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Extended sparse representation for face recognition in feature space
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2.Industrial Training Center, Guangdong Polytechnic Normal University, Guangzhou 510665, P. R. China)

Abstract: Sparse representation for classification (SRC) has attracted much attention in the field of pattern
recognition in recent years. If each class has few training samples, SRC usually cannot achieve the desirable
recognition performance. To address the above problem, extended sparse representation for classification
(ESRC) is proposed, which uses the intraclass variant matrix to supplement the training sample
information. Nevertheless, ESRC can hardly capture the nonlinear information in complex data such as
images. An extended sparse representation in a feature space for classification algorithm was proposed, in
which the original data were mapped into a new high dimensional space through a nonlinear mapping to
evaluate the contribution of each training sample in the representation of test sample, and each sample was
given a certain weight according to the contribution. Then, the proposed algorithm used the weighted
training samples combining the intraclass variant matrix to represent the test samples. Experiments show
that the proposed algorithm is superior to other typical sparse representation for classification algorithms.
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Fig. 1 Some images of the GT face data set
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Table 1 Classification accuracy on AR database (average classification accuracy* mean square deviation) (%) (N=2)

=TS 40 4k 80 4k 120 4k 160 4k
SRC 56.25+1.51 63.20+1.32 67.56+1.05 65.99+1.38
CRC 58.48+1.64 67.6841.31 69.014+1.17 68.23+1.24
ESRC 62.6941.24 68.9841.35 70.5141.35 70.9341.43
KED 50.59+1.88 63.39+1.42 66.67+1.28 67.7141.09
KWESRC 64.48+0.87 73.14+1.20 76.00+1.18 76.53+1.10

R2 ABEAREMSERE(THIEBELTHFE) (%) (N=3)

Table 2 Classification accuracy on AR database (average classification accuracy® mean variance) (%) (N=3)

Bk 40 4t 80 4k 120 4 160 4
SRC 65.28£1.10 72.74+1.19 77.2740.94 75.7240.91
CRC 66.71£0.72 76.04+0.87 77.9674-0.82 77.964-0.96
ESRC 72.5340.99 79.7640.94 81.2541.20 81.9470.91
KED 57.29+1.28 72.48+0.99 76.6540.88 78.080.81
KWESRC 74.00£0.74 82.0941.01 84.2441.07 85.324-0.91
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