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Face Recognition Algorithm Based on Novel Low-Rank and Block-Based Sparse Repre-

sentation
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(1. School of Electronic & Information Engineering, Nanjing University of Information Science & Technology, Nanjing, 210044,
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Abstract: Aiming at the problem of human faces with varying expression and illumination, as well as oc-
clusion and disguise, a face recognition algorithm is proposed based on local structural sparse representa-
tion. This algorithm combines low-rank matrix recovery with structural incoherence and discrete cosine
transform (DCT) method to remove occlusion, disguise and illumination variations in face image. Mean-
while, the partial information is fully utilized by using sparse codes of local image patches with spatial
layout. In the classification stage, the algorithm effectively improves the recognition rate based on a novel
alignment pooling method. Extensive experiments are conducted on publicly available face databases.
Compared with the related state-of-the-art methods, the experimental results demonstrate the accuracy
and efficiency of the proposed method.
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Fig.1 Human face illumination processing based on DCT transform
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Fig. 8 Recognition performance on the extended Yale B database
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Table 3 Recognition rate under different scenarios %
5 LRC SRC CRC_RLS AR ICT
Wi 2 87.1 93.9 94.1 95.1
a3 81.9 90. 0 89.3 90.5
Yisc 4 84.3 94.0 93.3 95.0
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