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Discriminative Low—Rz‘mk Dictionary Leaning For Face Recognition

LI Run-Lin
(College of Computer &Communication Engineering, China University of Petroleum, Qingdao 266580, China)

Abstract: Face recognition is active in the field of computer vision and pattern recognition and has extremely wide-spread
application prospect. However, the problem that both training images and testing images are corrupted is not well solved
in face recognition task. To address such a problem, this paper proposes a novel Discriminative Low-Rank Dictionary
Learning for Low-Rank Sparse Representation algorithm (DLRD LRSR) aiming to learn a pure distiqnary. We suggest
each sub dictionary and sparse representation be low-rank for reducing the effect of noise in training samples and
introduce a novel discriminative reconstruction error term to make the coefficient more diseriminating. We demonstrate
the effectiveness of our approach on three public face datasets. Our method.is more effective and robust than the previous
competitive dictionary learning method. ;
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SRCH Jyn] 3d F -l B A7 5 8 75 1) 37 5, TR Uk 3
BIFE = N g5 8. A S5 VEDLRD_LRSR5LSLRR,
DLRD_SRYF M 75 7776 B 3L N 045 b HoAth 7 5 58 4F
(B PR, X U0 T ICRR L SR R4 1) 0 1 e 75
WA P B 1. AR SCEEVEAEAS [ E A5 45 2% Bk Sz 56 v
Wi %45k TDLRD_SRALSLRRAGIMI 4 . 0%-20%
21, R, B S HE 1 20% 15 2 sk
10T S 558 TLSLRR 9.461 F 43 5, R
TDF__,_RD_LRSRWEUHéﬂﬂiﬁﬁﬂ%%ﬂ R e i
BE, ULHA T DLRD_LRSRZ)H 1 SRR i R H (kA
ROBEAR T M s 4R, AR 22 AR 5 OR T R S AR AR
V) 10 ) 1) P, . 3 1 A M P A 0 S PR R

#1  Extended Yale BEURAEAR F Gk K SLI0 R (%)

[N 0% 5%  10% 15%  20%  25%
DLRD LRSR  97.02 95.00 93.68 90.31 84.97 70.29
LSLRR 9533 9233 86.46 83.28 7551 68.83
DLSR_SR 9477 89.17 83.11 7851 7331 66.20
KSVD 9429 5970 39.67 2747 2023 1631
LC-KSVD 9406 63.08 42.15 2998 22.15 16.69
SRC 93.58 79.84 57.64 4276 3270 26.67

4.2 UMIST AREHIRE
UMIST A G EdE £E 00526 A L5647k A6 E1E. %
P rE BG D HE R N112x 19218 5. fEAR R SLI T,
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i H AR SN A

DA SCARLVEAE BEATLIE 75 DL R BB RS 15 100 T & it
RN NHIHT2059K B H TS5, I A BE LBk ik
—R MBI N INGREE, T VE IR, BERIEE T
KA 242115 . BENLIE S S 6 A, BRI
10%~50% 1) 51 50 i . R S, FH 10%~50% 1 it
HLEMG PO R I BEALAL E . 2R T P A 75 1)
TN AR L AISSRC. KSVD. LCKSVD. DLRD SR,
LSLRRIFAT T LL, BT A S I 2545 21 0 7 L4 K /1
BRI ZRAEAR A4

K2 UMISTH A G R G155 — 4T s InBE L 7 1
1, 58 AT A BRI ) R

FE2HN T AN [ Lo HEE A R R A 2R, 300K
AN TR A1l 35y 570 7 R Rl e BT LUK I AE 2 143
HISRC. KSVDFILC-KSVD ) #ER 3 [ifi 5 18 75 L A5 )
B hnf 28 R B, 1 SRCA3 2 ELKSVD. LC-KSVDH
RSB EE R, R T 5 258 — AR . 7525
5L, DLRD LRSR¥A b H At )5 2 58 i (A HE R 3%,
R AITES0%3) 51 Wk 75 FS 0% HRIERS L5 T, AR SCHRE
5} BILELSLRRAER T 11URI0.78/N E 404, S U6
S A SRR A1 (I8, DERD_LRSRYE i 25
R RS T R IR TS 1 A7 1 e
1 e B AL 75 1 3 S50 A L 3 A B9 B s 1
S £ AR B T AR SO P AR AR R 7 R R 7E A7 E B
DI b S APN raabi IS s R R E INEVE S

2 UMISTHUE B £ SEIG TR 5 2R (%)

JEPY LA 0%  10% 20% 30% 40% 50%
DLRD LRSR  98.03 9737 94.09 93.38 88.18 80.71
LSLRR 97.79 97.02 93.98 9320 87.32 79.60
DLSR_SR 98.23 96.87 93.89 92.07 86.06 7828
KSVD 98.08 86.86 71.36 61.31 49.14 40.80
LC-KSVD 94.60 90.40 7833 6843 5934 4929
SRC 97.47 9510 84.19 7859 7722 5697

3 UMISTHRAE 5 570 75 S B0 1R 5l (%)
g 75 LA 0% 10% 20% 30% 40% 50%
DLRD LRSR  97.42 97.78 9490 86.87 79.19 59.55
LSLRR 97.90 97.63 94.34 8543 7821 58.77
DLRD_SR 97.47 97.12 9374 8636 78.13 58.69
KSVD 9722 90.10 6035 58.48 39.39 2126
LC-KSVD 9379 90.71 80.10 63.99 4530 29.19
SRC 97.88 9621 87.68 7581 5828 34.49
43 ARUEE

AR%&TE%@.@I%]\%&"MOQ\O?’Q‘E‘JE%@.
M N260EE 14, %?y;éﬂ, HEEA3TK, Hor RSz,
Fr PR 145 73, KB AR Bl s 24 1y B4 2% 45 39K, i
SR 11 VAR 0 (FTE o2 F. 5401FR (43 LR T A
TR . ORI LU P R B ) A, AE S
w7 A S0 B M B ARAISO 1 B AR TR,
F R U MG N RREF25x201% %, E3 R T AREIE
TN, A SV AE Sunglasses Scarfbl & Mixed =~ 5E
50 T 5 HoAh 5 iR AT LR, ARG R B S SCHR[33]—
;AL HEESHSSRC. KSVD. LC-KSVD.,
DLRD SR. LSLRRFIDLR DLPI3AT%f b, A 53
W55 B 1) 7 WL A B RN R ZRREARAN B, AN 2
953 ) L 5 SR 1 04 i SRV I ABEA R N A ST 1 ) i
Jadi R

K3 ARFIEEE GRS

F4%|4 T DLRD_LRSR 5 HAth J7 78 ARE U 5
s gE B AT LA H, SRC. KSVDAILC-KSVDH
R I AN REAR I 1 g P 45 ) 5, 177 SRCAT) EEKS VDA
LC-KSVDH % H = iR H45 R, 5DLRD_SR. LSLRR
MDLR_DLEVEMLL, A CHEEA TR R, 75
Sunglass. ScarfflMixed¥ 5+ 4> % LEDLR DL
PERI 73,724 4.76R15.9240 1 43 o5, UEHH T A SCREVERE
A A FE ARKE S AR AE R R L R4 DL S B,
R T, J HAE R A B3 5 OR BRI A7) K £4920%,
M1 LA K 2140%, Mixed i # B9 ) FDLRD LRSR
FRAEA 0 R
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a4 ARMUR SR B (%)

Y5t Sunglass Scarf Mixed
DLRD_LRSR 90.46 88.28 87.31
DLR DL 86.74 83.52 81.39
LSLRR 86.36 83.46 83.46
DLRD SR 73.84 62.37 60.88
KSVD 73.84 62.37 60.88
LC-KSVD 78.47 63.78 61.19
SRC 81.27 70.59 70.59

4 S5k

AR SR 1T — PR A 0 09 1 A e
2 SRR R 3R S0, B26, 9 T 33T S 1
177, ASCHIN T HIB E AR, Wi R MEK N
152 B K A ] B8 44 2 I B 1 27; L0, 512
SRAEAT 7 SRR R (R > T ISR Ak e £
I 75 T, 45 BT I 1 Tl SO 3AA TF A
W KCHRAE 10525 E ) FASL i HIF9DLRD_LRSREE
WA EREAS . DL P 1R 2k DL R
TR HCRIO BV, T LSRR BT R T
Sk B Bk, RSO AR 2 B v RE, 7 7E
VB0 R, DR B 0 U R 5
FISR AR R RRA A BT R T
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