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Occlusion Face Recognition Based on Binary Label Relaxation
HAN Xiao,MA Xiang

(School of Information Engineering,Chang’ an University, Xi’ an 710064 ,China)

Abstract ; Occlusion face recognition is one of the challenges faced by face recognition systems. In natural scenes, face features are

usually occluded by masks and other items, resulting in incomplete face features, which cannot correctly extract facial feature information

and seriously affect the final recognition results. Aiming at the problem of poor face recognition under occlusion, we propose a new
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regression model based on binary label relaxation by using the advantages of low—rank technology and binary label relaxation model. The
model expands the inter—class distance between samples by learning a more relaxed label matrix instead of the strict 0—1 label matrix ,and
uses low-rank constraints on the binary relaxed label matrix to improve the intra—class similarity of the samples. Therefore,the proposed
method can extract more discriminative features, which is beneficial to face recognition under occlusion. In addition, the introduced regu-
larization term effectively avoids the over—fitting problem of the proposed method. The experimental results on the Yale B, LFW and
CMU PIE datasets show that the proposed method can not only obtain a higher recognition rate in the laboratory environment, but also
achieve better recognition performance in the natural scene.
Key words: face recognition;low rank technology ;binary relaxation label ; feature extraction ;occlusion
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