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(f) TDL method (g) WSNM method (h) LRTV method (1) LRTDTV method (j) LRHSSTV method
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Fig. 2 Denoising results on band 50 of simulated data in noise case 1

(f) TDL method (g) WSNM method (h) LRTV method (i) LRTDTV method (j) LRHSSTV method
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Fig. 3 Denoising results on band 120 of simulated data in noise case 5
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Table 1 Qualitative evaluation results of various methods on simulated data under different noise cases

Case Level Index Noise WNNM LRMR BM4D TDL WSNM  LRTV LRTDTV LRHSSTV

MPSNR/dB  20.0027  32.6933 36.4453 38.7436 38.15  37.5576 38.7876 40.909 9 47.714 9
Casel  G=0.1 MSSIM 0.3674 0.8520 09411 0.976 3 0.9664 09483 0.9863 0.980 4 0.998 6
ERGAS 233.861 0 55.6553 35.8053 28.0405 30.52  32.3045 27.4745 23.1213 11.3512
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MPSNR/dB  19.3924 32.8806 35.5756 35.1053 33.2289 36.1715 38.0488 40.5456 46.610 4

G=0.1
Case2 + Deadli MSSIM 0.360 1 0.8513 0.9191 0.939 1 0.8743 09412 0.9828 0.988 5 0.9918
eadline
ERGAS 255.100 1 58.3944 38.8444 110.4039 111.3566 43.8976 49.1012 23.5471 12.621 8
G075 MPSNR/dB  13.090 6 32.3653 36.4033 285966 27.5045 38.1464 39.5337 41.0809 46.428 9

Case3 P15 MSSIM 0.178 3 0.8786 0.9345 0.8401 0.9076 09551 0.9866 0.9910 0.997 9
) ERGAS 519.6824 59.7123 36.046 6 90.2983 102.0855 29.5237 35.0254 21.8833 13.834 7

G=0.75 MPSNR/dB  12.9239 32.3963 35.7677 27.0263 26.5467 36.6375 38.7447 40.7256 45.442 5
Case4  P=0.15 MSSIM 0.1755 0.8877 0.9316  0.817 3 0.8465 0.9488 0.9826 0.990 6 0.997 8
+ Deadline ERGAS 529.5936  59.1034 39.9905 128.1113 120.5453 46.3178 55.3463  22.908 1 14.560 8

P+G MPSNR/dB  13.8105 31.4322 33.7254 27.9473 243457 35.0279 36.5433 38.8355 43.567 2
Cased Random MSSIM 0.2044  0.8455 0.8951  0.8201 0.5931 0.9285 0.9742 0.9859 0.996 9
—+ Deadline ERGAS 500.610 2 66.4231 50.1613 120.9547 157.7575 51.3345 72.5257 28.6634 18.339 4

P+G
Rand MPSNR/dB  13.736 9  29.9873 33.4256 27.5393 23.3456 33.8866 36.3575 38.6365 43.1519
andom
Case6 1 Deadii MSSIM 0.202 1 0.8431 0.8918 0.806 0 0.5583 09261 0.9736 0.985 2 0.996 6
eadline
4 St ERGAS 503.698 6 82.4332 52.6243 126.2857 174.2879 53.2946 72.0563 29.8233  19.716 9
tripe
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Fig. 4 Comparison diagram of PSNR and SSIM values of each band in the case of simulated data
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(a) Original image

(e) WSNM method (f) LRTV method (g) LRTDTV method (h) LRHSSTV method
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Fig. 5 Denoising results on band 109 of real-word data

(a) Original image (c) LRMR method (d) BM4D method

(¢) WSNM method (f) LRTV method (g) LRTDTV method (h) LRHSSTV method
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Fig. 6 Denoising results on band 207 of real-word data
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Fig. 8 Band 207 of HYDICE dataset vertical mean profile before and after denoising via different methods
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Hyperspectral Image Denoising Based on Hybrid Space-spectral Total
Variation and Double Domain Low-rank Constraint

ZHANG Pengdan, NING lJifeng
(College of Information Engineering, Northwest Agriculture & Forestry University, Yangling,
Shaanxi 712100, China)

Abstract: In recent years, with the rapid development of remote sensing technology, Hyperspectral Images
(HSI) have attracted more and more attention. Compared with full color and multi-spectrum remote
sensing, hyperspectral remote sensing has higher spectral resolution, which greatly improves the
recognition ability of surface coverage and the accuracy and reliability of ground object analysis. With the
continuous updating of sensors, people can obtain remote sensing images of different space resolution and
spectral resolution on different aviation and aerospace remote sensing platforms. Compared with previous
remote sensing technology, hyperspectral remote sensing has the characteristics of combining maps and a
series of bands from visible light to infrared and even thermal infrared. Especially in the case of weak
information on the ground, hyperspectralremote sensing has the advantages of identifying weak information
and quantitative detection. The development of hyperspectral remote sensing technology to meet the needs
of military and civilian technology is very necessary and practical to carry out research in this field. HSI
consists of different intensities, which represents the radiation points of hundreds of discrete wave bands
captured by the sensor. Compared with traditional images, HSI helps to provide more reliable expressions
for real scenes, so it is often better in various computer visual tasks, such as classification, super
resolution, compression perception, mineral exploration, etc. However, under actual situation, HSI is
always seriously affected by noise. These noises are usually caused by sensor sensitivity, photon effects,
light conditions, and calibration errors. Therefore, HSI denoising is a key problem, and solving this
problem can greatly improve the performance of subsequent HSI processing tasks, which is an important
and challenging research topic. Around this topic, many experts have proposed various noise models and
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achieved good results. By studying the existing noise models and analysis of the characteristics of HSI, a
new HSI denoising model is established in this paper. Compared with the previous models, the ability to
remove mixed noise and retain image details has been strengthened. By analyzing the structural
characteristics of HSI, a HSI denoising model based on tensor low-rank decomposition, mixed space—
spectral gradient domain low-rank decomposition and group sparse prior is proposed in this study. Firstly,
the high-order gradient is introduced to fully explore the intrinsic contact between the high-order
differential direction. The HSI is converted from the original domain to the gradient domain by using 1st
and 2nd gradient operators, and the weighted ‘12 norm is established on the mixed gradient tension to
explore the gradient group sparse prior of the HSI. Secondly, the low—rank priori of HSI is explored in both
gradient domain and the original domain. The low-rank property of the gradient domain is proved by the
low—rank theory of transform domain, and it is constrained by the minimization of nuclear norm. The
classical tensor Tucker decomposition method is then used to ensure the low-rank prior to the original
domain of HSI. The new model makes full use of the prior information of HSI, effectively removes the
mixed noise, and greatly improves the performance of subsequent HSI processing tasks. This technique is
of great practical significance to meet military and civilian needs. Finally, through a lot of experiments on
simulated datasets and real datasets, the superiority of the new model in the field of hyperspectral image
denoising is proved. Compared with the suboptimal model, the average peak signal to noise ratio and the
average structural similarity index of the proposed model are improved by 5.35 dB and 0.009 respectively.
Key words: Image processing; Hybrid spatial-spectral total variation; Alternating direction method of
multiplier; Tucker decomposition; Mixed noise
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