optimum facial subset. The experiments on UMIST face database were executed by
the proposed method. The experimental results indicate that the facial feature dimensions can be re-
duced to 80 and 70, respectively, while both of the classification accuracies remain over 94% , so the
proposed feature selection criterion and search strategy are effective for facial feature selection.

Key words: Support Vector Machine(SVM) generalization error; facial feature selection; Filter ap-

proach; Wrapper approach; Recursive Feature Elimination(RFE)
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Tab.1 Experimental results

UMIST Facial database

Feature number

Recognition rate/ % Recognition time/s

Original +SVM 10 304
WT+SVM 1326
KPCA+SVM 119
WT-+KPCA-+SVM RFEC || wl| 2 100
WT+KPCA+SVM RFE(LOO) 80

WT+KPCA+SVM RFE(span) 70

86.92 15.893 0
92.69 1.041 0
94.62(d=0. 1D 0.110 0
94.62(d=0. 1) 0.080 0
94.62(d=0.1) 0.081
94.23(d=3) 0.032
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