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A Face Recognition Method
Based on Kernel Locality Preserving Projection

QI Yongfeng'  HUO Yuanlian®

(1. College of Computer Science and Engineering Northwest Normal University Lanzhou 730070 China; 2. College
of Physics and Electronic Engineering Northwest Normal University Lanzhou 730070 China)

Abstract: To effectively extract non-inear structure information of face images a novel method based
on maximum scatter difference rule was proposed in this paper. Firstly the kernel function was used to
map original sample data into high dimensional feature space and the scatter matrices were obtained.
Secondly the nearest graphs of original sample data were embedded into scatter matrices; then the
maximum scatter difference was used to extract the feature of samples. Experimental results on Pie and
Yale face databases demonstrate that the proposed face recognition method is efficient and its top
recognition rate can reach 99% .
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Tab.2 Comparison of recognition rates under varying training sample numbers
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