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Fig.2 Face images of a person in ORL face database
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Fig.3 Recognition rates under different wavelet bases
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Face Recognition Research Based on Weighted Wavelet Decomposition

SU Shi-mei, WANG Yan, WANG Ming-xia

(School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract. Wavelet transform can effectively decompose an image into high-frequency and low-frequency infor-
mation. Existing face recognition algorithms mostly based on the low-frequency information do not take full use
of the high-frequency information. PCA has been widely used in face recognition algorithms because of its sim-
ple realization and high recognition rate for frontal faces. But PCA is computationally intensive, and it’s vul-
nerable to the changes of illumination and facial expression. This paper presents a new face recognition method
uniting weighted wavelet decomposition with the PCA algorithm. This method can make up for the disadvan-
tage of the traditional PCA algorithm which is sensitive to the changes of illumination and facial expression, for
the face details are fully utilized through the weighted fusion of the secondary decomposition of wavelet low fre-
quency components and setting the new weighted values to the first three maximum principal vectors of PCA.
Experimental results show that the proposed method has a marked improvement in recognition rate and training
time.

Key words: wavelet decomposition; PCA ; face recognition; discrete wavelet transform



