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Abstract

How to remove all kinds of noise without destroying the edge detail structure is a problem to be solved
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in hyperspectral images (HSI). This paper proposes a noise intensity guided wavelet domain net-
work, namely NGWDNet, which uses the learned noise feature map to guide the frequency domain
features after wavelet transform so as to completely remove the noise of the hyperspectral image.
Firstly, the noise characteristic map of each band is accurately calculated by the designed noise es-
timation module (NEB). Then, the original HSI is separated into two high-frequency branches and
one low-frequency branch by discrete wavelet transform (DWT). For different frequency branches,
NGWDNet adopts a differentiated processing strategy. For high-frequency branches rich in texture
and detail features, the noise map is fused with it, and a multi-head self-attention fusion module
based on shift/window (W/SW-MSAF Block) is designed to enhance the capture and processing of
detail information. For low-frequency branches with smoother structural features, 3D and 2D Units
are directly applied to efficiently retain structural information. At the same time, the feature inter-
action between different branches is fully considered, and the high-frequency features are used to
guide the reconstruction of the fine structure of the low-frequency branches to further explore the
texture detail features. Finally, we deployed the spatial-spectral residual block (SSRB) to further
explore the spatial-spectral correlation while fusing the dual-domain to obtain better denoising
output. We conducted qualitative and quantitative experiments on public datasets. The results
show that NGWDNet is superior to the most advanced methods in terms of visualization and objec-
tive evaluation indicators.
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Figure 1. Overall architecture of the noise intensity guided wavelet domain network (NGWDNet)
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Figure 2. (a) Structure of Trans-1; (b) Structure of Trans-2
&l 2. (a) Trans-1 BY25%49; (b) Trans-2 BYZ544
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Figure 3. (a) Structure of noise estimation block (NEB); (b) Structure of spatial-spectral information multi-distillation (SSIMD)
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Figure 4. (a) Shifted/window-based multi-head self-attention fusion block (W/SW-MSAF Block); (b) Calculation of shifted/win-
dow-based multi-head self-attention (W/SW-MSA); (c) Structure of deep separable fusion (DSF); (d) Structure of feature fusion
(FF)
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Figure 5. Structure of spatial-spectral residual block (SSRB)
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Figure 6. Simulated complex noise (Case 1~5) removal results on the ICVL dataset: (a) Noise HIS; (b) BM4D; (c) TDL; (d)
LRTV; (e) LRTDTV; (f) HSID-CNN; (g) HSI-DeNet; (h) D2Net; (i) NGWDNet

& 6. ICVL #iBE FAI1EHl 8 2212 55 (Case 1~5) K45 R . (a) &M HIS; (b) BM4D; (c) TDL; (d) LRTV; (e) LRTDTV;
(f) HSID-CNN;; (g) HSI-DeNet; (h) D2Net; (i) NGWDNet

Table 1. Quantitative performance under Case 1, 2 and 3 of the ICVL dataset
= 1 ICVL $iiEEE Case 1. 2713 THIEE AL

XtEeJiik  Casel PSNR SSIM SAM Case2 PSNR  SSIM SAM  Case3 PSNR  SSIM  SAM

Noisy 1464 0.057 0.844 1460 0.057 0.845 1440  0.055 0.866
BM4D 3498 0.881 0.119 3458 0.875 0.127 32.24 0.829 0.147
TDL 30.61 0.608 0.258 29.96 0.585 0.273 2747 0516 0.318
LRTV 32.66 0.883 0.072 32.69 0.883 0.072 31.13 0.870 0.115
LRTDTV 36.35 0919 0.079 36.14 0.917 0.083 3405 0.897 0.106
HSID-CNN 36.91 0.969 0.079 36.59 0.968 0.083 36.25 0.966 0.082
HSI-DeNet 35.98 0977 0.074 3593 0976 0.075 3448 0975 0.077
D2Net 37.09 0971 0.075 36.75 0.970 0.079 35.76  0.968 0.084
NGWDNet 39.78 0.984 0.050 39.24 0.986 0.054 39.15 0984 0.044
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Table 2. Quantitative performance under Case 4 and 5 of the ICVL dataset
2 2. ICVL #iE4 Case 4 #15 THIEE M 8E

PuN= RS Case 4 PSNR SSIM SAM Case 5 PSNR SSIM SAM
Noisy 12.66 0.044 0.869 12.53 0.042 0.877
BM4D 27.15 0.576 0.441 24.52 0.500 0.477

TDL 22.63 0.312 0.545 20.55 0.255 0.579
LRTV 31.27 0.858 0.200 29.75 0.839 0.252
LRTDTV 35.15 0.909 0.093 32.79 0.887 0.116
HSID-CNN 33.32 0.927 0.155 32.83 0.927 0.157

HSI-DeNet 31.75 0.930 0.114 3174 0.933 0.110
D2Net 33.96 0.946 0.137 32.38 0.938 0.157

NGWDNEet 36.29 0.965 0.109 36.22 0.959 0.112

3.3. ESE HSI SCI AMRER K54

AR SO T TE A AN B SR ) B S35 R (BL4E Urban A1 Indian Pines 245 4E), $2H BRI
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ARV RAF IR, I B BLS ) HSI 3T b2

M7 A 8 Hh AT LB RS R, — s 2 ig Ty, W BMAD. TDL &%, ikt gl oh 45
() HSI. —SIEFARRLAI 79, 0 LRMR. LRTV. LRTDTV, HBARERR T HMRE, (HAT iz
— R, ARG R TP . JETIRE 2 ST D2Net AT HSID-CNN L4872 2E 7 RAR I 2 i, (1
RAS T IEM M, KEMIDGSEE B ARRETE R ERE X LLLIGR Y], NGWDNet H A b FHE A K1 7 1) #E
71, FHFEA T 5 AT LCEIEMI 4 R . X BRI T AR A SRR RIS, DLAGRR

02 AL B
R @ ) )
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(1)
Figure 7. Denoising results of the Indian Pines dataset at the 107th band: (a) Noisy HIS; (b) BM4D; (c) TDL; (d) LRMR; (e)
LRTV; (f) LRTDTV; (g) HSID-CNN; (h) D2Net; (i) NGWDNet

7. Indian Pines ##BEE5E 107 JRERHIEIRLER : (2) &% HIS; (b) BM4D; (c) TDL; (d) LRMR; (e) LRTV; (f) LRTDTV;
(g) HSID-CNN; (h) D2Net; (i) NGWDNet

@ (b K

(a) (b) © (d) (e) ® () (h) (1)

Figure 8. Denoising results of the Urban dataset at the 103rd band: (a) Noisy HIS; (b) BM4D; (c) TDL; (d) LRMR; (e) LRTV;
(f) LRTDTV; (g) HSID-CNN; (h) D2Net; (i) NGWDNet

8. Urban #3B4 5 103 SRRV EIRLER : (a) 2 HIS; (b) BM4D; (c) TDL; (d) LRMR; (e) LRTV; () LRTDTV;
(g) HSID-CNN; (h) D2Net; (i) NGWDNet
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B4, AL T NGWDNet FF &4 MEH/ER, B NEB. W/SW-MSA. DSF fil SSRB. w/o NEB
FoRME AL TR, 453278 PSNR Al SAM [BUE #4215 50 22, UEBH [ MRS o B s 30 2 A2 2 A
A/, wio WISW-MSA it 2 TR AL G D2k BiER ), BEEMAZLHERT), wloDFS ¥
Ry B A B ik 22 2 ML [FIRE, wio SSRB B KR 1 25 IA] - Yeili sk 2a bk, ELREKs /NI AR 4 (1) &5
BN . % 3 WELR], B X PSNR #8H BT R, IEWIA ORISR 2 m et fg .

R, RSO T AT R A AT 43 S f s (a3 5y B4 S, o wilo guidance flow. A
% 3ALLEH, EW4Mfats PSNR 1 SSIM &5 G BT R, A0 iF 45 B 3 Re R IR 451
DL BT 47 1) LR . T NGWDNet 45 52 B A SC ) 7 2T LUK B T e 75 M RE

Table 3. Ablations on ICVL gaussian denoising (noise level ¢ = 50)
= 3. ICVL S EMR (R AEKT o = 50) FHYHRRSELE

A PSNR SSIM SAM

w/o NEB 39.02 0.970 0.078
w/o W/SW-MSA 39.61 0.972 0.070
w/o DSF 39.53 0.976 0.072

w/o SSRB 39.30 0.975 0.076
w/o guidance flow 39.26 0.972 0.074
NGWDNet 39.98 0.984 0.060

4, BERE

ARSI T —Fb F T i 0l i PR 25 MR R R 7 9 P2 415 /N B 2% ——NGWDN et — 5 I, £E /MBS,
SRS S~ 73 SCAE P AN [R] (R MG A B . R TR A5/ B 1110 22 3k F A 2070 Rl & DR (W/SW-MSAF) $ Hi iy
BT 53 SIS SURAE B S RT3 3. 5 — 5T, vk 7S A T By (NEB), R H A
P B PR BDOR i T i) ST R MR BEAL, 528 SSRB NGkt o JHRET FLIER], HAEEEH T
I HSI I RERS R EFOL TS B M ADE R R L o JRAEANIR] MR A 15 00 R B8IE 1 A T T VA I A R AN
P SHASEHER LMETEMLL, AR AR E EAE B EAREIA B e AT RE .
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