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Hyperspectral Image Denoising Based on Group Sparse and Constraint Smooth Rank Approximation

ZHANG Lihong and YE Jun

School of Science,Nanjing University of Posts and Telecommunications, Nanjing 210023, China
Abstract In the process of hyperspectral image( HSD) acquisition, there will produce many kinds of noise,and the more the num-
ber of noise,the less effective information HSI has. In order to recover HSI’ s effective messages more effectively from a large
number of mixed noises,a constrained smoothing rank approximation for HSI recovery method based on group sparse regulariza-
tion is proposed in this paper. Among them. the group sparse regularization is defined as the spacial-spectral total variation
(SSTV) which based on weighted ¢,.;,-norm. This regularization not only utilizes the information of spacial-spectral dimension,
but also considers the group sparsity inside HSI, which enhances the model’s removal effect of mixed noise and the smoothness of
spacial-spectral dimension. In addition,the constrained smoothing function is used to approximate the rank function,which makes
better use of the low-rank property of HSI and improves the efficiency of the algorithm. The optimization problem is solved by
iterative algorithm based on alternating direction multiplier. The results of two simulated data expe-riments and one real data ex-
periment show that compared with the five current mainstream methods, the proposed method has obvious improvement in visual
effect and evaluation index.

Keywords Hyperspectral images,Denoising, Group sparse, Rank approximation, ADMM
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Case Indexes Noise LRMR 3DLogTNN  LLRSSTV ~ LRTDGS LRTFDFR  CSRAGS
MPSNR 14,9392 34,6924 33.5482 37.2384 41,6859 42.5351 45,9214
Casel MSSIM 0.2373 0.9061 0.9223 0.9680 0.9946 0.9973 0.9975
SAM 20. 9663 1.9063 1.9280 1.1432 0.7592 0.8492 0.8434
MPSNR 14,4466 32.7215 29. 6476 34,5245 36. 2060 41.4039 44,6884
Case2 MSSIM 0.2262 0.8776 0.8092 0.9476 0.9549 0.9967 0.9980
SAM 22,1401 3.1049 7.2023 2.5308 2.8465 1.1261 1.0357
Mean time/s — 101 230 201 158 75 89
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Fig. 3 Comparison of PSNR and SSIM values of different methods in case 2
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Fig. 4 Denoising results at the 139th band of urban data set
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Table 2 Optimal parameter setting of Indian Case2 dataset
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