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Abstract

This paper investigates alow-rank matrix recovery model based on the Truncated Nuclear Norm
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(TNN) and its solution algorithm. The conventional nuclear norm imposes uniform soft-thresh-
old shrinkage on all singular values, which easily causes excessive shrinkage of the dominant
singular values and degrades the recovery accuracy of the principal image structure. In contrast,
the truncated nuclear norm only penalizes the smaller singular values while keeping the first r
leading singular values unaffected, thereby characterizing the low-rank structure more pre-
cisely. For the sparse random noise removal task, we construct a TNN-based low-rank recovery
model and design a solution algorithm Alg.1 based on the Augmented Lagrange Multiplier (ALM)
method. Numerical experiments on gray images of various sizes demonstrate that the proposed
algorithm overall outperforms the standard nuclear-norm-based ALM and the Accelerated Prox-
imal Gradient (APG) method in terms of PSNR, SSIM and relative error, producing clearer visual
restoration.
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Figure 1. Effect of truncation rank » on the recovery performance of Alg.1 under different noise levels

B 1. TFEIEAKE T - 33 Alg. 1 RE M RERIFA

B 1 ArIL, IR AR o (AR B M S KPS R T I RIS TR S (o = 20% )
., PSNR. SSIM [ r 3 K#EAfRE FFEHIFZEGHE T FF2 RSE WIAH RIS S N 10 AE s e s
(0 =30%,40%)F, =Ifabrty EHLH G A AIEEE: PSNR. SSIM 45 ETHjE R, RSE NISE N[5 A
Tt B r KEBUHILTE 8~20 [X (8], MbETBERELRY BIE £ 2460, XReA RanmIMg s &, Mok, EEH
X[ r € [8,20] W Alg.1 Xf r (HUEAHUK, PSNR U ahiE 8l it 0.5, S @k i s SR A 5
UF etk .

r BUE IR &SR . 6 LIROT, ASSCRIUME R KT EUE R » SRS . 7 [1,30] XA P, 4F5%F
AN R KPS S B 23 U PSNR G BB KA 1 r MERIZE 5 KR Alg. ] IRk, Fgkdh,
AL 4.2 W TE o = 20%,30%,40% R AT o AT, BT PSNR 7EA#LIX [H]
WAL T2, ZSRIENT  (HUE B Bem A

4.2. REEGRKRTREXR

AN IS 5K 2K B “ Tile roof” (1024 x 1024)5 “Clock” (256 x 256)MiIE Alg. 1 75 H b AL
RS FA . SLierh, BEAEKPRIREN o =20%,30%,40% , R4 BEALTE 418 K16 Ll
W P S B VE 1R R B ASTE B N IR 20 430 A o W KSR Alg. 1 BTk A TR » 4% 4.1 545 I B IE B
EHURRE AT . AR, AR Alg] FIESHETARMEZIGCEN ALM 53 & APG HIETEAH R
A AR FES SO #4703, FF7E PSNR. SSIM 5 RSE =Wifstr Fic st E 45581, b, NEWE
A SR UG AR EE R 54075 B R RE ST, [R5 T At L . B e 4 R 6 1 38 U
BT LCILIE 2 518 3 gkAk, it “Clock” B FISEIEXT I Alg. 1. ALM 5 APG =i BVAAE A R M 75
KR AEXT 1 ZE(RSE) B CPU B[R] AR A 28, B R R BRI s i #2, il 4 pos.

DOI: 10.12677/pm.2026.166159 87 FHIBH 2


https://doi.org/10.12677/pm.2026.166159

TKEL, fFIA

Table 1. Comparison of three algorithms for gray image denoising

1. ZMEENREEIG LRI

I t% W KT Sk PSNR SSIM RSE
APG 2791 0.7822 0.0759
o =20% ALM 28.18 0.8105 0.0736
Alg.1 2933 0.8253 0.0645
. APG 24.72 0.5542 0.1097
(lg;fxrl"g " o =30% ALM 26.19 0.6809 0.0926
Alg.l 27.00 0.6998 0.0844
APG 20.69 0.3226 0.1745
o =40% ALM 22.92 0.4422 0.1350
Alg.1 2337 0.4684 0.1281
APG 24.68 0.7135 0.0738
o =20% ALM 25.01 0.8553 0.0710
Alg.l 27.67 0.8837 0.0523
APG 20.59 0.3863 0.1181
Clock (256x256) o =30% ALM 22.99 0.6114 0.0896
Alg.1 24.42 0.6938 0.0760
APG 16.84 0.2285 0.1819
o =40% ALM 18.39 0.2809 0.1522
Alg.1 2037 0.3700 0.1211

J & o =20% APG ALM Alg.1

o =30% APG ALM Alg.1

o =40% APG ALM Alg.1

Figure 2. The restoration effect of the gray “Tile roof” image under different noise levels
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Figure 3. The restoration effect of the gray “Clock” image under different noise levels
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Figure 4. Convergence behavior of the three algorithms under different noise levels: RSE versus CPU time
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