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Abstract

In the face of the observation data damaged by serious sparse noise, the low-rank restoration al-
gorithm using L, norm to measure sparsity can not better recover the low-rank structure from the
degraded observation matrix. In this work, a new weighted low-rank matrix restoration algorithm
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is proposed for image denoising. The L1, norm is used to measure sparsity, and the weight is as-
signed to each component element. Combined with the closed threshold operator of L, norm (p =
1/2), the weighted L1,; regularization is proposed, which is more effective than the common L2
norm. At the same time, TV regularization is integrated into our method to effectively ensure the
edge features of the image. Compared with the existing low-rank restoration algorithm, the pro-
posed method has better performance in enhancing the smoothness of image structure and re-
moving large sparse noise, and the quality of image reconstruction has been significantly improved.
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1. 5|8

W A5 T AR RIS i R P 70 A B0 BT 2D G SE RN IR 56 3, &0 I8 BN TE MG A5 5 A0 BT T A 2T A
FAETHEAAL S B ARG 2 N, IR 1] (2], HARBER3] [4], =EAIZR3E[5] (6],
e RS 715, 2 B H H ) 3 22 GBI UL Ehs vh ik 52 B A (R 45 1) 1) 13 23

FE ARG b, LB R B 3l 1 2 AR B MR 1Y, (EAFAE BN HAR SRR ZBOR 1 XA RR
ek, XRRESABRAMBINE. v 7 AR EEE T O ARRR S b, JRATTAT DA I 2R R S e
S5 K 1 A B Uk 22 HEAT AL . Candes 25 N\ [814R 8 4 1 AICBR A0 M B0 45 10 48 H T & HE ok 0 i
(robustprincipal component analysis, RPCA), it 5| NFEMIRZE, IIAMGE L) R I fe /N CARRR 0 F R 1)
PR, R 73 B8 SRR B MR e 75 384 . BT RPCA 52—~ NP-hard jA) @, 185 %40 90040 A
RIR AR, W7k oR Bl /T A A% 75 2 /b (nuclearnormminimization, NNM), ¥ ¢ Y /MLl
0, JEEERIMESR AL FE,  (E XM B T MR S 5 SR AR A W 1), A S BEWEE R 2 E
KM FE EUR B @RI B R . Gu S8 N[9S (CRR AR AR 1, SR U 1 I BUZ G Bis/ME (weight NNM,
WNNM)XS AN [ K /) () 35 S48 73 5 SR P AH S (R AR S A, i B R0 AL P SIC B i 83t 52 B NAR ¢, KR /)
PRESG SRR E A S &, Peng 55 A[10]8& H 1 X RAR AN B8 e 7 XU INAL (IR 5%, IR AE AR R o
BRI BOAE, ROR$E & TARFRAE PRI REVK S o SRR S 77 VA AE AL B N 75 BRI 5 R B 0 v 2 g 7
TR B EAR T, IR B8 Ve RE IR A, BT T35 R 25 R MR M 25 K~ 1

AR T — W E IR B 5%, RAIMBUZIEBORIG 52 R, JRR T — ANt i
GEIEIL,  RIIOARL 0, aRcm AME . 4, VAR EL ¢, T EAE BB 07 T 54T 52407, BRI 4, fiE
3% S A AR AR SO B8 (R R AL P v 5 FE PO B M P IS L ¢ SR AP IR . AR S IE AL
B UE SEAE G A H A2 3 v UGS B A A L1 [12], AR RF EUR A SRR e A5 44~ 1, 34T
R B AZ Iy 1M HE & BB s R s 2 1 2% AL ¢, , a2 B AR 73 (total variation, TV) 1M 4k
BEGE . SR AR R — AN AR A R, AR AR RS A A% B H B0 (inexact augmented la-
grange method, TALM)JfF 22 % J5 7] 3¢ 1~V (alternate direction multiplier method, ADMM)¥ Xk LA A BE 1] i)
Gy AN Ty AR 1) R AT SR A SRBIER, BRI SE U R B 1 RBIK B I B .
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2. HXIE
2.1. BRI

Candes %5 A\ [8 1837 TARBRFEREIR S 10 G L, 310 3R U1 24— AMIRAR BIGUT AR AR 1y 46 B (15 43 7T
REMIR G, AR E AR T IRAARIRARE R AP R AR RS . RPCA B AL HEFE S IR A
WFEEE D PR ARBAERE L, X BARBERE S 2 MER, BT DUy R AL i

min rank(L)+2[S], st D=L+S (1)

b, rank (L) NFEFERIRE, ||S||(0 RN AR TR N ERAESERRN A, (D)2 —> NP A,
AREEIERAME, — N 7R 2 R R R O/ ¢ Ja A L, %R O FE B 1B B (principal
component pursuit, PCP), H[)

min [[Z], +2[S], st D=L+S @)

Kb 2], = Xo, (L), FAmBIOEREZA, ||, =X|s|, RRFHTROARHELR. %Y
AT R L4 590 P 745 R O B (A5 7SR AR 13
2.2, MPESER T /ML

IBURZ S8 B /NG T LA 38 38 B (O AR RR S5 4, BBE X e R™, Y e R™ HABREIORR Y 7,
Wy ={wy,} eR", NUMBUZIEEUR/IME 1 R 4

. - 1
min @Sy 0, + L ®
j=1

Y MaERERNY =UZV", 2 =diag({aj}]£/_9) o Peng 7E[10]#2H 4F¥I 5 B {H (non-uniform singular
value thresholding, NSVT)$ TR % B/ MU, D, [Y]=US,[E]r", Hih S, [2] = diag({o; - w,} |-
B RAL R Q) R LA X =D, [Y]-

2.3. 1AL, SEBERAME

N T SR SR AR, BRATIRM T INEL ¢, WEECMER R AR S B E S T, Bk
XeR™, YeR™, W={w}eR™, MHAUEEER M LT

1/2

m1n||X Y|| +a||WOX|| 2 (4)
IR R SRR A BISCHR14] [1510R &, € AR S BIER T Rom N
2n—2 . 3 2
2, {1{&H | B
r,(n)-]3" ; Ul ®

0, otherwise,

Hbg=aw, . v, (y arccos( (1/3)° j RURAL W @R RARAE S X =T, (¥) -

4. BESBHMMARE

Beck Al Teboulle [16]3%BI7EEMEALEL T TV JuEAE OR B IR A3 GARFAE AN 2R [RR ) 45K~ 1
FIEEREN, AREDUENE TV EHE LT
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m 1n-1 m—1 n-=1
"X"TV \/ t+l / i j xl Lj+1 ) + z l o - l+1 n + Z|xm,j - xm,/’+1 (6)
Jj=1

i=1 j=1

A TV Ya5m /MU EUE 204 n) e X~
. 1
min B |X,, + ¥ -C[; -
s.t. Xe quu = {xi,j’l < X, gu}

b C RARAEEIR, p RIEMGHS S5 B, o MEA T FAREI IR EE, [Lu]=[0.255].
XL RT3 P T (1617 th RO B B30, (RALFTRERIRRAR s X = P, (C - BL(aD))
Horh P RIGMHH T, LIRESRHT.

3. (KFkikS =R
ARERNRE T — /NI AR ST, FRAUEH 7 KRR
3.1. &R

N T ERARGLE, FATR M T €, YaR0R/ME, 72 BB 21 BE S S HE G (14 104 s 0 e 75 4
HMBIA R a b L BR, FIRKRE TV JEEGIN B r ek SR ns O B EIR IiA gy, R R T4

NUCIEST T 0 AR
min S, -6,+ 2|05 0 5[ + A,
st. D=L+S ®)
LeB,, = {xi’j,l <x,; < u}
3.2. REKRR
T RIB@) FIIRAC T, SIGEIAE R H,
pin S oo+ 2 051 el
st. H=L,D=L+S ©)
LeB, ={ Xl S x; <u}

KW, ={w, ;. j=L-nf N{o | FBE, (o} RHEEM H MR W NRRER S HHUE.
DRSS R (9) ) 18 ™ o Ak BT H R A
L(H,L,S.Y.Y,)

1/2

ZWH, o +||W OS], +BILl, +(.D-H=S)+(¥,.L-H)

(10)
2
+2{Ip~# - [}, +|L~#1f,)
st.LeB,, ={x .I<x <u

KA, () RRPIANFEREIARL, Bk BT H S5 240 R ADMM SRR — A2 i 3] 5 H At A2 54
REFAZE, BATHEWNT.
RAFHI, B2 H A AR B R FF AL,
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argmin > w, aj+(1/1,D—H—S)+(YZ,L—H)+§(||D—H—S||;+||L—H||2F)

Jj=1

2
—argmmeH o"/.+,u‘H—%(D+L—S+Yl/,u+Y2//J) (11)
J=1 F
:argm}}nZwH’j -0, +,u||H—C||i
=
b C = 2(D+L S+ Y /pu+ Yy p) . B EAEMEHEAT LA NSVT KA. H =D, ., [C]
KA S I, [ e HoAh AR B R REAAE,
argmmﬂ"W G)S”l/2 <Y1,D—H—S>+§"D—H—S"2F
= argmin 2|7, o[ +§||S—(D—H+Y]/,u)”2p (12)
_argmlnﬂ"W OS"I/2 ,u”S—K"fV
HP K=D-H+Y /u, BATRTLOEG ARSI FBER TRE, S =T,,, ,(K)-
KA LI, [ HAR AR B RIFAAR,
argmin L], +(¥,. L~ H)+ 2|~ H[;
—argamin A, + 2] (-1 ) 13

=argmin AL, +% LG}

Wit G=H-Y,/u, LeB, ={x
=P, (G-(Blu)L(ab))-
33 %;fu_,\—n

SRAENIAL 0,5 VAR TV JEEL R R B H SR 0 50025 1, ARBR R R B2 1 P A 2 MR SR N 00 2.

SRE 1 MRk B H S0

WMAHEDeR™, A, B, O

VI L, eR™, H,eR™, S,eR™, Y, eR™, Y, eR™, »4 >0, £=107, =0,
innertier =100

1) while ||D—H S|| /||D|| >& && t<innertier

2) update H[ e, [C.]

3)update S, =T, (KM)

4)update L, = P, (G, —(B/u)L(a.D))

5) update ¥, YM +u,(D-H,,-S,.,)

6)update Y, ., =Y, + 4, (L., - m)

7)update u,,, =S, » t<t+1

W<x <ub o FIRAE TV /MU REER F R B BE B S 14],

L+l

8) endwhile
iﬁi I':EI H L[ 1) St
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RN, RAWL

BRLI% 2 AL 0, EHON TV VERUIRBRAR K R 1 R 5 R Bk
WMNEMEDeR™, m>n
Wit Wy ={w, }eR", Wy ={w;,}eR™, £=107

R PCP (175t 10 =Usy T S, BRALE wy, = — 1

W ’ Ws,ij = |Si.j|+€2
D while [D-L-S|,/|D], > ¢

2) Rowy, Mowg, HASEE2 4, WHH L, S,

3) end while

4) L, S

4. SR EER S
4.1. LHGE

TESLEGH, BATRENISHEW R .. ARSI D eR™, WEYIBHE L =0, S,=0, H,=0,
Y, = D/max(”D",/T1 ||D||w) y Y,,=0, 6=15, ¢=¢=001,

AT RS, AR g T PE=A NI ZE, BT R28 4 BUE 1/,/max(m,n) . 1M B
IEUE RIS TV SN EERRRE, R E B U 2 — A SR 7 .

LA EER, 4 =20, Hh6=000125/\max(m.n) , a=0,1-8. 4 a WARMEZH p i1y
A3t BG S E5EE , Y6 HX Lena, Babara, Mountain, Boat PUK [94R8 B Tk, A 1 aTLLE H a =3
IR PG B U (5 e LU B e T BEVE D SEBR 3A 58 9 CPUIS-12400, A7 16 GB, Windows 10 #1E %

4Ll &% MATLAB 2016a.
40
=O—Lena,m=n=512
=+=Babara,m=n=512
—A~ Mountain,m=n=512
351 —8=Boat,m=n=512
9—’/,’-2 - = -g.__-—-ﬁ_~_— ~R~
—r— n
04 -7 TR
s — = —
| R e
- T - o e o
14 - - e
4 K
25 _—— = = = = - L
2 —‘—d * —*_—_-*———-I-———i.
20
15 1
10 1 ] 1 L] L] L] L] 1
0 1 2 3 4 5 6 7 8

The value of a,with a=log2(3 *sqrt(max(m,n))/0.00125)

Figure 1. The effect of §f change on the result
E 1. 3% p LRI
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4.2. BREGER

9T RAUEASCAR B T IAL ¢, SEERN TV IE AR EHR 23 SR A R 5 IR 1, SO0 800
55 H B B S 3R R R B SR L A, 4 4n PCP [5], Reweighted 1, [17], NSVT [7]LA & SRLRMR [18],
X R EE S HIE R AATSCR BN SE. T BVE LR 2, SR AW (5 1 L (PSNR) FI 45 1)
FEABLEE (SSIM) [ 1911 NPEM 46 4% .

EEEMA ) BRG] 2 Frow, AR EIA 2 5bR 58 1~9. HhEATEHEE v 5 (Bridge)fE 1
(Lena) I 20%F1 30% 1) % M i e 75 AE Ny £ MU FeoR, aniEl 3 1R 4. B Sk Bag i e 1 IRk
SR, W97 EURE IR

Figure 2. Natural images of testing

2. ATMKE B R E G

(a) JRE (b)) 30%FHiMESE  (c) PCP (d) Rew.], (e)NSVT (f) SRLRMA (g) Our

Figure 3. Image Bridge with 20% sparse noise denoising results of each algorithm

3. [Efg Bridge #NIN 20% RS 5 & BRI EIRER

(@ HE (b)) 30%MiEiMER  (c) PCP (d) Rew.], (e) NSVT (f) SRLRMA (g) Our

Figure 4. Image Lena with 20% sparse noise denoising results of each algorithm

4. [EIR Lena i 30% MRS G & BIANERER

SEAG IR G N 20%, 30%, 40% 35030, SR EIER g gE R B gE e 1 AR 20 WVEIN R AR
T LLE H TR BN 18 & PSNR 1A SSIM H R BLER & F At 8k i) . 20%%%5 FE [ 7 N PSNR £l SSIM
AP 28R 5 2.74 dB, 0.018, 30%ZEERIIER T, PSNR Al SSIM 43 HI P21 E 7 1.16 dB, 0.01.

Table 1. Comparison of PSNR after denoising of variousalgorithms

= 1. ENEEKIRER PSNR LB

K PSNR (M 75 %5 FE h 20%) PSNR (M 75 % FE h 30%) PSNR (M 75 %5 Ny 40%)

7 PCP Rwel, NSVT SRLRMR Our PCP Rwel, NSVT SRLRMR Our PCP Rwe.l, NSVT SRLRMR Our

1 2675 2384 3215 3247 36.13 2127 22.17 23.84 30.67 3297 13.18 1653 13.57. 2053 20.01
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RTIA, AU
Continued

2 2423 2233 2628 2636 27.00 19.10 20.85 20.77 2435 24.82 1225 15.10 1250 17.88 18.00
3 2841 2675 3199 3371 34.84 23.00 2542 2556 31.15 3246 13.04 1939 13.80 21.66 24.15
4 2590 2279 28.10 29.64 3098 2252 23.04 26.61 2736 2825 1232 19.61 1569 2258 22.97
5 2977 2643 34.63 3488 37.26 2520 26.69 28.73 3331 3539 1139 18.65 1321 20.04 25.65
6 2998 2796 34.01 3373 36.18 2729 26.57 30.53 33.01 34.83 1394 2449 18.04 28.12 29.34
7 2571 2349 2878 2931 31.02 2092 22.01 2293 27.60 28.75 1328 1724 13.50 20.55 19.96
8 21.72 2043 22.12 2371 24.76 18.09 1921 18.12 2190 2248 12.65. 15.00 12.06 17.07 16.86
9 2522 23.01 27.65 2835 29.93 2125 21.62 22.01 27.66 2850 13.82 17.03 13.84 19.64 19.68

Table 2. Comparison of SSIM after denoising of variousalgorithms

F 2. BNEEEMRE SSIM EEER

SSIM (M 75 3 B 5H 20%)

SSIM (" & 2 5 S 30%)

SSIM (M 75 35 B SR 40%)

LJEs
&l PCP Rwe.l; NSVT SRLRMR Our PCP Rwel;, NSVT SRLRMR Our PCP Rwe.l; NSVT SRLRMR Our
1 0903 0.839 0.973 0982 0.993 0.695 0.804 0.778 0957 0979 0309 0447 0.311 0.613 0.731
2 0.851 0.794 0918 0922 0.935 0.644 0.727 0.746 0.874 0.891 0.321 0.390 0.320 0.572  0.604
3 0904 0.851 0.963 0.976 0.982 0.761 0.819 0.861 0951 0964 0.324 0.549 0.347 0.711 0.757
4 0.871 0.794 0.954 0.958 0.973 0.726 0.794 0.902 0941 0956 0.219 0.590 0.370 0.753 0.783
5 0923 0.873 0.978 0981 0.988 0.762 0.872 0.899 0975 0984 0.173 0422 0.213 0.520 0.804
6 0.897 0.851 0.957 0.955 0.977 0.842 0.834 0.909 0.948 0.969 0.205 0.735 0.376 0.845 0.860
7 0.892 0.816 0.956 0.962 0.975 0.729 0.775 0.833 0.935 0.953 0.333 0484 0.343 0.692 0.651
8 0.788 0.663 0.845 0.888 0.921 0.615 0.595 0.658 0.822 0.850 0.325 0.343 0.292 0.546 0.446
9 0.875 0.797 0.935 0945 0966 0.722 0.757 0.750 0.924 0.943 0.343 0452 0.334 0.600 0.660
5. &5ig
S L RO TEROR TV TE WAL S 7 — AN UL SRR 52 B8,

AR TR 4, TR M, IF

Znm

A TALM Al ADMM 1] LLA 2R A BT e A AR I DL AR . NS5 SRmT LA Y, ARSI S0 A

FMEITT AR, A

L5 BG R E R T I E, RN ORBE T BRI BRAIE, B R %

IR A%, EREME AR AL PCP, Reweightedl;, NSVT LAK SRLRMA A% B S 7F. Mt ENE
T ), VERORH EELEANRL ¢, VSR, A& eSS4 I B A B IR 22 A AR
SR, FRATII T IEARAFAE — SE R AR R IR 5L, 50 G ] KR 0 A [R) /KT O e s SE LR B S5, A

T P 43 HTAE S A O SIS (B 1925 9 9 1 A
S5 3k
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