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Fig.1 Some examples of images in AR database

Fig. 2 Some examples of images in ORL database
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Fig. 3  Some examples of images in FERET database
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Fig.4  Some examples of images in YALE database
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Tab.1  Recognition performance comparison of different methods on ORL database
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Tab.2  Recognition performance comparison of different methods on FERET database
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Tab. 3 Recognition performance comparison of different methods on YALE database
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Tab.4  Recognition performance comparison of different methods on AR database
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A New Method Based on the Nearest Neighbor Sparse Representation in Face Recognition

SHI Zhigang', JIANG Ling?
(1. Department of Management and Information, Nantong Vocational & Technical Shipping College, Nantong Jiangsu 226010 ;
2. Center of Information Management of Southwest Computer Co. , Ltd. , Chongqing 400060, China)

Abstract: Sparse representation has been widely used in human face recognition in recent years. Because in reality, illumination.,
pose, even occlusion and the other differences often inevitably exit in the various images, if using these image samples that have va-
rious differences to represent the images in a particular state, the effect of representation is bound to be affected. In order to further
improve the performance of sparse representation in human face recognition, the article introduce the nearest neighbor thought based
on the original collaborative representation classification (CRC) algorithm, namely choosing some training samples that are similar
to the testing sample, so as to construct the new sample set for collaboratively representing, and the coefficients for each kind of
samples are used to reconstruct the tested sample respectively, finally, using all the reconstructed samples for collaboratively repre-
senting again. This secondary sparse reconstruction method based on the nearest neighbor samples makes the recognition more accu-
rate, and to a certain extent, improves the running efficiency. In the ORL, YALE, FERET and AR face database, simulation ex-
periments are carried out, and the results verify the validity of the proposed method.

Key words: sparse representation; collaborative representation classification; human face recognition; occlusions; nearest neighbor

samples; secondary sparse reconstruction
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