46 5 9] a4 BR Vol.46  No.9
20249 H Infrared Technology Sep. 2024

(AR 55 A

AT ROEHKE SRR RR LT
SRR AREE GRS

AR, TER, & &
(TP IEEARRYE BTF5E8IME%N, L7 $H55% 125100)

. &otig E#% (Hyperspectral Image, HSD HERXEWIAEFLHE K EREGEF FS, S WER
B a o FlHtese, AR ERFFRETH#WHSI AN T EENTAELRE, EAXF, BH
T HWETELRBRKEL BAFFRLL ;P ENNWELERGEFEGKEEE,;, —F@, XA
XK E A% E AR B HST W IRAR AR 18, T UAI A e bR EE AWK ESEM, BB SR AT *
W% LR BB E 2 0 WP AE; 7 — A, KA BMRE T 2 Nk 52 HSI B9 = (8] 7 Bk Ao
A AR H 3 8] AR < . K Al ADMM (Alternating Direction Multiplier Method) %5 7&K ##, SZ30-iF BH
ZEEZTHERS. eENMATNELEEGESR Y, SHEMTEMEL, 272 ELER HSLRARE

FEEH EFHERE.
XA mAEEG BRERE; FORKKESE: BHRELELS: BGHRE
FESES: TP751 XEkFRIREE: A XERES: 1001-8891(2024)09-1025-10

Hyperspectral Mixed Noise Image Restoration Based on Non-Convex
Low-Rank Tensor Decomposition and Group Sparse Total Variation

XU Guangxian, WANG Zemin, MA Fei
(School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125100, China)

Abstract: Hyperspectral images (HSIs) are polluted by a large amount of mixed noise during the acquisition

process, which affects the performance of subsequent applications of remote sensing images. Therefore,

restoring clean HSI from the mixed noise is an important preprocessing step. In this study, a hyperspectral

mixed noise image restoration model based on nonconvex low-rank tensor decomposition and group-sparse

total variational regularization is proposed. On the one hand, by using logarithmic tensor nuclear norm to

approximate the low-rank characteristics of the HSI, the inherent tensor structure of hyperspectral data can be

utilized, and the shrinkage of larger singular values can be reduced to preserve more detailed features of the

image. On the other hand, the group sparse total variational regularization can be used to enhance the spatial

sparsity of the HSI and correlation between adjacent spectra. ADMM algorithm is used to solve the problem,

and an experiment shows that the algorithm converges easily. In simulated and real hyperspectral image

experiments, this method performs better in removing HSI mixed noise when compared to other methods.

Key words: hyperspectral image, mixed noise, non-convex low-rank tensor decomposition, group sparse total

variation, image restoration
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FRCTR-PnPPI5 fift iy R 2L e 07 10047 1 UAL, FEREAT
SEHG 2 W, BT A IR HST ARSI B K FEAE A — Ak
AbFE
3.1 EBEIEKIE

B SEI SR RS R G B OG AL
(rose-03) WHEHT Pavia 3T Hh OB e, IR AR AU
4 1096 X 1096 X 102. H1T- Pavia 3k 7 o OB 4R 1) —
S B e P S G, ANRRAE N R 2510,
R, i 8 AT LB B, e T R R R/
79200X 200X 80, HHFAEILL LA 25 HY 1 3t i B SR L 1
HSI, FATRM T 5 MEBRGIERET IR, B4
BB B IE(E A5 B (Mean Peak Signal Noise
Ratio, MPSNR) . P45 AHUE (Mean Structural
Similarity, MSSIM) . “FIJ4EAHELE (Mean Feature
Similarity, MFSIM) . “F-¥J )1 ff W5 (Mean Spectral
Angle Mapping, MSAM) FIAHXS 4> J5) & B4 B % 22
(Erreur Relative Globale Adimensionnelle de Synthese,
ERGAS) . MPSNR. MSSIM Fl MFSIM j# X, MSAM
H ERGAS /)y, FoRFIEI) LRI REBLT .

Case 1: X HSI &EANBBUMAAN[F] 58 52 ) i i
L, REE I T ZEAE[0, 0.2]IR) 1k, RN 4
AN BBINANAS A5 BE RGP 73 BEAEN0, 0.2]
[EIpuEE

Case2: fE Casel [fJ2&4ili |, 7E Pavia City Center

BARAE NI 50~55 60 P B IN & e s
(% A 78 10~30 22 (Al EEHLAZ AL, .

Case3: fE Case2 F:fili I+, 7E Pavia City Center %{
PEEEM) S4~64 BENPELL. bk XKLL B =L
(3,101 (B BEALASA, PR B8 FEAE[1,3]2 B BENLAEAL .

D wEESHT

M 1 ] U B B A M R RS I, 2
MR EVE I LM ERERE 2 N %, {H/2 NCLRGSTV #i%
(1% TR bRFE MSAM AN ERAR, X 7855 ULEE T %)
Bk B A VU BORN A 19 AR ) 1) 45 £ BE M 78 23 4 1)
BUG A ) s Tme BRERIE 75 L 2% R DT 4 55 i
7o [\ AT PAR B, FRCTR-PnP 77V 7E 2 I BF ML
Pyt 7 B FE AR RIS A ER AR HARFERT . B
LRTDGS H HEFibi (E AR T 25 (A R B e v, 12
FET RMerERE, (IR TR A G A S,
2ff MSAM {HIK, TMHe HHEMG ALy HRE T
X, ALEH], NCLRGSTV HikH) MSAM 145
LRTDGS HiEAMEE TR 0.01. SibFEIN, A Hk
EAZIGECR ISR AR M AA st 3R B T A R,
5% F B VS BB Tucker 4 il MO BV AHEL, Hodh
MPSNR {E$#2Ft T 1dB £ 47, MSSIM fil MFSIM $& 7+
7001 /£45, ERGAS FFET 10 4, XMW 1%
LR BB S AE R H . NCLRGSTV 47 ] B
AR EAR, (HFER I EAK.

St

# 1 Pavia city center ¥4fEERAIANR] 25 M5 K€ BVFH 45 R

Table 1 Quantitative evaluation results of different denoising methods in Pavia city center data sets
Case Indexes Noise LRMR LRTV LRTDTV LRTDGS FRCTR-PnP NCLRGSTV
MPSNR  14.144 33.336 34.356 34.743 35.380 34.557 36.369
MSSIM  0.2143  0.9341 0.9444 0.9457 0.9506 0.9370 0.9637
Case | MFSIM  0.5985 0.9590 0.9626 0.9646 0.9647 0.9630 0.9761
MSAM  0.6676 0.0833 0.0545 0.0495 0.0637 0.1331 0.0514
ERGAS 707.54 74.698 65280 70.351 61.441 109.32 51.975
Time/s 43.046 23.234 61.463 47.482 371.04 71.641
MPSNR 14.118 33.175 34291 34.710 35.294 34.251 36.232
MSSIM  0.2142  0.9332 0.9439 0.9457 0.9496 0.9348 0.9632
Case2 MFSIM 0.5976 0.9588 0.9627 0.9643 0.9710 0.9608 0.9757
MSAM  0.6687 0.0846 0.0547 0.0494 0.0625 0.1304 0.0519
ERGAS 70793 75787 65.678 61.582 59.506 108.85 52.485
Time/s 43.294 22994 61.906 44.786 397.41 72.997
MPSNR  14.092 33.083 34.193 34.652 35.220 34.338 35.969
MSSIM  0.2114 0.9330 0.9437 0.9454 0.9491 0.9356 0.9619
Case3 MFSIM 0.5955 0.9587 0.9624 0.9641 0.9707 0.9618 0.9746
MSAM  0.6720 0.0855 0.0553 0.0493 0.0641 0.1207 0.0538
ERGAS 709.14 76.431 66452 61.936 60.275 100.18 54.261
Time/s 43.680 22.733 61.790 45.851 373.44 77.096
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B MR T 22 (AN TS AE , 36 R/ 3T S4B e 4 ok
ZBRMERS . il 2 Frow, FEGIN T Ak S, HoAh
FAERAE LR, 1 NCLRGSTV Sikdas &

T AR B A8 43 T DU IR DR 5 25 ) Ol ik 1) Jm) 38~
P, AT 0 1) 25 i S5 i e 75

(a) Original (b)Noise

(¢) LRTDTV (f) LRTDGS

(2)FRCTR-PnP (hNCLRGSTV

K1 Casel MBIk ime )5 55 20 BB LE

Fig.1 Comparison of the 20th band after denoising of various algorithms in Casel

(a) Original

(¢) LRTDTV

(b)Noise

(f) LRTDGS

(c)LRMR (dLRTV

(2)FRCTR-PnP (h)NCLRGSTV

2 Case2 FEFHILETEIEE 58 B LL

Fig.2 Comparison of the 58th band after denoising of various algorithms in Case2
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Fig.3 PSNR value and SSIM value of each band in Casel
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