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Superpixd levd Graph Feature Learning Method for Hyperspectra | mage Denas ng
WU Ying' , YE Hailiang' and CAO Feilong®
1 School of Sciences,China Jiliang University, Hangzhou 310018, China

2 School of Mathematical Sciences,Zhejiang Normal University,Jinhua, Zhejiang 321014, China

Abstract  Hyperspectral image denoising methods based on traditional deep learning usually have difficulty capturing the long-
range correlation of spatial positions and the similarity of global irregular local blocks, resulting in loss of detailed information and
insufficient structural integrity after denoising. To this end, this paper proposes a new superpixel-level graph feature learning
method for hyperspectral image denoising, which aims to use graph neural networks to extract spatial-spectral features and cap-
ture the long-range correlation of spatial positions of irregular local blocks to preserve texture details and structural information.
Firstly,a gated attention module is designed to suppress noise and enhance spectral correlation,laying the foundation for subse-
quent superpixel segmentation. Then, a superpixel-level graph aggregation module is designed, which effectively maintains the
structural integrity and clarity of internal details of the hyperspectral image by segmenting the hyperspectral image into multiple
spatially connected superpixels according to the spatial dimensions and using a shared linear layer to learn the weighted values of
pixels in the superpixel. Then,graph convolution is used to update the node information. Finally,nuclear norm regularization is in-
troduced in the training process for constraint by taking advantage of the low rank of hyperspectral images,and a low-rank-spatial
spectral denoising loss is proposed to focus on preserving structural information. Experimental results show that the proposed
method outperforms the current advanced methods in performance.

Keywords Hyperspectral image denoising,Graph neural networks,Deep learning,Spatial-spectral features,Nuclear norm
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Table 2 Quantitative comparisons of WDC dataset
g=>50 o=175
MPSNR * mssi M 4 MFSI M 4 MSA ¥ MPSNR * mssi M 4 MFSI M 4 MSA ¥
HSID-CNNII6] 28, 650240, 0043 0.9478=40.0001 0.8801-0.0001 0.117940.0001 26.35444-0.0115 0.916040.0003 0.8567=0.0003 0.13840.0002
ENCAMI 18] 29.754940.0035 0.958140.0001 0.901640.0001 0.1016=+0.0001 27.564240.0870 0.923740.0012 0.8683+0.0027 0.153240.0019
AODNIT  30,6724-£0.0096 0.96904-0.0001 0.90630.0001 0.083120.0001 28.063540.0227 0.9474-£0.0003 0.88294-0.0003 0.10390.0003
MAC-Net[39 30, 1608+0.0189 0.972140.0001 0.907640.0001 0.0855740.0001 28.022340.0234 0.944440.0004 0.862140.0005 0.1132=40.0002
HSDTIZ4  32.058240.0097 0.977140.0001 0,92184-0.0001 0,0672-0.0001 30.200240.0138 0.965640.0001 0.907140.0002 0.0761=0.0001
SSTI23] 33.007940.0001 0.981074-0.0001 0.9281-0.0001 0.06260.0001 31.090440.0155 0.972740.0002 0.9116-0.0003 0.07500.0002
SM-CNNIZOT  29,18214-0,0025 0. 952440.0001 0.895640.0001 0.1088=0.0001 26.8611--0.0039 0.923240.0001 0.872840.0001 0.1330=0.0001
SGFL( Ours) . + + . . + . . E . + + +
o=100
MPSNR * Mssi M A MFSI M+ MSA ¥ MPSNR * mss m 4 MFS M 4 MSA ¥
HSID-CNNI6l 24, 160840.9124 0.870840.0082 0.7530+0,0480 0.182040.0144 26,6068=40.0278 0.915640.0003 0.8540+0,0003 0.143940.0002
ENCAMII8]  25.371324:0.7315 0.874940.0543 0.8392-0.0400 0.192740.0002 29.05270.0942 0.951624-0.0006 0.894920.0009 0.1114=0.0010
AODNLIS]  25.211540.0172 0.9026740.0006 0.8486-0.0002 0.1411-0.0002 29.403640.0560 0.961 60,0006 0.8830=0.0007 0.09570.0007
MAC-Net[39  26.6667+0.0414 0,922940.0004 0.8546+0,0005 0.0901=£0.0003 30.0374+0,3007 0.9735+0,0012 0.8935+0.0023 0.1007=+0.0024
HSDTI24] 29.313840.0153 0.959040.0001 0.8959+0.0003 0.0826+0.0001 . + 0.9796£0.0007 0.9088+0.0011 0.070540.0019
SSTI23] 29.510140.0162 0.96214£0.0001 0.8983£0.0003 0,084540.0002 32.0577=40.2687 0.9786-0.0009 0.917740.0019 0,0735+0.0021
SM-CNNI201 25, 4446+0.0027 0.8985+0.0001 0.857940.0001 0.1482+0.0002 29.4028+0.2864 0.9551+0.0025 0.8992+0.0021 0.1050=+0.0027
SGFL(Ours) .  + + . s 32.396340.2069 . 4 . .
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. 6 7 CNN s o
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L uuclear HSI s ., SGFL
s HSI N s “ 4 99 & 5 ” HSI R
4 g=100
Table 4 Ablation experiment with the noise level of 100
SGAM  GSAM  Luudear MPSNR * mssI M 4 MFSI M * MSA ¥
1 J J J J 29.4075+0.0237  0.962640.0001  0.9020-+0.0002  0.0811-0.0002
2 N N N N 29.51184+0.0178  0.9629+0.0001 0.900970., 0002 0.0806+0.0002
3 NG NG NG N/ 29.3086+0.0150  0.9617+0.0001  0.900740.0002  0.0806+0,0001
4 NG NG NG NG 28.9166+0.0152  0.957540.0001  0.8951+0.0002  0.0841+0.0002
5 N N N N 29.596040.0181  0.9636=0.0001 0.9022%40., 0003 0.0803+0.0002
SGFL J Ni NG N/ N * * + +
5
Table 5 Ablation experiment under mixture noise
SGAM  GSAM  Lauclear MPSNR * mssi M 4 MFSI M+ MSA ¥
1 NG NG NG N/ 32.0689+0.2321  0.9786+0.0010  0.922140.0021  0.0676+0.0014
2 J J J J 31.83930.1889  0.9776740.0009  0.91810.0017  0.069140.0013
3 N N NG NG 31.518240.1242  0.977140.0008  0.917340.0013  0.0696-40.0011
4 NG NG NG N 31.24360.1543  0.9752740.0009  0.913840.0018  0.07380.0015
5 N N NG NG 31.648240.1563  0.977040.0008  0.917540.0015  0.069240.0014
SGFL J J J N/ N * * * *
S. WDC s
SGFL s s nh=1,2,3,4) s@E=
CSFEM n 32,64,128) o 6 7 o
6 n
Table 6 Impact ofp
n
1 3 4
MPSNR * 29 529740 0161 + 29 556440 0185 29 58880 0208
o Mssi M 4 0 964240 0001 + 0 963320 0002 0 963740 0001
g MESI M+ 0 903140 0001 + 0 902140 0002 0 902840 0002
MSA ¥ 0 079840 0002 + 0 080240 0002 0 080140 0002
MPSNR A 31 995540 1732 + 31 764240 1165 31 795440 1487
Mssi M 4 0 979340 0009 + 0 977840 0007 0 977840 0008
MFSI M 4 0 921540 0019 + 0 917940 0013 0 918840 0015
MSA ¥ 0 067440 0013 + 0 06980 0012 0 069440 0012
7 S
Table 7 Impact of §
S
32 64 128
MPSNR 4 29 487340 0186 + 29 51980 0232
100 Mssi M 4 0 962940 0001 + 0 963740 0001
g MFSI M A 0 901140 0002 + 0 90160 0002
MSA ¥ 0 080630 0002 + 0 08110 0002
MPSNR 4 31 939140 2117 + 31 568440 1303
Mssi M A 0 978740 0009 + 0 977540 0007
MFSI M+ 0 920340 0016 + 0 918340 0012
MSA ¥ 0 067740 0013 + 0 070240 0011
6 s n 1 2 ; s n 3 s
o=100 s , n=2 . s
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Table 8 Comparison of model complexity and inference time

/ / /
GB MB (¢ img)
HSID-CNNI16] 1.5028 0.3353 0.0140
ENCAMI 8] 10. 7855 2.8213 0.5113
AODNI 9] 3.7272 1.1273 0.0219
MAC-Netl#9] 2.8452 0.0982 0.6842
HSDTI24 72.5397 0.5844 3.7566
SsTl28] 92.7876 22.6363 1.7260
SM-CNNL20] 9.8306 0.2486 0.0519
SGFL( Ours) 12. 2830 0.6913 0.3969
HSI
s
s HSI
s HSI o
b o ’
- s s HSI
b o 9
HSI B
b
b
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s N B
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