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Robust Low-Rank Discriminant Embedded Regression
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Information Engineering, Hanshan Normal University, Chaozhou 521041, China)

Abstract: Locality preserving projection (LPP) has been widely used in feature extraction. However, LPP

does not use category information of data, and uses L, norm for distance measurement, which is highly

sensitive to outliers. We consider the weight matrix of LPP from a supervised perspective, and combine the

method of low-rank regression to propose a new model to discover and extract features. By using L., ;-norm to

constrain the loss function and the regression matrix, not only the sensitivity to outliers is reduced, but also

the low-rank condition of the regression matrix is restricted. Then we propose a solution to the optimization

problem. Finally, we apply the method to a series of face database and palmprint dataset to test performance,

and the experimental results show that the proposed method is effective.
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Fig.1 Sample images from ORL and FERET databases

and corresponding images with Gaussian and salt &.

pepper noise
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zg i Table 2 The highest recognition rate of each algorithm
70 I - Il I in FERET database under pixel damage

< 70}
5 60F o JT M (AT RIS (% T
=] 50} ok 0.2) 0.1)
& | LU 2 3 4 5 2 3 4 5
B 30 B LDA PCA 35.21 40.75 43.5 48.12 37.52 38.21 43.75 45.12
20 F B NPE LDA 39.12 44.50 52.23 55.89 40.55 46.08 48.66 53.80
10} — 5 LPP  62.11 66.39 71.06 77.33 60.09 64.11 69.01 74.25
0 B SLRER NPE  61.24 68.25 74.11 77.32 64.05 67.06 71.06 75.33
3 4 5 6 LRR 63.31 68.52 71.41 75.91 63.21 67.81 70.72 76.56
At SPP  70.51 75.25 78.10 83.90 70.99 76.15 79.10 81.11
(b) ORL database (Salt density=0.1) SLRER 75.6 80.11 83.22 88.51 74.50 79.61 83.95 87.62
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I [ DA
20 F — o B P ) TR Ui R A A ] 2 B 3 2 4 T B 9
10f = B PE% . PCA.LDA .LPP NPE.LRR.SPP i SL-
0 B SLRER o
2 3 4 5 RER 78 % AS [A) 4% 2 38 £ K F T 1 i 4 2 HEH R
AR .
(c) FERET database (Gaussian density=0.2) Il 4 3 3 A4 PR o
90 " 5 ERPAN= | ERPK =
80 - R |THREE 5X5 10X 10
70 g i & &
60t I % 'Q '2 
# sof ORL '
oR
: = = | &
11|y
® 30[ b
20 H 3 LRR
I NPE
10f 190 III IIII III
0 B SLRER FERET
AR

(d) FERET database (Salt density=0.1)
T fe 3 Wk R0 BCER M 7S 7E ORL R FERET 048 2
L H oy SR R
Fig.2 Classification accuracy of ORL and FERET data-

bases under Gaussian noise and salt &. pepper noise
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Table 1 The highest recognition rate of each algorithm

in ORL database under pixel damage

EEUVAC T s TR e 7 (3
%7102 S5F0.1)
3 4 5 6 3 4 5 6

60.10 69.08 71.37 79.56 62.76 70.11 72.75 78.50
65.78 71.25 75.95 81.62 64.21 71.16 75.06 80.06
73.92 75.75 80.42 83.04 72.85 76.55 79.12 85.37
74.28 78.66 79.66 86.95 73.95 77.25 77.21 85.05

LRR 71.25 75.33 81.27 83.65 70.11 73.91 80.11 85.07

SPP  75.21 79.15 82.61 89.05 76.26 82.71 84.25 88.52
SLRER 83.42 86.41 91.51 94.12 84.42 88.5 91.20 93.75

ik

PCA
LDA
LPP
NPE

B3 ok H ORL A FERET $UH8 14 rh R A P 45 R X 1 1)
ARG R B 5 1 AR

Fig.3 Sample images from ORL and FERET databases

and corresponding images under the occlusion of dif-

ferent pixel blocks
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100 F4 PUEH T FERET ARE FEHENETIAME
Zg i Table 4 The highest recognition rate of each algorithm
70 I in FERET database under block occlusion
< 70}
w 60 . BERY IR KN 5X 5 WY BRI 10X 10
i Sk
= s0f 2 3 4 5 2 3 4 5
& A0r PCA  36.34 37.65 41.75 43.3 33.55 36.14 39.59 42.33
E 30 == PCA
ol — LDA 40.81 45.52 50.25 54.67 40.10 43.53 48.64 52.81
0 =1 LPP  59.21 61.36 66.21 71.17 56.09 58.11 65.34 69.09
i == SPP
0 B 51 RER NPE  59.05 65.01 71.98 74.09 57.11 62.03 68.77 72.95
¥ £ o _E § LRR 57.42 64.28 67.69 73.90 55.80 62.61 65.30 72.34
HASE

SPP  65.39 70.25 77.65 80.52 63.21 66.96 74.11 78.10
SLRER 75.23 78.16 82.33 87.60 73.32 76.61 81.45 86.12

(b) ORL database (10X 10 block)

90
jg 3.4 PolyU E 40 & L% llit
< 6oh PolyU %4 4 £ & 600 & 1% . 45 5K B2 K
f’% 50 INBE A g 128 18 K X 12818 % . R T E— L
| I it SLRER 75 % 8080 e 145 Fe 4 , A S0 50 34
- I PCA
® Zg =L DA BEAR R B VRN T 5538 25 5 fl 10 10 44 B
ol E§§§ £ 5 S 1% BUHE 4 P i) A PR 15 5545 38 44 A
o LARES . 4-SLRF;R 10X 10 PP A IR G . B35 N B E LR R
ReA %R 3B FAE MU GRAEA, SER 45 & 6 F1k 5
(c) FERET database(5 X 5 block) s
90
80
70
S 60f
® 50t
oR
R
# 307 — T
20} T LRR
I NPE
10 [ PP
== SPP
0 mm STRER
2 3 4 5 ey U E (RN S
REAR B : s ke -
(d) FERET database(10 X 10 block) (c) Images with 10X 10 block
K4 FEF 5X5H 10X 10 il 478 ORL Al FERET %4 K5 Sk PolyU % 80k iy I A
PE b0 43 ARG BE Fig.5 Images from PolyU palmprint database
Fig.4 Classification accuracy of ORL and FERET databas-
es under occlusion of 5X 5 and 10X 10 blocks 100
90 +
#3 BEENTORLARE FESEHNESFIAMNE 80
Table 3 The highest recognition rate of each algorithm °\\° Zg I
in ORL database under pixel occlusion % 50l
PP A N 5% 5 BERHR /N 10X 10 iE 40
N mm PCA
(=873 3 1 p 5 3 1 5 6 I 30| = LDA
= LRR
PCA 57.87 64.37 70.83 76.51 56.42 60.21 66.83 70.21 20 =}_\,I]¥’)I]’3
LDA 66.71 72.34 74.5 80.21 64.27 69.55 72.61 78.25 10 - =1 SPP
I ST.RER

LPP 68.21 73.33 75.67 81.25 67.21 72.36 76.53 80.67 s 5 Y
J 12 R R b8 10x1
NPE 70.08 75.99 78.91 85.05 65.5 70.17 73.62 83.25 R BHR(5x5) BRHR(10x10)

LRR 73.66 77.11 78.11 83.06 67.34 72.6 78.07 81.95 K6 25k PolyU i £ 1Y 43 2 il

SPP 78.81 81.66 83.71 85.55 73.46 78.21 83.21 86.53 Fig.6 Classification accuracy of PolyU dataset of each algo-

SLRER 86.07 88.33 90.61 93.58 83.05 86.58 88.51 92.12 rithm
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Table 5 The highest recognition rate of each algorithm

in PolyU database

Bk JEHRE S BRI S5XE5 BRI 10X 10
PCA 73.51 68.21 62.52
LDA 77.11 73.32 69.15
LPP 81.24 76.56 73.34
NPE 80.27 77.15 71.69
LRR 85.63 83.12 76.87
SPP 89.92 85.61 79.13
SLRER 93.31 88.70 84.30
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x5 JEFEA T S5 045 B0 5 LA ] A B 53
PONCINE P R 8 AW (7 E 7o G A B 1
MRS T A PERE . X H LPP  SPP #l LRR,
SLRER MR G R T h 500 ~ 15% , X &KW N
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