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Sparse reconstruction algorithm based on secondary
nearest neighbor and face recognition
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(1. Educational Information Management Center, Nantong Vocational & Technical Shipping College, Nantong 226010, P. R. China;
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Abstract ; Sparse representation classification (SRC) based on the entire data set for face recognition largely affect the run-
ning efficiency. How to use the few samples for sparse representation while ensuring the computing efficiency, the recogni-
tion rate also has a certain improvement, especially in the light, angle, attitude and other uncontrolled environment, it is
still a problem. Taking into account the advantage of sparse solution based on /, norm in collaborative representation classi-
fication (CRC), on this basis, in order to further improve the overall classification performance of CRC, this article intro-
duces the nearest neighbor of the inner class, a sparse reconstruction method based on secondary nearest neighbor is pro-
posed. Firstly among the original training sample set, several samples of the inner class which are similar to the testing
sample were chosen to construct the nearest neighbor sample set, and they collaboratively represent the testing sample, and
the nearest neighbor samples in each class were used to reconstruct testing sample respectively, then some reconstructed
samples which are similar to the testing sample were chosen to collaboratively represent again, finally pattern classification
was realized. Experiments on the ORL and FERET database indicate that compared with some exitsing CRC algorithms, the
proposed method partly makes the running time short, and the recognition rate more accurate.

Keywords : sparse representation classification ; face recognition; collaborative representation classification; secondary nea-

rest neighbor; sparse reconstruction
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Fig.1 Examples of someone’ s images in ORL database
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Fig.2 Recognition rate of different K’ under the nearest

K neighbors while n; is different on ORL database
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Tab.1 Recognition performance comparison of different methods on ORL database
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Tab.2 Time comparison of coefficient computation of different methods on ORL database
ik WSRCH? CFFR[M! VSCRCM! LSRG ILSRC™! ikt Proposed
REUTRE A/ 0.5152 0.538 0 2.067 2 0.021 1 0.561 6 0.181 4 0.143 7
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Fig.3  Recognition rate of different method under

different feature dimensions on ORL database
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Tab.3 Recognition performance comparison of different methods on FERET database
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Tab.4 Time comparison of coefficient computation of different methods on ORL database
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Fig.6 Recognition rate of different method under

different feature dimensions on FERET database
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