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A low rank recovery algorithm for face recognition with
structured and weighted sparse constraint

WU Xiaoyi, WU Xiaojun
(School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: Herein, a structured and weighted sparse low-rank recovery algorithm (SWLRR) is proposed to deal with
trained or tested samples that are corrupt. The SWLRR constrains the low-rank representation by incorporating the struc-
tured and weighted sparse constraints, enabling the low-rank representation coefficient matrix to be closer to the block
diagonal. Then, a discriminative structured representation can be obtained. After recovering the clean training samples
from the corrupted training samples using SWLRR, the low-rank projection matrix is learnt by the low-rank projection
matrix according to the original and recovered training samples, whereas the test samples are projected into the corres-
ponding low-rank subspaces. In this way, the corrupted regions can be removed efficiently from the test samples. The
experimental results on several face databases validate the effectiveness and robustness of the SWLRR under different

situations.
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Fig. 3 Images used in our experiments
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Table 1 The recognition rate of different dimensions in
Extended Yale B database without occlusion(16
training samples) %

FHE4EH SWLRR DLRR SRC(PCA) LRMR RRC SVM

25 9241 86.27 73.44 75.32 77.51 71.54
50 9548 91.53 85.32 86.34 86.75 77.18
75 95.82  92.85 89.0 89.78 89.46 77.49
100 95.78  93.79 90.65 90.91 91.04 80.33
200 95.81 95.56 93.89 93.74 93.86 81.99
300 95.79  95.65 94.94 94.48 94.8 82.48

3 2 Extended Yale B ¥iFE FE LB K H T AR 4%
EREEIRAZE 32 IHHER)

Table 2 The recognition rate of different dimensions in

Extended Yale B database without occlusion(32

training samples) %

FHE4EZ SWLRR DLRR SRC(PCA) LRMR RRC SVM

25 97.75 92.88 80.08 82.98 86.77 80.35
50 99.45 96.89 91.59 92.35 93.51 87.08
75 99.42  97.26 94.27 95.79 95.09 89.09

100 99.39 979 95.8 96.94 96.14 90.2

200 99.39  98.89 97.58 98.02 97.79 91.37

300 99.42  99.13 98.23 97.98 98.4 91.82
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Table3 The recognition rate of different dimensions in
AR database without occlusion %

FHIE4EZ SWLRR DLRR SRC(PCA) LRMR RRC SVM

25 75.71  71.00 64.29 69.86 69.14 60.71
50 87.57 85.14 81.29 85.71 82.57 68.0
100 90.57 89.14 89.29 90.14 90.42 72.29
200 92.71 88.43 92.14 93  92.57 73.71
300 93.14 88.57 93.14 93.57 93.14 74.00
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Table 4 The recognition rate of different dimensions in
CMU PIE database without occlusion %

FHIE4E[Z SWLRR DLRR SRC(PCA) LRMR RRC SVM

25 93.39  82.60 79.32 81.65 78.51 75.19
50 94.58  90.97 89.14 90.53 88.17 79.10
100 94.75 93.16 92.55 92.83 90.42 81.18
200 94.76  93.98 93.43 93.34 90.30 82.50
300 94.84 94.05 93.73 93.37 90.01 82.74

MF 4 AT LA 1, 7E CMU PIE 588 % | SWLRR
VR TE N A 4 B T R R R AR I v T A R
TEYERE N 25 B, SWLRR 2 v H 5158 93.39%,
55T DLRR B0 1%, B2, b 25 4 B il 4
T, 25 R R R 22 AR AR MOk AN, R
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Table 5 The recognition rate of different methods on the
Extended Yale B database with two kinds of pixel
corruptions %

FHIE4EZ SWLRR DLRR SRC(PCA) LRMR RRC SVM
50 98.58 96.04  91.07  91.86 93.24 86.44

100 98.58  97.37 94.78 96.16 95.66 88.44

300 98.66  98.58 96.91 96.37 97.58 90.78

50 97.66  92.49 89.07 90.82 91.28 85.89

100 97.58 93.36 91.36 92.86 93.24 86.31

300 97.75 94.24

5 T3 AT RIS 3 4T 40 ) 2 B AL 2k 1R L
P& 2R 10% F1 20% b 4 () B AR iE 1705 e )
SWLRR B A 7E 25000 2 L U0 B O [ RRAE 4
ET),
422 H A FIEILH AR

AT HE— A HF5F SWLRR B9 76 AN [] 25 AU f)
T 808 4 1% BT B PERE, SEER R T OMERE AR Y
AR FdE P2, Rk AR OO e v (1) R S A7 AE 2 T
FERAG Y . E BT VR ELA R 2 Bl 2 A ) 3 P
R VPAR B A e

1) K FHE: 56 3F SWLRR 7 % B Il R kEAS
FINIR AR A rf 2425 A5 K PHASE 8 P4 s G 1 7, K BH
BE RS T A 20%, VedR A —25RiTE )
H ) 7 5K PR R R (A 6 IR L BEAIL BE Y —
AN K BA B 1 T VE R IR A A, T ) > 38 43
(4 7 5K R B R FIT A T Y S 5k R BH R B A
FMEAFEAR (8 NYNLEFEA, 12 AN TMHRFEA ),

2) K PA%E Bl MR A% : 50 7F SWLRR £ ik

92.49 93.78 93.99 87.15
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Table 6 The recognition rate of different methods on the
AR database with the occlusion of sunglasses %

FHIE4E[Z SWLRR DLRR SRC(PCA) LRMR RRC SVM
25 7169  70.14 6058  65.72 63.69 58.58

50 84.92 81.61 77.31 80.92 80.33 66.11
100 91.19 89.58 84.89 87.94 86.53 70.14

200 91.55 91.00 89.25 90.36 89.61 72.03

300 91.60 91.39 90.56 91.00 90.89 72.17

RT ARHIEE EAREEAERGEMZHTHIRAE
Table 7 The recognition rate of different methods on the
AR database with mix occlusion %

FEE4ERE SWLRR DLRR SRC(PCA) LRMR RRC SVM
25 66.73 6596  52.73 60.0 56.0 50.45

50 84.10 80.12 70.69 77.08 74.39 60.29

100 88.96 87.33 81.51 85.27 83.84 64.61

200 89.37 88.86 86.84 88.49 87.96 66.94

300 89.36  88.83 88.80

M 6.2 7 T LLE I, TEREA T 7 B 00 Py
P15 IE T, SWLRR Bk 7EAS [F] 4 2 bf, M BEATI 8%
T H AT A B, X £ SWLRR B ik 7EHEAR
FETE FLCE P I A 25 S0 I i vk

5 #XiE

ARSCHE T IR0 8 25 44 16 in ARG 57
TR BRI B 5 (SWLRR), T2 B e 1 Yl ke A il
DR A [ 5 A7 7 75 G T B0 5 1 1 43 25 i Tl
A, SWLRR 1 46 XHIR R 5 B A7 A 8 F 25 74 1k
LYo, A 38 3 B U1 AR A AN RE A s

88.94 89.55 67.43
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