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Hyperspectral Image Denoising Based on Superpixel Block Clustering and

Low-Rank Characteristics

ZHANG Minghua', WU Xuan', SONG Wei', MEI Haibin', HE Qi', SU Cheng’

(1. College of Information Technology, Shanghai Ocean University, Shanghai 201306, China;2. East China Sea Forecast Center,
Ministry of Natural Resources, Shanghai 200136, China)

Abstract: Hyperspectral images are usually contaminated by Gaussian noise, impulse noise, dead lines
and stripes. So, denoising is an essential step. The existing denoising methods based on low-rank
characteristics introduce spatial information to improve the noise reduction effect. But because they often
only use local similarity or non-local self-similarity, it has poor removal effect of sparse noise with
structural information in the spectral dimension. Therefore, we propose a hyperspectral image denoising
method based on superpixel block clustering and low-rank characteristics. The method realizes the adaptive
partition and clustering of blocks, and makes full use of the non-local spatial self-similarity while retaining
the local details. The experiments show that the same object block composed of clustered superpixel blocks
has a good spatial-spectral dual low-rank attributes. Firstly, a superpixel segmentation method is applied to
hyperspectral images, and the superpixel blocks are clustered to obtain the same object blocks. Secondly,

the low-rank matrix restoration model is established and solved, and finally the denoised image is obtained.
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We conduct experiments on simulated data and real data respectively, and compare with other methods
based on low-rank characteristics. The results show that this method has better denoising performance for
mixed noise, especially sparse noise with structural information.

Key words: hyperspectral image processing; denoising; lowrank matrix restoration; superpixel

segmentation; clustering
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Fig.1 Flowchart of the proposed method
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(a) Original image (b) Image after segmentation (c) Image after clustering
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Fig.3 Image after superpixel segmentation and clustering in band 85 of Washington DC Mall
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Fig.5 Influence of the number of K-means clusters on MPSNR
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Fig.6 Influence of the parameter A on MPSNR
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Table 1 Quantitative evaluation results in simulation experiments

Noise case Level Evaluation index BM4D LRMR LLRSSTV SSSB NLRPnP SCLR

MPSNR/dB 24.6750 31.117 0 31.7476 27.7081 27.8377 31.9297

G=0.025
P—0.05 MSSIM 0.655 4 0.902 8 0.925 4 0.794 3 0.8055 0.9276
MFESIM 0.857 5 0.949 4 0.954 6 0.950 3 0.896 5 0.9554

Case 1

MPSNR/dB 19.712 3 27.0220 29.0813 23.1381 27.5309 28.0852

G=0.075
MSSIM 0.4857 0.7955 0.860 2 0.5937 0.7991 0.8389

P=0.15
MFESIM 0.769 7 0.903 6 0.9250 0.8210 0.8991 0.9127

MPSNR/dB 22.262 5 29.2644  29.8361 264219 27.0954 30.826 0

Gaussian—+Im-
Case 2 | MSSIM 0.5815 0.866 8 0.879 2 0.744 0 0.7838 0.9148
pulse

MFSIM 0.819 8 0.939 6 0.930 3 0.8825 0.8850 09491

Gaussian-Tm- ~ MPSNR/AB 204516 26.1782  26.0163 23.6793 251878 27.2967

Case 3 pulse+ MSSIM 05072 08011  0.8026 0.6697 0.7086 0.8485
Deadline MESIM 0.7777  0.8882  0.8943 08442 08362 09168

Gaussian - Im- ~ MPSNR/AB  20.6340  26.2871 26.0917 23.8527 252911 27.3346

Case 4 pulse+ MSSIM 05241 08186 08143  0.6777 07240 0.8569
Deadline+Block  npspv 07832 09010  0.8946 0.8470 08449 0.9196




560 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 3, 2023

e | '
(e) LLRSSTV (f) SSSB (g) NLRPnP (h) SCLR
B 10 LS8 M 75 55 0 3 T Washington DC Mall 48 55 85 I B 1 I M 25
Fig.10  Denoising results of the 85th band of Washington DC Mall in simulated noise case 3

. L .

(e) LLRSSTV (f) SSSB (g) NLRPnP (h) SCLR
11 B SEE R A 5 0 4 F Washington DC Mall 508 55 85 itk B A4 [ I 45 51

Fig.11 Denoising results of the 85th band of Washington DC Mall in simulated noise case 4
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Table 2 Running time of each noise reduction method in noise case 1
5k BM4D LRMR LLRSSTV SSSB NLRPnP SCLR
BATIIE] /s 543.28 236.80 123.21 45.18 1052.7 431.23
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Fig.12 Denoising results of Indian Pines image in band 1
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Fig.13  Denoising results of Indian Pines image in band 2
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Fig.14 Denoising results of Indian Pines image in band 103
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Fig.15 Vertical mean profiles of band 103 of Indian Pines image
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Fig.16 Horizontal mean profiles of band 103 of Indian Pines image
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Table 3 Running time of each denoising method on Indian Pines image
VRES BM4D LRMR LLRSSTV SSSB NLRPnP SCLR
BATHE] /s 174.51 75.15 78.70 31.35 963.34 108.30
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