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Abstract According to powerful compression and expression ability for high-dimensional image of wavelet multi-scale
transformation, a feature extraction and recognition technology of intersected human face based on wavelet transform and
KPCA ( kernel principal component analysis) is propesed in this paper. With this method, the image of human faces are
firstly divided into small different pieces which then being transformed with wavelet transformation algorithm. Secondly
according to the positions of intersected small images coefficients of different frequency are chosen as extracted warelet
features. Thirdly with KPCA the principal components of these features and then by combining these the ultiwate
discriminate features are obtained. Finally the features are classified with the classifier of SVM ( support vector machine).
The experimental results on ORL and Yale face database show that the proposed method is superior to traditional PCA
methods and KPCA methods with wavelet transformation, and it is also fairly robust to the variety of different illumination
condition, face pose and expression.
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Fig.1 Face decomposition with 2-Dimensional DWT
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Fig.3  Algorithm flowchart of this paper
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Tab.1 Coefficients of biorthogonal wavelet filter group

n 0 +1] +2 +3 +4

c[n] 0.852699 0.377403 -0.110624 -0.023849 0.037828

¢[n] 0.788486 0.418029 -0.040689 -0.064 539 0
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Tab.2 Average recognition results with KPCA and SVM

of different wavelet features extraction methods
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Tab.3 Average experimental results based on KPCA and

different layer wavelet transform

RAE HEHR HEHE BHE
(%)  BE()  (s) (s)

373.17

A E RHE W

KPCA 92.26 341.74 31.43

ORL l-level DNT+KPCA 93.82 120.52 30.27 150.79
ABE 3.evel DWT +KPCA 95.74 53.37 29.61  82.98

3-level DWT + KPCA 98.52 34.06 29.37 63.43

KPCA 86.29 402.16 29.92 431.92

Yale 1-level DWT+KPCA 91.63 149.85 29.53 179.38

ABE 3.evel DWT +KPCA 95.58 74.28 29.06 103.34

3-level DWT + KPCA 96.41 47.63 28.35 75.98
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Fig.4 Population variance of recognition rate of different

experimental times on ORL database
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