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Human face recognition algorithm based on » norm QR- KPCA
MU Xinliang, ZHOU Shuisheng, ZHENG Ying
(School of Mathematics and Statistics, Xidian University, Xi’an 710126, China)

Abstract; KPCA is an important human face recognition method for the non-linear feature extrac-
tion. But it cannot effectively realize the large-scale training data bank for kernel matrix is too
large and calculation cost is too high, and the use of traditional Euclidean distance metric is diffi-
cult to raise recognition rate by a large margin, This research suggests that PCA base on QR de-
composition be extended to KPCA and that p norm measurement be used to solve this problem.
First of all, the main element Cholesky decomposition is selected to obtain the low rank approxi-
mation of kernel matrix K, and then, small-scale matrix H is to carry out QR decomposition.
Through some deductions, the eigenvectors of centralized kernel matrix can be obtained so as to
realize KPCA non-linear feature extraction. In the classification recognition stage, a break-
through is made in the restriction by the traditional Euclidean distance metric, and the p norm
can be used as the method to measure the similarity in this research. A large number of experi-
ments have been conducted in ORL and AR human face data bank. Also, a study is made of p
value taking to the principal components analysis (QR-PCA) based on QR decomposition and
effect on QR-KPCA Algorithm recognition rate, The experiments results indicate that the QR-
KPCA treatment of human face recognition problem is of very high recognition rate under this p
norm significance.
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