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BN L, SE 2 RPCA 1R B K H 7 #1552 I 7 59 B A
4%, & & BRT, HAH

(I TAlk R A5 B2, bRt 100124)

W E. &3 % ® % % (Robust principal component analysis, RPCA) A A & #k & 4 A= L, 36 4 89 K AR
2 3 # %t % A X (Nondeterministic polynominal , NP ) e [7] £ , b 2% 4 42 A 64 K 8 F 2 5 8ot Mo s
AL LA T ko L, ERE T — AR T AL, 489 RPCAAEA A A AL S, 78 HAKAK IR Fo
AR L, 36 B AR B R 4 ) 2 RPCA AE 8 a9 AR Ak M B 19) 2 Ao A 500 5L 190 4 i 47 s 88 4 L 9 43 3 K 3 K
Fo Lo e R AL F M0 i 3R IF T AE ARG I A A s Th e e A, 4 T IRdE R AL M AR, KA R B
ey dE B3 AARIAE SR B R AL A IR AR S A R B e AR B, R e R L, B G RS

SPHBERAERTERREREFLIEY, EEL ARG THLERAN, AUEAREKL T EEER, R

B A T AR K 4 - AT A R B A SUAE A AR 45 B A ) AR R & 69 1 B 4
K. Ak S R 0K  HR 3E B 3R B AR L
hES%ES. TP391 MR ERD: A

Dual-Weighted L,-Norm RPCA Model and Its Application in Salt-and-Pepper

Noise Removal

DONG Huiwen, YU Jing, GUO Lening, XIAO Chuangbai
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: The robust principal component analysis (RPCA) model aims to estimate underlying low-rank
and sparse structures from the degraded observation data. Both the rank function and the L,norm
minimization in the RPCA model are nondeterministic polynominal (NP )-hard problems, which usually are
solved by the convex approximation model, so leading to the undesirable over-shrinkage problem. This
paper proposes a dual-weighted L,-norm model based RPCA model by combining the weighting method
and the L, norm. We use the weighted S,-norm low-rank term and the weighted L,norm sparse term to
model the low-rank and sparse recovery problems under the RPCA framework, respectively, which
provides better approximations to the rank minimization and the L,-norm minimization, thus improving the
accuracy of the rank estimation and the sparse estimation. To further demonstrate the performance of the
proposed model, we apply the dual-weighted L,-norm RPCA model to remove the salt-and-pepper noise
by exploiting the image nonlocal self-similarity and combining the low rank of similar image patch matrices
and the sparsity of salt-and-pepper noise. Both qualitative and quantitative experiments demonstrate that

the proposed model outperforms other state-of-the-art models, and the singular value over-shrinkage
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I %5 B #: 2020-05-10; 81T H #1: 2020-09-30
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analysis experiment also demonstrates that the model can better deal with the over-shrinkage problem of
the rank components.
Key words: image denoising; robust principal component analysis (RPCA); low rank; sparse; nonlocal

self-similarity
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il

3= B 4353 H7 (Principle component analysis, PCA )5 AT L 4355 X000 B 45 AR Bk 09 Bt 254, (02
XoF B A T R S S OB . SCER[1-2 42 T & B 43 3 B (Robust principal component analysis,
RPCA)BEARL, 5 7E J5 25 WL I K5 455 v v 7 1) A1 ok 205 4 55 s et 5 ) , 0T 7™ o0 MR 7 1 e g L) 5 4l B A A
PEo RPCARERI AT L FH F G b ABUER e 7 1 25 B3 M s A0 5% v (9 i St ds 3l H A 40 s 10 sl A
Py 1T R B 52 530 P A 1) 25 BR TV AE

RPCA A4 P A 1) Lo 0 50 /M ) B (R K 52 ) 5 8k ek 0 /A n) R (AR BRI &)
RPCA 5 R 1) 3K fife 2 A 5 5 1 £ 391 28 (Nondeterministic polynominal , NP ) ¥ 4] 51, 3= A 43 36 £ ( Principal
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R0 BC /N B RAE , A0 Ly 90 K000 2o W 4 1) 750, £ T i A ) YRR PR o Gu SR R T IR S iR /M
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Tl XU A AL A ] B X6 RPCA #5288 v i) s it 005 A0 Bk TR A7 A, O 45 & B A 5 vA 7 AR 1 b 43
BCAAE o B B8 4% [m] 5] 44 T3 i A 55 PR A 1) T 2

L B0 Lo o B B 0™ L, 3B Y L, B 230 Lo Ju B JLE S, p S IXTR (0, 1) B AR
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AR SCHE H — P RUMAL L, 35 808 # ( Dual-weighted L,-norm, DWLP) , [7] B $2 T+ T % B Bk A 11 0 5
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R RSN R o AR BOUL I K AR Sy X € R ARBRERE S LER™ " Wi B JFE 4 S€ R™ ", RPCA i &Y
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10 M S5 B MK B L RN ST W AR PP ASE RS IR ok M 5 s 1 14 B R T A 1

PCP A58 3o L, 10 5029 SO 5 153 S A 4 5 A Bk 1 2 L A A B b 388 o 29 0 1 3 )
SR L 0 B /b T ST ol A S R B 30 AR R A A IR /N Ak T ST T R AR 25 5
S e 4 1) B S 0 A B Y o AR T LA A R BRI, X AL L 1> A R T 2 A S R
A2 L /N T SR B i il A R L s, , = 0o Za X E B K A BE U R 7R L J 800 /b I 8 b 25 52 3] 11
Lo Y880 R A AR5, 5 B0 W s [n) 81, 52 me 75 B35 10 ME O 1k o PR B Bk BRBCSE AN T A SRR Lo i B R
Wi ) RSB I T8 S L S8 A% B /)b I 50 ) P S 1 20 B 0 SR A, £ 3 ) A6
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GuEOH T 2 F WNNM /) RPCA 2% WNNM-RPCA , /J

min|[Lll, .+ Al stL+S=X (3)
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w,=1/(0,(L) + €),e AT T OB H . I AL B0 5 1 B AUE 5 50 BE 27 S 0 L L 40 A% 4K
Xof 58 R A S (1) 3 B A &, O A o S Bk 0, O ELZ IR T AE Y s B WY o 4 BRI L 1Y) AT S (B A BR 3
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WSNM-RPCA % I I~ SC#K B {5 % T (Generalized shrinkage thresholding, GST)[03 3+ 5 S, 15 #4 i
AN AR EIER 8
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Fig.1 Test images
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AR SRR G PCP LRI  WNNM-RPCA LAY WSNM-RPCA ##1 DWLP(p=g¢= 1)L
BYU LK WSNM-L BRI BEAT LA . (] I SR W {F £ 148 LE (Peak signal to noise ratio, PSNR)* 'l
45 ¥4 #1181 B (Structural similarity index metric, SSIM )25 b % W5 & PF 0 35 4% . PSNR {E fIl SSIM {4
A, 7R BB ELRE B/ IN 25 8 PR 5 o B

F 18 B HOBE T AN [ BER W 75 ME 5 P AR 00 2% il J 06 0 S MR 5 SR o 7 10 00 ABUER M 75 A 3 1 15 2
T ,DWLP B8 1) PSNR {8 43 5] 5 Hf PCP, WNNM-RPCA , WSNM-RPCA \WSNM-L, il DWLP(p=
q=1)%17.880.7.300.7.029 .8.817 1 0.269 dB; i 7£ 30 %6 AHER M i HE R A1 0 T , DWLP 5 ) PSNR
{8 4 9 &= 1 PCP . WNNM-RPCA , WSNM-RPCA . WSNM-L, fl DWLP (p=¢g=1) £ 3.833. 3.847,
3.667.4.869 F10.456 dB. 8 iF 55 AT A5 H 4598« BT 06, TR EE AR (0 ABUER MR PR B IR TR B SR 5 5 RTRAIK
Bt , PCP LR i) 52 J5UPE RE 4 22 5 LU, DWLP KA (1) PSNR A SSTM 1 i T HAUASE B 1) 1 7K F , = B
A P INASC L, 3 %50 ) B A 350V ok 2 43 5 4 0 0 4 R 68 BT o s b T PR IR Bk 45 40 5 i, I 4 IR 7 K
S 3G I, > BEUER R ARE R G5 B 5006 B, M TR B9 B B M R AR, DWLP BEL h p R g (4 BUE HE R T T,
DWLP(p=q=1)5DWLP (& MITH 5 bR A2 .

F1 TREMHBBEREFR T ZFERT EH PSNR/SSIM L&
Table 1 Comparison of different denoising methods under different salt-and-pepper probabilities in terms of
PSNR/SSIM
PSNR/dB(SSIM)
K& P/%
PCP WM WSNM? WSNM-L, DWLP DWLP
RPCA RPCA p=q=1)

10 27.046(0.838) 27.691(0.801) 28.004(0.812) 26.452(0.735) 34.595(0.978) 35.026(0.980)

20 26.342(0.810) 26.031(0.736) 26.294(0.748) 25.080(0.673) 30.957(0.943) 31.571(0.957)

Couple 30 24.503(0.669) 24.408(0.649) 24.641(0.662) 23.907(0.612) 28.026(0.878) 28.771(0.914)
40  23.431(0.650) 23.770(0.610) 23.810(0.614) 22.621(0.514) 26.107(0.792) 26.573(0.843)

50 19.599(0.341) 23.284(0.708) 23.531(0.707) 21.065(0.416) 22.894(0.715) 22.946(0.714)

10 31.641(0.928) 32.165(0.890) 32.462(0.896) 30.163(0.859) 40.470(0.989) 40.473(0.990)

20 30.348(0.909) 30.238(0.858) 30.480(0.864) 28.636(0.808) 36.629(0.971) 36.381(0.970)

Elaine 30 28.423(0.880) 28.443(0.822) 28.652(0.825) 27.145(0.755) 33.405(0.951) 33.455(0.948)
40 25.538(0.749) 26.596(0.772) 27.030(0.793) 25.175(0.689) 30.126(0.897) 30.710(0.920)

50 19.652(0.630) 24.912(0.768) 26.167(0.768) 22.908(0.565) 26.986(0.809) 26.973(0.808)

10 28.659(0.856) 28.882(0.821) 29.223(0.831) 27.954(0.776) 35.874(0.976) 36.127(0.977)

20 27.938(0.835) 27.461(0.775) 27.673(0.782) 26.592(0.743) 31.770(0.939) 31.776(0.945)

Flower 30 27.113(0.811) 26.284(0.730) 26.433(0.737) 25.384(0.666) 28.993(0.876) 29.291(0.905)
40 25.782(0.739) 25.675(0.709) 25.600(0.701) 24.230(0.617) 27.526(0.810) 28.027(0.854)

50  22.185(0.407) 25.252(0.539) 25.316(0.546) 22.512(0.500) 25.639(0.729) 25.626(0.727)

10 29.419(0.857) 29.294(0.799) 29.575(0.809) 27.753(0.744) 36.405(0.977) 37.022(0.978)

Goldhill 20  28.637(0.836) 28.002(0.753) 28.158(0.759) 26.792(0.699) 33.101(0.944) 32.869(0.941)
30 27.428(0.793) 26.556(0.693) 26.687(0.696) 25.632(0.631) 29.486(0.865) 30.302(0.895)
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EEES
PSNR/dB(SSIM)
E&  P/%
PCP WNNM- WSNM- WSNM-L, DWLP DWLP
RPCA RPCA (p=q=1)
40 24.787(0.687) 25.400(0.654) 25.921(0.673) 24.117(0.558) 28.067(0.807) 28.684(0.846)
50 20.598(0.529) 24.623(0.697) 25.433(0.736) 22.299(0.464) 25.125(0.653) 25.200(0.683)
10 32.004(0.926) 33.223(0.891) 33.415(0.893) 30.881(0.851) 40.794(0.989) 41.242(0.990)
20 30.292(0.908) 31.366(0.875) 31.432(0.875) 29.838(0.825) 36.789(0.973) 37.188(0.978)
House 30 28.876(0.881) 29.509(0.851) 29.769(0.855) 28.150(0.789) 33.284(0.944) 33.893(0.955)
40 24.827(0.692) 27.900(0.787) 27.917(0.820) 25.971(0.712) 30.109(0.884) 31.038(0.920)
50 18.712(0.475) 24.305(0.767) 26.367(0.750) 23.184(0.530) 25.566(0.702) 25.623(0.707)
10 29.190(0.908) 30.761(0.888) 31.004(0.893) 28.339(0.817) 35.554(0.975) 35.815(0.980)
20 28.605(0.897) 29.512(0.866) 29.538(0.868) 26.722(0.745) 33.034(0.948) 33.044(0.961)
Lin 30 27.217(0.875) 27.803(0.833) 27.926(0.835) 26.184(0.709) 30.836(0.927) 30.583(0.910)
40 25.425(0.780) 26.108(0.800) 26.152(0.802) 23.714(0.612) 27.990(0.878) 27.226(0.865)
50  20.945(0.357) 24.684(0.610) 25.111(0.751) 21.248(0.457) 25.486(0.752) 25.510(0.755)
10 25.304(0.889) 28.272(0.897) 28.616(0.903) 26.726(0.822) 33.349(0.980) 33.366(0.980)
20 24.514(0.869) 26.377(0.860) 26.549(0.864) 25.160(0.811) 29.566(0.949) 29.531(0.953)
Monarch 30 22.836(0.729) 24.269(0.806) 24.468(0.811) 23.611(0.732) 26.042(0.891) 26.389(0.917)
40 21.339(0.730) 22.980(0.763) 23.218(0.770) 22.223(0.664) 24.090(0.824) 24.322(0.875)
50 18.791(0.501) 22.351(0.745) 22.340(0.745) 20.509(0.561) 22.369(0.754) 22.108(0.776)
10 26.784(0.805) 27.130(0.767) 27.408(0.783) 26.021(0.728) 34.232(0.969) 34.757(0.975)
20 25.839(0.773) 25.510(0.691) 25.661(0.703) 24.292(0.627) 30.437(0.923) 31.201(0.943)

Pentagon 30
40
50

24.149(0.725)
22.344(0.621)
18.583(0.504)

23.965(0.603)
23.035(0.679)
22.344(0.558)

24.175(0.616)
22.957(0.656)
22.566(0.554)

23.164(0.560)
21.947(0.488)
20.535(0.401)

27.990(0.859)
25.327(0.738)
22.753(0.590)

28.926(0.903)
26.132(0.810)
22.768(0.586)

10 31.829(0.882) 31.809(0.866) 32.058(0.872) 30.466(0.836) 39.231(0.987) 39.344(0.989)
20 31.085(0.877) 30.664(0.840) 30.883(0.844) 29.055(0.782) 35.373(0.968) 36.092(0.975)
Plants 30 29.241(0.871) 28.894(0.795) 29.113(0.801) 27.733(0.719) 32.862(0.935) 33.347(0.943)
40  28.185(0.820) 28.169(0.783) 28.023(0.775) 25.915(0.655) 30.415(0.882) 30.904(0.904)
50  24.635(0.434) 27.834(0.723) 27.780(0.766) 23.609(0.507) 28.374(0.809) 28.358(0.808)
10 32.215(0.859) 30.749(0.765) 30.914(0.770) 30.047(0.722) 39.777(0.978) 39.799(0.980)
20 31.674(0.841) 30.122(0.748) 30.231(0.751) 29.490(0.699) 35.896(0.943) 35.920(0.953)
Tank 30 30.054(0.813) 29.566(0.731) 29.640(0.733) 28.567(0.659) 32.682(0.883) 33.212(0.912)
40 27.574(0.673) 29.122(0.720) 29.188(0.720) 27.289(0.603) 30.555(0.791) 31.937(0.863)
50  20.841(0.409) 28.837(0.591) 28.838(0.603) 25.865(0.625) 28.911(0.679) 28.949(0.689)

K 2~4 5 10% .30% 5 50 % B HEE e 75 5 B R 4% Fh 5 3 78 4% Plants . House Fil Monarch | ) 2
Mgt B & 2~4 W (a) A ST JG R EIS, (b) SR K [R5 7K S TR A U 1115, (e~h) 43 51 A PCPHY
WNNM-RPCAM WSNM-RPCAM™ WSNM-L,'" DWLP(p=g¢=1)"UH DWLP #i &I 1Y 25 W K% .
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KB 2(g) T DWLP(p=q¢= 1) A 2(h) b i) DWLP A8 2 175 i b & 2 15145 b AT W 09 A v 35 43, i
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PG o ot WL P 3 F 20 G AE S 3 6 7 10 Ji (A B T R AL PR, e BRASCAT DWLP 14 25 W8 P 5% BE 408 8 DA ¥ i
b i A T A v A T R 45 R R S SO TG Rt T 9 4 A T A TR R R A R A R R AR B . T WL
P 4 v 21 40 E AR 7 o S I A T DX 3l ) T3 R AL R, T A i R v R R 7 R O 0 P 5 v ) 50 B 4 A B
L, A 25 MR T IR A LE AR SOOI RE A5 B 4 3t O 5 MRS S0 40 T

RS 25 R AR SCRUAE AN AT 8 i 19 PSNR AT SSIM A i FLEL A7 580 37 B 1) 0 06 0 SR g

(a) Test image Plants  (b) Observed image (c) PCP (d) WNNM-RPCA
(P=10%)

(¢) WSNM-RPCA (f) WSNM-L, (g) DWLP (p=g=1) (h) DWLP
512 Plants B3 M 455 (10 26 B MR 75)

Fig.2 Denoised results on image Plants (10% salt-and-pepper noise)

) Observed image (c) PCP (d) WNNM-RPCA
(P=30%)

(a) Test image House

(¢) WSNM-RPCA (f) WSNM-L, (2) DWLP (p=g=1) (h) DWLP
K13 House FI{% J: M 25 5L (30 %6 ML A5 )

Fig.3 Denoised results on image House (30% salt-and-pepper noise)
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©PCP  (d) WNNM- RPCA

(P=50%)

() WSNM-RPCA (f) WSNM- L () DWLP (p=g=1) (h) DWLP
514 Monarch EI& 25 M 45 5L (50 %6 HlER )

Fig.4 Denoised results on image Monarch (50% salt-and-pepper noise)
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--- GroundTruth
-PCP.

0 ¥ . -

1 2 3 4 5 6 7 8 9 10
EE e HRE
(a) Observed image Goldhill with (b) Singular value distribution of
10% salt-and-pepper noise restored results in Fig.(a)
70
--- GroundTruth
60+ - PCP.
—~~ WNNM-RPCA
50 - WSNM-RPCA
‘ DWLP(p=¢=1)
40 WLP
% 30
20
RS
0 . S S —

1 2 3 4 5 6 7 8 9 10

ARE
(c) Observed image Barbara with (d) Singular value distribution of
30% salt-and-pepper noise restored results in Fig.(c)

5 IRk AR B 1 A 76 23

Fig.5 Singular value analysis of low rank matrices
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Fig.6 Influence of different values of p and ¢ on the recovery results under different salt-and-pepper probabilities
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Fig.7 Influence of different values of A, on the recovery results under different salt-and-pepper probabilities
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Table 2 Parameter setting with different salt -

and-pepper probabilities
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A 0.016 0.013 0.010 0.009 0.007 Fig.8 Influence of the maximum number of iterations
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