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Abstract

In the process of image acquisition and capture, there is often degradation such as noise pollution
and missing, and robust completion plays an important role in this. Most current methods for im-
age restoration exploit global low-rankness and local smoothness priors to model them, including
independent coding methods and fusion coding methods. However, these methods either require
tedious tuning of more than two parameters or treat each singular value of the gradient matric-
es/tensors equally, thus limiting the flexibility to deal with practical problems. In this paper, we
propose an improved tensor correlated total variation (ITCTV) norm to take full advantage of the
intrinsic structural properties of the gradient tensors. The proposed ITCTV regularizer does not
need to trade-off parameters to balance the two priors, and further effectively utilizes the prior
distribution information of the singular values of the gradient tensors. We apply the proposed
method to various types of visual tensor data, and the experimental results prove the effectiveness
of the proposed method in image restoration.
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BEE AT LR KEdE. i EIUE BEORIPRIE R, ETF P, R EES
JS2 RIS A T 2 A2 AR SR E S . P GRS BRI ERAEM. BRI, RS B
bR A AR SR 7Oy AR, X BRI e R R, TR B A AR
HEAFRRE, EEPINEAE T, SEERGE RSP RIRI, Hn 2 B0 R FLEE 3% Fhig
PTG Y BB SRS . RALIR b  H PR ER PR, IR S S B e . BRI, e
XM RO T O Ja SRR 5 (0 PRI [L] R SR [2TAT B (R 23 1 [3155) P RE I S B AL BV 3R

EIRIRAR A RS B A T KB R R AR T B PRS2 S R, B SRR S 2T (TRPCA) [4]
ANFREAZHN(TC) [5]. MREURIXPIA [ SBREAE T AT RALTKE K A B SE I K, e HL g i A 2 ) 1T
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ARG T AL SR, LRTR M FEth i il ss BRIk . — D5, skERRAE SOF
AEFEREASFEME—, M SR T 5k E MR 7730, HATSKE M CP. Tucker. HOSVD i AR
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HEFMEM . XAMERSER b EAGR T B2 RaE A K E B ARSCHE, BIERAN T IRE 72 . B
TSR 24, A2 (TV) [T R 11 S it i B T BB IE R . R BT g sk 7
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Mo, T LR T A6 G e B B B S0 R MR, KT TR P 4k R Bl
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R AOLE SRR, B 0 %2 S8 o T 3L (R ST A e R 2 5%
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SR RO R AR A R . B0 3 B LA B sl o A B K 12 7 (A 120 S
T, SRS A, B, BB AR BB, DURIAT LR R E . Xt
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4. SEW BT

FEATTH, 9T AR BT H A ITCTV 7R AE EHEAE 55 5 TH B 280, FoA TR R FH 2R (4 8 HSI
PASIR FERRAT A o FRATTIE B T URIIRAT I BN 27 VE S BATH 772347 LU, B SNIN [14]. TNN [4].
TTNN [15]. TNTV [16]. TCTV [9]. ZTXFHEMSHORE, AT B EE T1E# 1R B fh A1 5
B . FRATVE FH VAR (5 1 LL (PSNR) B B {5 142 L P 3 {E (MPSNR) 48 b K Al & BT 77 iR IR I 2 1
Ao X TS, HOEIMERE M Berkeley 73 B P BEHLEI 7 10 5K E v, HSIEI 7T 2 A 1
Pavia, Pavia university (Pavia U), KSC, DCMall, Urban L& Moffettfield, 7% A0S0 2 N YUV i £E
HEkiE T 10 1S

41 SERSRVSHYRE

FEMEAT RN SIS, AT E 5 B ANA RAY: 3 sr = {0.1,0.2,0.6,0.8} 51 75 LU o = 0.1 44 (9 J LA
BB W THRENERKREBHEMPHNSH, RMNEE P0G 2RAREN
A =1 \Jnymax (ny,n,) » T T4 I RESK B G, 175 SRR AR RLER 28 g, 0 DA — 52 9 B PR 71063,
1{0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1} , FAMRIELIAELIGPERINKE q=0.1, EXIAFAIMIGLTK
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4.2. MEKEREEE

AATERATE AT AN TR ARG HSE DRI S, HR A E B A RN
N 481x321x3, HSI # BT 5 (K /N A 200 20050 , K FERAT I K /N A 144 %176 x100 o Fedi DK A4t
(776 5 EIRIERI 5 o747 LE:, PSNR B MPSNR ${E 45 Fin# 1~3 fan, b i3 2 %2571
BTG P B SR I AR bR 10 318, Bt Rimid M AR Bor . vTUUE H, TEA FERFEZ A KR,
AT IR B T RS ERBCR . [7 TCTV J5ikkite, BTt —S w0 18k E &
SAEMER G, RIS SER A 7 RERTE . BRitz 4, HSIAHILE G 7 S B G ARRR I B 5,
TAVHI VB AE A B 38T R I BA S Tk R S B0 A5 AR TE I 78 43, TRIULTE HSI X Pl BEE 2 Rk M BE 5T

NS R R A

Table 1. Performance evaluation of color images under different degradation conditions by different methods
% 1. FEBRUER TR & EAETES* LR

FEV R sr=0.1,0=0.1 sr=0.2,6=0.1 sr=0.6,60=0.1 sr=0.8,0=0.1
WaRERE L PSNR PSNR PSNR PSNR
SNN 19.1466 22.4488 26.0652 29.3156
TNN 12.3232 16.2716 23.3288 25.8343
TTNN 15.7325 16.6266 17.6519 17.9405
TNTV 17.0341 18.0547 18.7968 19.0783
TCTV 19.7290 22.7785 27.9499 30.1426
ITCTV 23.5857 25.9894 29.2547 31.0178
Table 2. Performance evaluation of HSI under different degradation conditions by different methods
R 2. TRIRWIERT HSI EARRE 755 LR AT
B E L sr=0.1,0=0.1 sr=0.2,60=0.1 sr=0.6,0=0.1 sr=0.8,0=0.1
WaRERE L MPSNR MPSNR MPSNR MPSNR
SNN 22.9449 25.8609 34.7329 40.0899
TNN 22.4525 26.5220 36.9603 40.7484
TTNN 30.9915 34.2613 38.9871 41.9535
TNTV 26.2492 29.0595 35.5640 37.7247
TCTV 28.0984 31.7142 40.7714 43.8155
ITCTV 33.3966 37.5034 42.9507 45.9741

Table 3. Performance evaluation of grayscale videos under different degradation conditions by different methods

3. FRIBHWER T REMRERR T E LR RETME

B E L sr=0.1,0=0.1 sr=0.2,60=0.1 sr=0.6,0=0.1 sr=0.8,0=0.1
WaRERE 0 MPSNR MPSNR MPSNR MPSNR
SNN 20.2276 23.2674 31.6904 33.9525
TNN 20.8164 23.6106 29.3599 31.3817
TTNN 25.1260 28.2120 31.2334 32.3921
TNTV 21.3082 23.0496 26.4624 28.4710
TCTV 24.6216 27.0840 31.9058 33.5797
ITCTV 28.5466 30.5443 33.0015 34.6850

DOI: 10.12677/airr.2024.132027 261 N LH R 5P AW IT


https://doi.org/10.12677/airr.2024.132027

WYl FRT

AT IS ERRE MBI R R, BATREIR T A 54 IR e i oy R L R 2 45 R
1~3 73 Al JE7s 1RSI By S HSI AR EERUIIAE A [FERFE R T IR 4553 nT LA L AT 7 H TCTV
—FE, FERREIET BT @A N AR, R GRS 1RSI ST, AR R A T A S 4
MR SEGF . 23 ERTid, BATFr S VA BUE AL e _E A8 BAT SE e i = 1k g -

(e) TTNN (f) TNTV (g) TCTV (h) ITCTV
Figure 1. The restoration effect of each method under sampling rate 0.2 and noise ratio 0.1 of color image

1. RBEFRE 0.2 RHEE, 0.1RELHTEFEANRERR

(a) Original | b) Noisy (c) SNN (d) TNN

@) TTNN () TNTV (g) TCTV (h) ITCTV

Figure 2. The restoration effect of each method under sampling rate 0.6 and noise ratio 0.1 of HSI
[E 2. HSI 7£ 0.6 KA$Z, 0.1 MEELLHITEFENREZR

(a) Orina (b) Noisy (c) SN
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(e) TTN . U] TNV (9) TCV

Figure 3. The restoration effect of each method under sampling rate 0.8 and noise ratio 0.1 of grayscale video

3. TREEWIATE 0.8 KAEER, 0.1 RELLHITEHEANMEHR

(h) ITCTV

4.3. AR TR

H R F| t-SVD HEZEMKH T 5 17 AR e A8 e (B 0 DFT. DCT. B§ARH R/ N AR e 2, AT T A
PEH RS ) ITCTV JEEEA RIS R E 4R . & 4 BI8 T TCTV JREMIBAHEH ITCTV
TR T DFT (1) t-SVD HEZE. JEF DCT 1) t-SVD HEZLRIFE T P A e 1) t-SVD HELE N A [F 43 5k B4k
WIRE M E L. 50K, 5 DFT MLk, 2T DCT 19 t-SVD HEZL T [k & PERE AT LUtk — D4 A o
TR T P 2 AR e KO T R I P AR e, G RT DA — DR m R R . XS [17] R A R — 2L R
X TRAEE, XREXTAFE B, 7h5R T Z 5 A F R m o 26 AR 4kl B i 1k 2

+
4h

Table 4. Performance comparison of TCTV and ITCTV methods under different invertible linear transforms
F A TCTV RITCTV FEERRI A& M TR TR REELER

AL IE L TCTV(F) TCTV(C) TCTV(U) ITCTV(F)  ITCTV(C)  ITCTV (U)

B

sr=0.1,0=0.1 23.2987 23.5597 23,5792 26.9972 27.1322 27,5794

sr=02,0=0.1 27.1167 27.1994 27.2023 30.6963 30.9261 31.2168

sr=06,0=0.1 33.3609 33.4471 33.6770 34.7119 35.7284 36.1611

sr=08,0=0.1 35.2936 35.3883 35.5992 35.7304 36.8277 37.4683

HSI

sr=0.1,0=0.1 29.8517 29.8674 29.9594 35.1623 35,5197 35.8505

sr=02,6=0.1 33.2334 33.2652 33.4474 39.0102 39.8920 40.4556

sr=06,0=0.1 40.2902 40.4290 40.7660 44,0501 45.1583 45.4600

sr=08,0=0.1 42.4190 42.7358 43.1154 45.4282 455901 46.0923
IRPERAR

sr=0.1,0=0.1 27.6108 27.6852 27.7408 32,5737 32.6378 32.6942

sr=02,0=0.1 29.6837 29.8120 29.9279 35.4975 35.7699 36.1460

sr=0.6,0=0.1 35.3117 35.3488 35.3618 41,5674 41.6759 41.8868

sr=08,0=0.1 37.3666 37.4352 37.5836 43.1393 43,5329 43.8648

5. REERE
FEASCHR, AT AN 3N T — R EcHE Rk B E A28 (ITCTV) TG 3, I 5057 F T &1
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