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Optimization of Hyperspectral Image Denoising Based on
Local Truncated Nuclear Norm

Wang Haichen', Wang Shengqi', Hu Xueyou”
'College of Energy Materials and Chemical Engineering, Hefei University, Hefei 230601, Anhui, China;
’School of Advanced Manufacturing Engineering, Hefei University, Hefei 230601, Anhui, China

Abstract Hyperspectral images (HSI) are vulnerable to interference from the environment or the equipment during the
acquisition process, causing a significant loss of remote sensing data. Therefore, hyperspectral image denoising is a
fundamental issue in image preprocessing. In this paper, a denoising algorithm is designed, which divides HSI into local
equal blocks and uses low-rank matrix constraints to characterize the local features. Moreover, the designed algorithm uses
truncated nuclear norm minimization and global spatial-spectral total variation regularization to separate sparse and high-
density noise, while maintaining spatial-spectral smoothness. The combination of the two methods can effectively remove
mixed noises, including Gaussian and salt and pepper noises. The proposed optimization algorithm is compared with four
recently published denoising algorithms, showing that the average structure similarity and average peak-signal-to-noise
ratio are improved by 0. 13 and 1. 10 dB, respectively. Application of algorithms to a single noise with different intensity
demonstrates that the average structure similarity is also improved by 0. 10. The proposed method demonstrates a distinct
noise removal effect in the amplification and contrast of actual images. Experimental results show that the proposed
method is close to the local feature representation of hyperspectral images, which combined with the global regularization
method, can facilitate a more obvious denoising effect and eliminate high-density and sparse noises.

Key words hyperspectral remote sensing image; image restoration; truncated nuclear norm; local low rank; total variation
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1 NS BT A IR Y L IR A
Table 1 Denoising result for mixed noise with equal intensity

Noise intensity Parameter NAILRMA LRMR LRTDTV LLRGTV TNN-LLRGTV
G=0.04, SSIM 0.6041 . 6602 0.6512 0. 7809 0. 8445
S=0. 10 PSNR /dB 22.3790 26.5979 22.7146 29.7702 30.7610
G=0.08, SSIM 0.4627 .5225 0.5313 0.6740 0.7706
S=0.15 PSNR /dB 18.6715 23.7096 18.9603 27.6505 28. 7855
G=0.12, SSIM 0. 3652 L4171 0. 4399 0.5753 0.7051
S=0. 20 PSNR /dB 16. 3544 21.5243 16. 5659 25.3208 26. 4233
F2 XM Y o2 R
Table 2 Denoising results for single-type noise
Noise intensity Parameter NAILRMA LRMR LRTDTV LLRGTV TNN-LLRGTV
—— SSIM 0.7672 0.7021 0.7670 0.8661 0. 8836
PSNR /dB 27.2992 27.7108 27.1290 27. 5485 27.4349
G—0.08 SSIM 0.6578 0.5963 0.6811 0.7159 0.7993
PSNR /dB 23.4935 25.5115 23.5549 28.3401 29. 3462
G=0.12 SSIM 0.5823 0.5274 0.6232 0.6575 0. 7554
PSNR /dB 21.2739 24. 2568 21.4103 27.2248 28. 2942
S—0.10 SSIM 0.7648 0.9369 0.7742 0.9566 0.9569
PSNR /dB 26.9931 36.7206 27.0601 37.2688 37.3276
P SSIM 0.6874 0.9135 0.7113 0.9558 0. 9566
57015 PSNR /dB 24.2311 35.0619 24.5033 37.0938 37.2341
- SSIM 0.6184 0. 8880 0.6518 0.9550 0. 9561
57020 PSNR /dB 22.1248 33.6231 22.4481 36.9163 37.1171
0.756 T ILRGTV 285
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Fig.5 SSIM of the algorithm before and after improvement
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Fig. 7 Denoising results of each denoising method in band 2 of Pavia Univer%ity dataset. (a) Original image; (b) TNN-LLRGTV;
¢) LLRGTV; (d) LRTDTV; (e) LRMR; (f) NAILRMA
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Fig. 8 Denoising results of each denoising method in band 110 of Salinas dataset. (a) Original image; (b) TNN-LLRGTV;
(¢c) LLRGTV; (d) LRTDTV; (e) LRMR; (f) NAILRMA

@

(@

o UM""MW }mm - ’gﬂ‘% 'A" M 6 4 e
08} | U i “‘ B A ST 1% 2 6 A0, 1 T HL 5OH 0 T 608
5 [ IR ¥ A, | A DA B — AP AT K I B e
%00 A A | Jei 5 JR B B 22 W £ A L 3 T TNN-LLRGTV 8 3%
Soa| | 1] A J5 950 30 4B R 3 B8 A
' 1] \ q {l e T M P O A B R BN, TNN-LLRGTV B3k
TSN B B D RAT A T S - R AL S TO E
R ey L | X B T T R R A 2303
O =900 A A i e B+ R IR 3 R 7 AR R AR X R 3k
e T e 200 LLRGTV, fif # TNN-LLRGTV i 2= W 8 b #5 45 52

PO AN [ 26 MR B30 0k B O 1 il 2 X L

Fig. 9 Comparison of spectral curves of different denoising algorithms

TJh AT T A Il s e e A S e T, B R AR EE A A
X AR (RS S BARSR R B ™, I,
TNN-LLRGTV &4 # T+ #) 25 [a] .

1610006-7



£ 6055 16 H/2023 £ 8 A/ B SHBEFZEHE

(1]

6]

(7]

(8]

(9]

[12]

Z X X #

R, R, BRI SC, A5 LB S HOG I HOG T IR g B
A& M) a4, 2022, 42(12): 1200002.
Gong W, Shi S, Chen B W, et al. Development and
application of airborne hyperspectral LiDAR imaging
technology[J]. Acta Optica Sinica, 2022, 42(12): 1200002.
HE SR IS R R o R R WS [D]. W% 7Y
LR R, 2018.

Cut R M. Hyperspectral
classification[D]. Xi’an: Xidian University, 2018.

Rudin L T, Osher S, Fatemi E. Nonlinear total variation

image denoising and

based noise removal algorithms[J]. Physica D: Nonlinear
Phenomena, 1992, 60(1/2/3/4): 259-268.

Blomgren P, Chan T F. Color TV: total variation
methods for restoration of vector-valued images[J].
IEEE Transactions on Image Processing, 1998, 7(3):
304-309.

Yuan Q Q, Zhang L. P, Shen H F. Hyperspectral image
denoising employing a spectral - spatial adaptive total
variation model[J]. TEEE Transactions on Geoscience
and Remote Sensing, 2012, 50(10): 3660-3677.

Chang Y, Yan L X, Fang H Z, et al. Anisotropic
spectral-spatial total variation model for multispectral
remote sensing image destriping[J]. IEEE Transactions
on Image Processing, 2015, 24(6): 1852-1866.

REREF, B, 8, 5 T kAN AR
HLAy 8 A R R (T P O 2021, 48(13):
1307001.

Wu T Q, Xiao W, Li R J, et al. Single-molecule
localization image background denoising based on time-
domain iterative wavelet transform[J]. Chinese Journal of
Lasers, 2021, 48(13): 1307001.

THEBL, Tk, A0y | LT ko Bk 3 o 2 B 1 A 4R
S A AR 2 RS R (D). Ot SE AR AR, 2021, 41(7):
0710002.

Yin ] Q, Wang S Y, Li F M. Division-of-focal-plane
polarization image denoising algorithm based on improved
principal component analysis[J]. Acta Optica Sinica,
2021, 41(7): 0710002.

He W, Zhang H Y, Zhang L. P, et al. Total-variation-
regularized low-rank matrix factorization for hyperspectral
image restoration[J]. IEEE Transactions on Geoscience
and Remote Sensing, 2016, 54(1): 178-188.

Zhang H Y, He W, Zhang 1. P, et al. Hyperspectral
image restoration using low-rank matrix recovery[J].
IEEE Transactions on Geoscience and Remote Sensing,
2014, 52(8): 4729-4743.

Xie Y, QuY Y, Tao D C, et al. Hyperspectral image
restoration via iteratively regularized weighted schatten p-
norm minimization[J]. IEEE Transactions on Geoscience
and Remote Sensing, 2016, 54(8): 4642-4659.

Wang M D, Yu J, Xue J H, et al. Denoising of

[13]

[14]

[15]

[16]

[17]

(18]

(19]

(23]

1610006-8

hyperspectral images using group low-rank representation
[J]. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 2016, 9(9): 4420-
4427.

Wi T, BN, ARG, A MR HOn A 22 E
v ot R B R[] P R DR 22, 2019, 24
(10): 1801-1812.

Yang R Y, Jia Y X, Xu P, et al. Hyperspectral image
restoration with truncated nuclear norm minimization and
total variation regularization[J]. Journal of Image and
Graphics, 2019, 24(10): 1801-1812.

Cai J F, Candes E J, Shen Z W. A singular value
thresholding algorithm for matrix completion[J]. SIAM
Journal on optimization, 2010, 20(4): 1956-1982.

Gu S H, Zhang L, Zuo W M, et al. Weighted nuclear
norm minimization with application to image denoising
[C]/2014 TEEE Conference on Computer Vision and
Pattern Recognition, June 23-28, 2014, Columbus,
OH, USA. New York: IEEE Press, 2014: 2862-2869.
Geng T Y, Sun G L, Xu Y, et al. Truncated nuclear
norm minimization based group sparse representation for
image restoration[J]. SIAM Journal on Imaging Sciences,
2018, 11(3): 1878-1897.

Chan S H, Khoshabeh R, Gibson K B, et al. An
augmented Lagrangian method for total variation video
restoration[J]. IEEE Transactions on Image Processing,
2011, 20(11): 3097-3111.

Liu Q, Lai Z H, Zhou Z W, et al. A truncated nuclear
norm regularization method based on weighted residual
error for matrix completion[J]. IEEE Transactions on
Image Processing, 2016, 25(1): 316-330.

He W, Zhang H Y, Shen H F, et al. Hyperspectral
image denoising using local low-rank matrix recovery and
global spatial-spectral total variation[J]. IEEE Journal of
Selected Topics in Applied Earth Observations and
Remote Sensing, 2018, 11(3): 713-729.
Boyd S, Parikh N, Chu E, et al

optimization and statistical learning via the alternating

Distributed

direction method of multipliers[J]. Foundations and
Trends® in Machine Learning, 2010, 3(1): 1-122.
Aragon Artacho F J, Fleming R M T, Vuong P T.
Accelerating the DC algorithm for smooth functions[J].
Mathematical Programming, 2018, 169(1): 95-118.

He W, Zhang H Y, Zhang L P, et al. Hyperspectral
image denoising via noise-adjusted iterative low-rank
matrix approximation[J]. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote
Sensing, 2015, 8(6): 3050-3061.

Wang Y, Peng J J, Zhao Q, et al. Hyperspectral image
restoration via total variation regularized low-rank tensor
decomposition[J]. TEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, 2018,
11(4): 1227-1243.



	2　高光谱数据模型
	2.1　观测模型
	2.2　基于局部低秩与全局正则化的图像去噪模型

	3　图像去噪模型求解与优化
	3.1　截断核范数（TNN）
	3.2　TNN-LLRGTV模型求解与优化

	4　去噪方法参数分析
	5　实验分析与讨论
	5.1　模拟带噪图像实验
	5.2　真实图像实验


