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Research of Face Recognition Algorithm Based on Nonnegative Tensor Factorization

LIANG Qiu-xia HE Guang-hui CHEN Ru-li CHU Jian-pu

(College of Mathematics and Statistics, Chongging University, Chongging 401331, China)
Abstract Face recognition is an active research area of biometric identification. Nonnegative tensor factorization is the
multiple linear extension of nonnegative matrix factorization, which has been successfully applied to face recognition and
other fields. A face recognition algorithm based on nonnegative tensor factorization was proposed. This method need not
transform a face matrix into a vector, thereby maintaining the internal structure of the human face matrix, thus maintai-
ning the overall structure of the facial images and making the extraction of facial feature more accurate. The experimen-
tal results show that,compared with the classical face recognition algorithms such as PCA and NMF, the face recogni-

tion algorithm based on nonnegative matrix factorization provides better representation of face patterns and improves
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the accurate rate of face recognition,
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