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Feature Weighted Group Sparse Discriminative Projection Algorithm

ZHENG Jian-Wei' HUANG Qiong-Fang' YANG Ping’ WANG Wan-Liang® MA Wen-Long?

Abstract Recently, sparse representation classification (SRC) has attracted more and more attention in pattern recog-
nition and feature extraction. Motivated by the recent developed SRC steered discriminative projection algorithm, a
new feature weighted group sparse discriminative projection algorithm (FWGSDP) is proposed in this paper. First,
sparse coefficients are produced by a new proposed feature weighted group sparse representation classification algorithm
(FWGSC), which can robustly regress a given signal with regularized regression coefficients by introducing the feature
weighted locality structure of the data. Second, FWGSDP maximizes the subtraction of inter-class reconstruction residual
and intra-class reconstruction residual, and thus enables data-in to achieve better separation. Finally, a sequentially iter-
atively re-restrained sparse coding and eigen-decomposition strategy is developed to solve the FWGSDP model efficiently.
Experimental results on the ExYaleB, the PIE, and the AR database demonstrate that the proposed algorithm is more

effective than other feature extraction methods.
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Fig.2 The recognition rates of different sparse representation classifiers in ExYaleB and PIE databases
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Table 1 Recognition rate by competing algorithms on

AR database with occlusion

Wik A ik EEGER (%) [ (%)
FWGSC 99.3 95.7
RRC 99.0 94.7
[i] i CESR 95.3 38.0
GSRC 87.3 85.0
SRC 89.3 32.3
FWGSC 89.3 78.3
RRC 89.3 76.3
ASTR] I A CESR 79.0 20.7
GSRC 45.0 66.0
SRC 57.3 12.7
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Fig.3 Example of face recognition with sunglasses disguise
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Fig.4 Comparison of recognition rates and variance under different feature dimensions
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ARSI Froe] L ) 5% CESRW.GSRC.WSRC
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Table 2 Comparison of FWGSC performance with and without dimension reduction

Yk ExYaleB PIE
PN (%) IR (s) PO (%) IR (s)
JRAAFEA 1024 97.34 0.9983 95.69 1.4002
FWGSDP 100 95.04 0.1103 93.62 0.4683
FWGSDP 200 96.25 0.1170 95.20 0.4896
FWGSDP 300 97.44 0.1215 95.80 0.5046
FWGSDP 400 97.61 0.1286 95.89 0.5175
FWGSDP 500 97.61 0.1332 95.95 0.5296
* 3 AR BRI UERE LN A F B X L
Table 3 Comparison of competing dimension reduction algorithms on AR database with occlusion
MRRFEA 5k SEECER U (%) SRETURIFER (s) FE MR UM% (%) B VSRS AE I (s)
PCA 91.0 1.083 85.7 1.184
LPP 92.5 2.810 89.6 2.672
EEE:] LFDA 93.4 4.380 91.5 4.253
SRCDP 92.8 21.27 58.4 21.96
FWGSDP 99.5 14.72 96.0 14.03
PCA 84.6 1.079 70.6 1.067
LPP 87.3 2.714 75.1 2.705
ENELe g LFDA 86.5 4.525 75.4 4.361
SRCDP 78.7 22.15 52.4 22.06
FWGSDP 90.8 15.18 79.6 14.98
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