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Abstract

Aiming at the problems that it is difficult to separate low-rank information from noise and over-
dependence on empirical value in parameter selection in image denoising process of weighted kernel
norm minimization algorithm, an adaptive weighted kernel norm minimization algorithm is pro-
posed. Firstly, a weighted kernel norm minimization image denoising model is constructed using im-
age non-local similar priors, and then an improved Gerschgorin theory is introduced to accurately es-
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timate the rank of the low-rank matrix from the observation matrix. On this basis, an adaptive idea is
proposed by combining rank estimation method, and the adaptive weighted kernel norm minimiza-
tion image denoising model is solved by singular value decomposition and soft threshold operator,
and the final denoising image is obtained. The experimental results show that the proposed algorithm
has higher peak signal-to-noise ratio and structural similarity value compared with the existing clas-
sical denoising algorithms, which can effectively improve the denoising performance while preserv-
ing the image edge texture and other details, and has good robustness and generalization.
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1. 518

BUE 2 2 G AL B AR IR I — AN BB A IR A, 3 H 12 I SZ2 e 75 3 R AL G R H i 46
() L MR o IR 25 M AE 23 [ g 75 11 [ B 0 55 2 OR R VBB B, DRI e BE A 0% A 28 25 B TR R AR g 7
N Ae R TTRE 2 ML OR BE MR A1 15 B — B 3 TR HIF [

FEIAT (UG 22 e it 7 o, BEUG KR SR8 A {BA(Nonlocal Self-Similarity, NSS)5&5e [ 1] 5% 2] T
JZ B S R R U AR K S B AEE MBI, SCRR[214& T —FhaE)5 #8348 (Nonlocal Means,
NLM) 38 S, 1A A 080 e 75 R TR i R 1 )5 MG R 1SS B SCHARFAIE . NLM RV B
RUFIIEMRCER, WEl TARZ%#H, KEHET NLM Pl Sk mbi s gt . Heannt NSS Je36ri— St
FUWOR T R T 5 SRR PR Se 00 . o I T - U S AR R M SR 30 Ay KSVD 5 o) %
[31, A UG AR B AT P30 AR S 50 kB G s o TR BRI S0 1) 7 V20 BEUG 1 p m) ESR A B
BT UG B S S [AAE RS HARAUREE . D 1 SELF A F IR NSS Rtk , Sl AR LR B
UG HZH A R S R . G SCHR[4146 s AR R A A i 2 7~ (Nonlocally Centralized Sparse Repre-
sentation, NCSR) /7% MG S JFEHEAL, SCHR[SITEIR R AR AR A 2HE AR B Rt |, $2H T —Fp = 4EHITRC
(Block Matching 3D, BM3D) 1k [F] % Sy 18 . 122530052 1 - UG AR o B AR UL M R i R &5 B ke ok
(MRS, BARIL S URMAT, (BB G SRS TR RIRL, HEHI T ASEER S .

FIH EUE B S R0 AR 24T B 2 e 1) ) — AN e S IR % &2 (Low-Rank: Matrix
Recovery, LRMR)5i%,  TARRRRE BEK 52 5002 mT LAy P S ARBRAE HE 7 A [61 A Bk B /M [7]0 Herfr, IR
PR B 20 fif 7152 DA SVD 7 R 0o, ded PR 7 7 (8 A AR 2 BOR /N SR U SRR B G5 M AR i, AT
o5 tH MR B B AR T [8] e R RS /ML i — AN AR ARG ) 8, B sR A, — MR AT AU
M AR B Bk R MG SRR AR PEYK S . SCHBR[O3 Y T A% 5% /MK (Nuclear Norm Minimization,
NNM) 5%, AL VGO AR o BRI RR 2 A, 33 SR AR AT 7 1 20 R0 {0 A MOk S AR o s L )
BMe . BRI, ARSI AT S ] I 38 S a2 — A R RE, 2 TR A S R A A A B
S ERCT R R ZE . N T I EL,  SCER[1015E T AUZ T $ R /b (Weighted Nuclear Norm Mi-
nimization, WNNM)&y2:, AR (14 43 c il 25 5508 R A (511 250728, i 5 4 b AR HE O P 1 50 2 e P e
HH 25 5 SRR AN LR B RE i, VR 2 28 TIRRR AR R B MR 2 B8 L WINNML Dy Bk fifi gk — 2
JEFFAE T o SCHER[LLRUE 1 IR M AR st TAZIE B A, 4t A Schatten-p 6405 /ME(WSNM) 2 5L,
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AR TN RS, A B S M T 1T SR A PR G ), 3R AR T EE NINM SR G AR R A 45 2R
SCHR[12]4% WNNM RS o R a3 8 3 o M Ve 2, 38 2R T S ya B M i BHG L g ik . Bt
WNNM 2 M BEAFLE [ ] f,  SCHR[13]4 H SRod AU a8 /M SR . SCHR[91R] FH ARSI ek 23R
AR, T IR A BRI A AR RROK S S I R g, 15 B R VR RE . SCHR[14]7E
WNNM [P 5:0 b g5 A Rt R =@ TE R A, $EH T 2@ 18 AU Y5 5 & /ME (Multi-Channel Weighted
Nuclear Norm Minimization, MCWNNM) 7 (0 & 15 25 e 5

HIR WNNM B3 T4 AR ) BRE P X A SR T A A BUE,  (HBUE 2 B 5 R R 1 Rk AR
KA SHPTHEN . EFE—NEENERSHOE NI LT S G OUE T WAER, —BESH0EHFEA
Y, o RGN LR . XTI, SCERE S RO BUR AR BRI R L, G
i 3 R TS SR SR AE R G 2k P A HE R PR I RR R B8 4, ik B 50 H 1) 5B T IEA R B,
SCEE SOE 1 Gersehgorin BBl T 7 V2SRAG THRRREE BEIRR, RIS TFAORR I TH IS R X A S AE
ANFIFRBE (AR, Ae s SN HERA A Rk S5 0E R IR 4 . £ RE B E M Siet, Eid S
FREEAT EE WA, CEEIVE AR R I H AR5 (1) LM RE .

2. MBZSER & MUAREL

TR V5 Bt /M A — Fh 240 R B 2 S A R s e AR AR, e Ve S IME R BEAS e mli 38 T 7
I ERE, R T BREGRLKE SRS TR E R M. /E8 NNM IHE,  nkuZia
B /IME(WNNM) AR 1 3858y«

1

i L o )

X[, - = 2 wio (X) 0

| X, . RHE X BTG w=[w, - w, T (W, 2 0) AHERE X HRE i AN 5 (06 L AT ) B
SCHR[A5]4E T R TE 0, (X) <0,y (X) < <o (X) HOo<w, << F, 3 AU 6 $ e MR AY

4 R AL SR AR A
X =US, [Z]VT ®)
A, S, [Z] RABUERE w ) SCRRESL T, MR
S, [Z]=max(o; (X )-w;,0) 4)

3. BiEMmMMUESER SE/ MLk EREE
3.1. BHAER

WNNM A7 RIHAR R REAEIE SE KA 2 IR HT , B IX — 2R 05 P B Bk T- 2256 b e —
ANEMASHEL FFEARBIEREIRARDS, X T AR5 @R EZ R RS fxx— i, &
JEH — B IE RIS o BiR MU MR L MR, RE NS 728 I DLt A B B IE R INEL,  JFRENS HER
AR AR AR -

UIRTATIR, EARBRIEREIKE R, RBRAEFERORR — MER R RS AR, %2R
R, AHARLRHR 135, SRS HCERFIN . N T IR HRBRIE R RRARABZ — [/ 3, SCE S Gerschgorin
HEAETHAS] A B AERAG THIRRRHAE R ARk . ARIESTER[16] T, 7EME PRI AR IR AREE SRR RE 5 M [RIRE
A AZRR AARRRAR UEAE AR R L ARG P 15 S HERE S BRI B r BORERE M T T 220 F%E MR AT RASE SUA:
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Ry =MMT 5)
X Ry, HATHFEAE 5 15
Ru :URM ZRM U";M (6)
AU =0y, Uy, oo, DREHIE R IR, o = diag (4, 2., 4, ) AL I RIORT S . 7

WEIREE Ry, B v, (HIEELSEMRSE Pl TR 0, R, B n (o> r) o MR THERRERE R 1,
5| N\ Gerschgorin # it . &%, X0ty 25

R R
R, = { RH RJ ()
Ry, € ROVOY SIS R, (55— TRIRE — BRI, XIERE R, TR 4 T
Ru1 =URMIZRM1UFIM1 ®)

URM1 =[q1’,q§,~-,q;,1] R RMl REAE [ B AR ZRM1 =diag(ﬂ{,ﬂ;,---,/1;,1)%ﬁﬁ$ RW%?HE%E[@ED
AR U e R™ (WU = 1) 31 F s

U:[URMI O] )
o 1
W Z 5 Rt B AR 2 Ja N .
A 0 0 0 p
" 0 4 O, 0 p
SR o I S @0
o " 0 0 0 - A,y Py
PP P Paa Ra

Ak, p =R
N T R R T HERA I, SCE SR —FiH VAR 4 /)y Gerschgorin Disk A -2, P,
3G — XA HERE D k-

D =diag (4,4, A4, A7) (11)

=[S (12)
1
5 XA BB Ry A

X0 o o Za

o 4 0 - 0 Zp
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Hrr, Ry AR, AEARHBIERE, IXPHANHERE R A A R RFEE . i8It ARA3)rT A, it #:45:J5 1) Gerschgorin
Disk H: [5.Cof7 B I3 HU, {H2 Gerschgorin Disk 1744252 ZIAN A FE BE (1) R 46 - #6543 1) Gerschgorin Disk
AR R4 RE L LURAR 43 Gerschgorin Disk B E4iMFE S EER . IXEIRE, RFRRHIE(EE M 8 5 PR igs
ﬁﬁ%@%%@ﬁ%ﬁﬁi,ﬁﬁ%&%%@ﬁﬁ%ﬁ%%%o%%,%ﬁT%mEﬁﬁ&ﬁﬂm:

M ) n-1
RANK () -] - 1 )zu.@ o
Z L n i-1
KA, k=12,---,n-2, [AXTE k b E RIS B AR, RFARHRERIFR K -1, HEERFEF0< D(k)(M)<1
wFFrR:
_ 2[4l

(15)

D(k)(l\/l)_\/n217

R AR@S)E LT, DY (M) IMETLH AN, 524 hAERE Ry H B IIE Lo B, st
) Gerschgorin Disk A T132:48 FL AT BA H 2 TR ARRRHE B R 7% o

i%iij:‘ﬂﬁﬁﬁi‘z%tﬂEI‘JEﬁziﬁﬁ%fﬁﬁﬁ?ﬂ%?ﬂf&&ﬁ%ﬁﬁi%ﬁi, A IBUZ TG/ ME SR, SCER—H T —
T T RRAL VT 1) B & R ANAUZ I B MUK A, B

X =arg m|n—||Y X|| +y||X||W (16)

St [l = T 4 (X) Wy =iag (], ) UGBS X UL

FBRFEEIG Y, e e EGE, RIEAERSN X x X [ R E 1SR TR, 1€
ENVREN DR, LY, o X TERHABIRAERE Y, SR I F AL )

17)
XF Tl MR (15), 38T SCRBME S AT DA A AR -
ai()zj)zmax(ai (Yj)—,ua)xyi,O) (18)
MESEE M EIRE, 13 25 a 1A e A U -
(O-Hl (Y ))2 .
O_i(x"j): Ui(Yj)—TYjJ),lsr (19)
0i>r

AT T AT HARRRAERE X | fO#, %Eﬁﬁéﬂ%ﬁﬁﬁéﬂ%ﬁ%{&}? KIGEIEMERIE Xo fESEhr
MR RE R, AT DA HEAT 2 GEARE 2 M RE SRR T M (4 1R

3.2. EREERE

Bik: HENINBUZ EHoRME R 2 1%
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Wigate: X, =YY, = X

AR WE k=1, HBRIERRES

SRR 2: SEARIEMIL Y = X g (Y - X*F)
AP 3: WA r

g ZEb b usavele) i

YRS ¥ X RET L E G X

4. SKEERS5H

SEIG (R REE 4 /. KPR ES Intel Core(TM)i5-4210U CPU@1.70 GHz 2.40 GHz 175 4.00 GB; %%
74 64 £i7 Windows 10 #:4E R 4t: 247 M5y Matlab R2021a.

N T IR UE SCE AR L R SO A AR P S SRAE R AT 55 A R, SCE e T bR e R
=Y Berkeley dad[17]70 0 B R BEAT S MG, A T e 5 45 M LE (PSNR) M5 A4 AR ABAE: (SSIM) PRS2
MiFahr 52 5% KSVD [3]. NCSR [4]. BM3D [5]#1 WNNM [10]3EAT & #iTAN 55047, SEie S8k &
WR, MREH 30 x30. X TEEFIREZERNG, <30,30<0, <50,50< 0, <750, > 75 & MEEG, K
BHRRF BB 6 %6, 7x7, 8x8H 9x9#HRMUULANK m 7377y 60, 80, 110 A1 130, Hikik
RUE 5N 7+ 94 11, 13,

4.1, EMMEITEMN

N T RAESCER OTVE A R, e AR HERCE FE I R W 1 R, A ks TR R N
5 0. FrifEZ o, 24 10+ 30 50 F1 100 F =y e 75 >R A ple g A MR EHE . ] 2 8 o =10 B 2R EVE £
MR ELEC L 4] 3 8 o = 30 I 2 Fh R LU LA 18] 4 O o = 50 I 2 PRV it e U R LR
Kl; &5 4 o =100 Bf 2 Fh R i) 22 M UR L

@

Figure 1. Test image for comparison of denoising algorithms
1. AFERE R A B %

(a)original (b)noise (c)KSVD (d)NCSR (¢)BM3D (HWNNM (g)proposed

Figure 2. o =10 when Lena image using a variety of algorithms denoising effect comparison
chart
2. o =108F Lena Elfgft A S MEEEIFMRILEBE

ik

(a}original (i))noise . (©)KSVD (dNCSR (e)BM3D (HWNNM (g)proposed

Figure 3. o =30 Peppers image using a variety of algorithms when denoising effect
comparison chart

3. o =30 H} Peppers Bl £ A S ME A RRBRILEE
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(a)original (b)noise (9KSVD (d)NCSR (€)BM3D (HWNNM  (g)proposed

Figure 4. o =50 House image denoising effect comparison chart USES a variety of algorithm

4. o =50 Bf House &% A % F & A LR AR ELEE

(a)original (b)noise (©)KSVD (d)NCSR (e)BM3D (f) (g)proposed

Figure 5. o =100 Monarch image denoising effect comparison chart USES a variety of

algorithm
5. o =100 B Monarch El#§{E F & ME L LIR SR L RE

I DA B ONESR IR A R, FTLAEH, KSVD HEF R BRI ER %, BM3D Hikr
AT e N THONE, JEOGTERE T —Se40 T, NCSR M WNNM S0EEE A [F R F 8k 7 —Le -G (40
B CEBVEERBANE EG S G RIR, B Ry T BUE I S 5 A0 1i(E 2.

NG AT E A A, 7RI 6 A 7 o, IR T Berkeley 344 House {4 A1 Monarch El{%
TEME P FRifE 22 50 A1 100 7 AN [ S35 (1 2 M 5 SR s A 1 s K 1 o

4 4

(a)original (b)noise (c)KSVD (d)NCSR (e)BM3D (HWNNM (g)proposed

Figure 6. House local details enlarge figure
6. House B BHEBLRT A E

NN

(a)original 7 (b)noise (c)KSVD (d)NCSR (e)BM3D (HWNNM (g)proposed

Figure 7. Enlarged view of local details in the Monarch image
7. Monarch El{& HEBLETI A

M 6 House UG 455 LL I F kB, KSVD. NCSR 803257748 T AN FIFEEE 5, BM3D. WNNM
SVEFAA T ISR S5 AE o  TT AR SCARYE AT 380 1) 23 B S P WK Ay T T EL X 5 38 45 A P AL 2Rt 5 g~
1. 7 & Monarch BUETE o =100 I J LR 2 2 e gt SR R S B 45 A AT oK B o 78 e s 1B L T
KSVD iR MU e 2, 230 I (I PG AR A7 - BM3D S 7E 250 o i el % b HE B 75 9 B . WININIM
HNCSR SHIATEAA LU UK B NR . ARG N SCERRIAA AT BT AT 454, B,

4.2. BYHAERR

R B F S B R AT R, SR P AR 5 T B AN 5 R AL RN TR AR AT VAN . AR (5 e Ll
K, GERFRUEREZIT 1, Ui ARG S R m G, MOy ReBRBE. % 1 41
TR KA 104 30+ 50 100 K 8 i B 5 2o bk & S i s R 1 1 L (PSNIR) AT 45 R4 AFALLEE (SSIM) 1) 45 5 o
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M LA AR, KSVD ik MUK NCSR Sk A BM3D S0 2 M PE AR — i, B E M 7K
PESE N, FMRPEBENTE T BE WNNM S 25 e R REAR L L & SR A B ORCR (B WNNM 5
% EE B AR ZHORE I T A F EIR . SCREFVEE R ZHAE I N I SaAr IS e L e, kvl .
SCE PR FEAN LA SRR, FEAN IR 7 /KT 00 T 804 B (1 5 R PR RE

Table 1. Comparison of PSNR and SSIM of different algorithms under different noise intensities
1 TEEEEFREIEASEE TH) PSNR 1 SSIM 3ftE

KSVD NCSR BM3D WNNM Our
BB MR 7 7K

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
10 34.65/0.889 35.85/0.916 35.93/0.917 36.03/0.917 36.74/0.928
30 30.75/0.803 31.06/0.846 31.26/0.845 31.43/0.850 32.03/0.869
Lena 50 27.86/0.734 28.90/0.802 29.05/0.799 29.24/0.806 29.84/0.827
100 24.48/0.643 25.71/0.728 25.95/0.709 26.20/0.725 26.80/0.752
10 32.03/0.874 33.40/0.925 33.33/0.926 33.64/0.927 34.65/0.886
. 30 26.68/0.784 27.53/0.841 27.56/0.837 27.83/0.843 30.28/0.826
Alrplane 50 24.68/0.713 24.93/0.775 25.10/0.772 25.43/0.785 28.17/0.785
100 20.79/0.597 21.83/0.677 21.11/0.671 22.55/0.685 24.98/0.708
10 34.24/0.923 34.78/0.927 34.68/0.928 34.95/0.930 34.97/0.878
30 28.79/0.837 29.10/0.849 29.28/0.850 29.49/0.857 31.41/0.825
Peppers 50 25.95/0.766 26.82/0.800 26.68/0.794 26.91/0.801 29.34/0.793
100 21.80/0.623 22.84/0.701 23.39/0.688 23.46/0.698 26.19/0.721
10 32.03/0.848 36.80/0.920 36.71/0.922 36.95/0.923 36.98/0.931
30 28.65/0.789 32.07/0.846 32.09/0.848 32.52/0.852 32.65/0.861
House 50 26.39/0.728 29.62/0.819 29.69/0.812 30.32/0.823 30.34/0.822
100 24.89/0.672 25.56/0.736 25.87/0.720 26.68/0.754 26.76/0.755
10 33.31/0.941 34.51/0.957 34.12/0.956 35.03/0.960 35.68/0.965
30 27.61/0.843 28.46/0.889 28.36/0.882 28.92/0.893 28.96/0.896
Monarch 50 24.49/0.768 25.73/0.828 25.82/0.820 26.32/0.835 26.33/0.836
100 21.39/0.618 22.11/0.708 22.52/0.702 22.95/0.726 22.98/0.731
10 33.26/0.912 33.65/0.935 33.30/0.932 33.99/0.937 34.12/0.938
. 30 26.13/0.758 27.78/0.830 27.65/0.829 28.08/0.835 28.14/0.832
Starfish 50 24.79/0.657 25.07/0.744 25.04/0.743 25.44/0.759 25.51/0.759
100 21.83/0.576 21.67/0.604 22.10/0.605 22.23/0.616 22.24/0.620
10 34.13/0.940 35.00/0.943 34.98/0.942 35.51/0.945 35.84/0.943
30 27.83/0.837 29.62/0.868 29.81/0.869 30.31/0.881 30.36/0.881
Barbara 50 25.89/0.763 26.99/0.794 27.23/0.795 27.79/0.820 27.84/0.822
100 21.98/0.549 23.20/0.640 23.62/0.643 24.37/0.686 24.37/0.691
10 33.64/0.884 33.91/0.887 33.92/0.888 34.09/0.889 34.37/0.888
30 28.39/0.742 28.94/0.769 29.12/0.780 29.24/0.780 29.31/0.782
soat 50 25.97/0.659 26.66/0.695 26.78/0.705 26.97/0.708 27.04/0.711
100 22.82/0.529 23.68/0.589 23.97/0.594 24.10/0.598 24.42/0.599
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