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Abstract

To address the problem of noise removal from hyperspectral images, this paper proposes a method
for denoising hyperspectral images based on spatial variable group sparsity and multilayer spatial-
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spectral prior. In this method, we use a tensor to represent the hyperspectral image and decompose
itinto a tensor tensor product. To further enhance the denoising effect, we propose spatial variable
group sparsity for better capturing the sparse structure of the hyperspectral image; second, we con-
tinue the tensor tensor product decomposition on the coefficient tensor obtained from the tensor
tensor product decomposition, and impose a weighted Schatten-p paradigm constraint on the de-
composed two tensors to enhance the ability to model the sparse features of the image, and finally,
we use the alternating direction multiplier method to solve the denoising model. The experimental
results show that the denoising algorithm proposed in this paper outperforms other comparative
algorithms in terms of performance, which verifies the advancement of the method.
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Figure 1. Slices of a 3rd-order tensor
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Table 1. Hyperspectral image denoising based on spatial variable group sparsity
and multilayer low rank
= 1. ET=RENERRMS BERBNSLEEGEIREE

Sk T A Sy MR AN 22 R ARRR K e i R 25

BN WIMER Y.

WIkEAk:

1) ¥iasak s 3 D M5k R C
2) WIEL B S

A AT UL R B RSk

3) THi DB AR(L2)

4) FEH S ik A (15)

5) T X it A(22)

6) T CiiTAR(27)

frdh: T REEE R X

4. EWERS TR

ACAELLFR 2SN 12th Gen Intel(R) Core(TM) i5-12450H @ 1.10 GHz, 4T AN 16.0 GB ] 64 fir
Windows 11 #:4F 54t -, FIFH MATLAB 2020a #E1T 5256 . FATTR FH U {H {5 14 LE. (Peak Signal-to-Noise Ratio,
PSNR). HFEAHBLIE (Feature Similarity Index Measure, FSIM)AI 45 #4801 (Structure Similarity Index Meas-
ure, SSIM)SRIGIE A SCHE H 715 e ), Hat A KON :

1 QM ~
MSE = iZﬂ:é(sij—sij), (26)

2

L
PSNR =10log,, —— ,
O10 MSE

ESIM = ZXEQSL(X)' PC, (X)

20 PCa(¥)

(21,1, +C,)(20,, +C,)
(4 + 1 +C,) (4 + 1 +C,)

ot N AIM 73 2R BUEAE x Ay J7 1) ERMGER m B, s, A1S, 230 30 R ah 25 e MG A 25 e s 1)
FERBAEGRR A (), ) RGERE, LEGKERNBUEEHR.

TESIE STVGS-MLR BE ML RERT, ASCRA T 6 PG MR E R LU EE, 73 ik 4
()38 I AT SRR R A AR A3 PR 2 B e v R R (1 S (RCTV) [14], 7 ik &A% T A 5K & 32 oo 0 i
(TRPCA-TNN) [15], {4 FHRRRHAE RIS [ ot 35 EHR S JE (LRMR) [16], i e 75 5| 5 BRI RR AR 3 BL )
TR R L B(NAIRLMA) [17], il 238 75 18 W AR oK & 20 i ] T s i B SR (LRTDTV) [18]
TR 55 I 28 31~ 7 7 R 35 A0 9 485 ) e ' 1 PRl 1% 2 T (AODN) [19]

7RG ECE, FeAT%EL T Washington DC Mall £ Pavia University P30 =i B5 347 256, 2
2 N, I G RS RN 3R 200 x 200191 A K2 610 340%103 . FA19 Washington DC Mall
V143t o v S0 e 7 T kb e 75 DL K VR R A, Paviia University /2 EUSEAGA e RIS, PR IUL 15 ek P 5 A0
FUSZIR)RAG A 7] 25 M B () 2 e 3R o FeAl 136 B Washington DC Mall S []38 B AT Pavia University [ 55
1N BOR R AT S B0 45 5L

TESERH, 3411 Washington DC Mall 8 i i) i 17 75 b vtk 22 B AL M 0.1~0.15 (Casel). 7E Casel T

SSIM(x,y)=
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SERUNIE 3~6 Prr.

BATREAF S BT LS PSNR {EA T35 2, PR etk Eos A pmiE . s B g As
FISERIR A R, JRE SRR, FATTUE I, R moeil G RoR ik, o R 0 2R 2

MTALG L. JFHNTREME AR, A5 R SFE R EE T Ao LA

Figure 2. Washington DC Mall and Pavia University used in our experiment
2. SE5G 15 A Y& 1% Washington DC Mall 1 Pavia University

R ER LRTDTV RCTV TRPCA-TNN LRMR

NAIRLMA AODN STVGS-MLR

Figure 3. Comparison of denoising of Washington DC Mall after adding gaussian noise
[ 3. Washington DC Mall ;& nE#ilg A B Ry AR R E

LRMR

L1 LRTDTV RCTV

NAIRLMA AODN STVGS-MLR

Figure 4. Comparison of denoising of Washington DC Mall after adding pulse noise
4. Washington DC Mall Rk = e B IR R E
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R LRTDTV RCTV TRPCA-TNN LRMR

. A

NAIRLMA AODN STVGS-MLR

Figure 5. Comparison of denoising of Washington DC Mall after adding mixed noise
[ 5. Washington DC Mall R IE &R B R R RIR R E

TR LRTDTV RCTV TRPCA-TNN LRMR

..

NAIRLMA AODN STVGS-MLR

Figure 6. Comparison of denoising of Pavia University
6. Pavia University RJZEI2 3R E

XS 2~4 (o dr, ATCLE RN EDEE EG T 2 EIERE, B IR A R B
AR5 B X 22 338 4544 T BOA [ EIE 2 (8] R R AR B 2B AR E . BRI, SR T K5k E
FRMERR 2 T IR AT 250, ARER T4 BB IE MM AR 770, Re e 58 AR FX Sl o, AT
FEEMMCR ERUSREST. MAh, SAEGINERTEMLEL, SRS E T 45 K2 D S i 4
& KR RBARRNE, BRI T EBRACR, R EIGR RS S EEE

Table 2. PSNR values of different algorithms after adding different noise on Washington DC Mall
= 2. Washington DC Mall ZE5/ A R E B AR E AR PSNR &

T TR 7 ikt + e T e TR
LRTDTV 33.3495 31.3990 31.3987
RCTV 33.5177 33.3128 33.2212
TRPCA-TNN 29.2618 29.1312 29.0452
LRMR 32.5779 32.3459 32.2340
NAIRLMA 34.8797 33.2863 32.4919
AODN 29.9826 33.3128 33.2212
STVGS-MLR 36.3286 35.2635 35.1036
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Table 3. FSIM values of different algorithms after adding different noise on Washington DC Mall

%= 3. Washington DC Mall ZEiR AR E AR E AR FSIM &

e R Jikik + i e TRE
LRTDTV 0.9668 0.9511 0.9509
RCTV 0.9641 0.9626 0.9618
TRPCA-TNN 0.9367 0.9351 0.9338
LRMR 0.9617 0.9604 0.9600
NAIRLMA 0.9743 0.9679 0.9639
AODN 0.9507 0.9626 0.9618
STVGS-MLR 0.9801 0.9780 0.9779
Table 4. SSIM values of different algorithms after adding different noise on Washington DC Mall
= 4. Washington DC Mall ZE/ M AR A B AR E AR SSIM (&
e 0 e 7 Jikt + i e AR
LRTDTV 0.9399 0.9099 0.9096
RCTV 0.9461 0.9437 0.9426
TRPCA-TNN 0.8844 0.8811 0.8786
LRMR 0.9319 0.9282 0.9276
NAIRLMA 0.9547 0.9423 0.9380
AODN 0.8380 0.9437 0.9426
STVGS-MLR 0.9705 0.9642 0.9623
a8 0.08582 —————— ooms ——
= 0.98581 - //'/ 1 007758 |
a77s | .| ’
| /
3756 ’ sousrs | ‘j‘,“ |

Figure 7. Sensitivity analysis of parameter y
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FEEDEE R LR R, S8y AR KRR — € I A 7 el UG Y, BB p B
B, AR VERE R AR 2B e BT R TRGE RS . 18 y R, BRI RMEACR AT REAN S ELAR,
WA ANHIBE A IR BEHE y (BRI, ZMRAGRZEERTE, KGRERRINGE .
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Figure 8. Sensitivity analysis of parameter «
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