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Robust Feature Extraction Based on Multi-matrix Low-Rank Decomposition

MI Xuerong!?, WANG Hengyou'?, HE Qiang"?, ZHANG Changlun'-?

(1. School of Science, Beijing University of Civil Engineering and Architecture, Beijing 100044, China; 2. Beijing Advanced
Innovation Center for Future Urban Design, Beijing University of Civil Engineering and Architecture, Beijing 100044, China)

Abstract: Traditional face recognition algorithms are easily affected by lighting, expressions, occlusion,
and sparse noise. How to effectively extract data features for traditional face recognition algorithms is one of
the most important parts. This paper applies the multi-matrix lowrank decomposition to facial feature
extraction, which makes full use of the structural similarity of face datasets and explores the low-rank
subspace of the facial images collection, then combines the low-rank matrix recovery model to extract the
key features of the test sample. Finally, the principal component analysis (PCA) algorithm is used to
reduce the dimensionality of data, and the sparse representation is utilized for classification. The results
show that the algorithm in this paper has good recognition accuracy on AR, Yale and CMU PIE face
datasets when samples contain salt and pepper noise, which verifies the robustness of the algorithm to salt
and pepper noise.

Key words: face recognition; multi-matrix low-rank decomposition; low-rank matrix recovery; sparse

representation classification
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(a) Result with dimension of 25 (b) Result with dimension of 50
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W FEIREE / % T VR PEE / %
(c) Result with dimension of 75 (d) Result with dimension of 100

K3 ARJEFFMFHEE+PCA B4k 256 X F 1K

Fig.3 Feature comparison of AR dataset feature extraction with PCA dimension reduction experiment

F1 AREHHMERINAPCA B4 E 150 19 LI # R
Table 1 Experimental data of feature extraction of AR dataset with PCA reduced dimension to 150

AL M A R/ 6
ik
0 5 10 15 20 25 30

LDA 78.00 56.73 39.93 26.60 22.60 12.73 10.12
LPP 73.00 63.87 50.67 38.73 30.53 23.00 16.00
DLRR 66.33 51.67 35.67 25.27 17.80 12.93 10.33
RCDA 78.33 66.83 53.33 39.44 31.44 24.89 19.33
ALRRC_L1 86.33 77.00 68.00 63.67 55.00 47.00 31.33

MMLR 78.33 76.67 72.87 67.20 61.73 51.27 38.93
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8 7 5 B R 7V B LGN B MIMILR 7 355 9 35 50 3R 9 7R 5 5 (5 B A B R 7 v B 5
30%~602% I, MMLR J7 % i R 51 % 5 F0 Ay v 4R RS 56 i o BG4k, I 5 7 e e /zegz XT Y i
FTHRE , TEREAC I A 3096 HOBUER R 74 , I B L R 6 3¢ PEL 1 ATV 2, JHE A L B B4 003K, 45 SR 01 % 4
FE7R o HI 26 4] A1, 24 48 3 5 F 36 I, MMLR J5 %6 (3R 50 3R A0 F Hofth 7 9% .

?cf
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(a) Result with dimension of 30 (b) Result with dimension of 50

K5  Yale FE4RAFHE -+ PCA [ 4 5236 % He &

Fig.5 Feature comparison of Yale dataset feature extraction with PCA dimension reduction experiment

R2 Yale E45MEIREN+PCA PR ZE 40 B LI $035

Table 2 Experimental data of feature extraction of Yale dataset with PCA reduced dimension to 40

PR M R 2/ 4
Tk
0 10 20 30 40 50 60

LDA 76.00 74.67 56.00 41.33 33.33 18.67 16.00
LPP 88.00 88.00 73.33 56.00 42.67 24.00 21.33
DLRR 93.33 86.60 76.00 53.33 37.33 29.30 14.67
RCDA 88.00 86.67 76.00 60.00 45.33 22.67 18.67
ALRRC L1 93.33 88.67 85.67 75.00 58.00 35.23 26.00

MMLR 91.34 90.67 84.67 76.67 64.67 45.34 34.00
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R3 Yale FEHFEREN+PCA B4 E 60 19 L I0 HE

Table 3 Experimental data of feature extraction of Yale dataset with PCA reduced dimension to 60

PR R 75 T/ 4
Tk
0 10 20 30 40 50 60
LDA 76.00 73.33 58.67 33.33 22.67 20.00 11.67
LPP 89.33 86.67 70.67 61.33 38.67 26.67 22.67
DLRR 92.00 84.00 76.00 54.67 41.33 33.33 21.33
RCDA 91.33 87.00 76.33 55.00 40.33 28.67 22.00
ALRRC _L1 92.00 88.67 86.00 78.00 60.00 34.67 25.33
MMLR 90.67 90.67 87.33 81.33 62.00 46.67 28.67
T4 Yale EHARMH MRS R E A 30 BLWEHE
Table 4 Experimental data of Yale sample added 30% salt and pepper noise
S
itk
9 16 25 36 49 64

LDA 44 .80 42.67 44 .80 42.67 42.93 39.33
LPP 38.40 45.60 54.66 55.73 56.00 60.27
RCDA 41.33 51.47 57.87 56.53 54.94 49.07
DLRR 41.33 55.11 52.89 59.56 56.89 59.56
ALRRC L1 75.55 76.44 76.44 76.44 76.44 76.89
MMLR 66.40 71.73 76.00 77.60 77.33 79.74

3.3 CMU_PIE ABEESLIEER

CMU _PIE A P b 645 68 A8 IR 19 I, 60 & B ARy 13 Rl 4 (43 L IR AE 1L DL % 4 Fh %
R4 080 5k Fr o Smb i BEALEER T 34 7 i B ¥, LR SR H 5 24 5Kk A (8 6)  fEREA
MR A e B 98 [ Ry 596 ~30%6 B MUER M5 (181 7) o BEALRE IR 12 5 IR A7 1 2k, o 30 4 11 R A0
L TR A R AN 8 TR, R 5 R T4 160 S I B . 45 AR W] 7E CMU _PIE AR v, 2 2
JE /T 130 HLRE A o 4 5 MR IR 7 B, MIMILR 7 2 (9 R 50 S5 000 T LAl 0 126 5 24 48 13 O 160 B, B8 B A
TR AL B ARER M MMLR 77 25 B U Rl fe g, i — 2P B0 E T MMLR J7 35 0 ARCER M P i) 65 i e

K7 CMU_PIE FEFEA KM A 5% .10% . 15%
20%.25% .30% fHRER e
Fig.7 CMU _PIE library added with 5% ,10% ,15%,
20%,25% and 30% pepper and salt noise

K6 CMU_PIE AR ZEREA
Fig.6 CMU PIE face library samples



486 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 3, 2021

100
90
80
70
X X
ey - 60
“5': x 50
40
30
20
10 1 1 1 1 1 10
0 5 10 15 20 25 30
e FE VR / % WEFEIREE / %
(a) Result with dimension of 40 (b) Result with dimension of 70
8 53
R R
S X
1 L I 5 L L L

10 . . . . .
0 5 10 15 20 25 30 0 5 10 15 20 25 30

MEFEIREE / % WEFEVREE / %
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Fig.8 Feature comparison of CMU PIE library feature extraction with PCA dimension reduction experiment
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Table 5 Experimental data of CMU_PIE feature extraction with PCA reduced dimension to 160

PR MR e/ 4
Tiik
0 5 10 15 20 25 30

LDA 98.04 71.67 50.12 30.78 19.90 10.85 9.13
LPP 98.87 81.81 62.90 46.04 33.15 24.44 17.76
DLRR 99.26 83.50 65.44 50.74 37.00 28.50 23.00
RCDA 98.53 73.05 56.80 42.94 32.15 24.37 15.98
ALRRC _L1 99.51 87.79 77.00 75.00 63.00 55.00 36.76

MMLR 99.75 99.51 97.87 85.60 72.30 61.58 49.80
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