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Face recognition based on Gabor features and kernel discriminant analysis method

LIU Jing, ZHOU Ji-liu
( School of Electronics and Information Science, Sichuan University, Chengdu Sichuan 610064, China)

Abstract: A Gabor features based classification using kernel discriminant analysis for face recognition was introduced.
First an augmented Gabor feature vector was derived from the Gabor filters. Then the kernel discriminant analysis (KDA) method
was used for enhanced face recognition performance. The Gabor features characterized by spatial frequency, spatial locality, and
orientation selectivity can do with the variations due to changes in illumination and facial expression. The KDA method can

derive the nonlinear discriminant features in the input space. The feasibility of this method has been tested by experiments.
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