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Abstract

In order to reduce the sensitivity of the face recognition algorithm to occlusion, a robust occlusion
block sparse representation classification face recognition algorithm is proposed. The sparse re-
presentation algorithm uses the sparsity of high-dimensional data distribution to perform model-
ing, which can deal with high-dimensional image and effectively avoid dimension disaster. Block
thinking is introduced in this algorithm. First of all, face image is divided into blocks which are
independently sparse representation classification, and then a joint determination by all classifi-
cation sub-blocks. The improved algorithm not only avoids the image feature extraction process
information loss caused, but also avoids the loss of face parts information on the overall recogni-
tion results. Through simulation experiments on AR and Yale face database, it can be drawn that
the improved algorithm can significantly improve the recognition rate of occluded face image, and
also have some certain robustness under variable illumination.
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Figure 1. The illustration based on sparse representation of blocks
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Figure 2. Face images with different occlusion area
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Figure 3. SRC and improved algorithm recognition rate comparison on
different occlusion area
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Figure 4. The recognition rate comparison on different Resolution and

block mode
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Figure 5. The recognition time comparison on different Resolution and

block mode

E 5. ARSHERSFRF RIS E LRI B HF20

Table 1. The recognition rate comparison about different algorithm

= 1 JLMEREESE AR AR RIS

ﬁ;zt:\\\\f}\ ﬁfz\ 20*30 30*30 40*30
NN 72.9% 76.2% 79.8%

SRC 81.4% 87.0% 88.3%

P+V +SRC 90.3% 89.5% 92.1%
AL 92.5% 99.0% 98.0%
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