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Abstract ; To improve the recognition rate of face recognition method based on small sample set of face images and reduce
the high computational complexity,a kernel sparse representation method based on samples fusion method ( KSRMSF) is
proposed. The proposed method first extends the training samples to form a new training set by adding some mirror virtual
training samples and symmetrical ones,and uses a algorithm based on Gaussian Kernel Function to determine N nearest
neighbors of the testing sample from the new training samples. Finally,the KSRMSF represents the testing sample as a
linear combination of the determinated N nearest neighbors and performs the classification according to the L, norm.
Through the different values of N set,the classification is more accurate. Many experiments show that the KSRMSF can
get a better classification result than the same type of algorithm.
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Fig.1 Some face images from Yale database
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Fig.2 Some face images from ORL database
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Table 1 The mean error ratios of the classification errors of the method mentioned in[ 11-12 ]
and our proposed method on the ORL database
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SCHRL 12 7 16.27% 11.07% 8.82% 6.48%
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Table 2 The mean error ratios of the classification errors of the method mentioned in[ 11-12]
and our proposed method on the Yale database
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