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Table 2 Quantitative evaluation results of simulated experiment
Dataset  Noisecase Level Index noisy LRMR LRTDTV LLRSSTV LRTDGS LLxXxRGTV FTFGS
MPSNR  20.258 8 36.6890 40.4800 38.4737 42.8370 39.9596 45.7326
Casel G=0.1 MSSIM 0.4004 0.9470 0.9900 0.9537  0.9960  0.9916  0.997 2
MFESIM  0.4892 0.9450  0.986 0 0.9514  0.9946  0.9873  0.9978
MPSNR  22.8052 37.1963 42.3850 40.2745 43.2827 41.7276 46.6847
Case? G MSSIM 04781 0.9511  0.9930 0.9601  0.9968  0.9950  0.996 9
MESIM  0.5574 0.9509  0.9910 0.9663  0.9968  0.9936  0.997 8
MPSNR 14.6234 35.8890 40.9780  39.7263  42.3258  40.4665 45.5016
Case3 G+P MSSIM  0.2617 0.9380  0.9910 0.9612  0.996 1 0.9937  0.996 9
o MFSIM  0.4350 0.9380  0.987 0 0.9627  0.9957  0.9911  0.997 9
Indian Pines Gops MPSNR 141334 351020 403240 355042 40.2456  38.9697 42.2427
Cased Deali MSSIM ~ 0.2536 0.9400  0.989 0 0.9581  0.9930  0.9913  0.9935
CHME T MESIM 04269 09400 0.9860 09545  0.9922  0.9883  0.9950
MPSNR 22.009 8 37.1122 42.2023  39.940 1 43.0648 41.1976 46.8590
Case5  G+Stripe  MSSIM 04694 0.9505  0.992 2 0.9536  0.9966  0.9942  0.997 5
MFSIM  0.5514 0.9511  0.989 4 0.9602  0.9966  0.9927  0.998 3

G+P+ MPSNR 14.3431 35.4881 40.5594  37.1324  41.767 2 39.604  43.5245

Case6  Dealinet  MSSIM  0.2564 0.9408  0.990 0 0.947 7 0.995 5 0.9924  0.993 6
Stripe MFSIM  0.4295 0.9411  0.986 4 0.9506  0.9945  0.9893  0.9953

0430002-9



T ¥
Dataset  Noisecase Level Index noisy LRMR LRTDTV LLRSSTV LRTDGS LLxRGTV FTFGS
MPSNR 20.8515 34.2920 34.4508  36.7762 36.5131 35.1790 37.3850
Casel G=0.1 MSSIM 0.3659 0.9123 0.9249 0.9480  0.9485 0.9343  0.9535
MFSIM  0.6929 0.9566  0.952 6 0.9698  0.969 3 0.9582  0.9723
MPSNR 23.5227 35.0132 35.9378 38.5534 37.7724  36.6332 38.6378
Case2 G MSSIM  0.4652 0.9144  0.9435 0.961 3 0.962 4 0.9512  0.9672
MFSIM  0.7295 0.9577  0.966 1 0.976 9 0.977 6 0.9677 0.9791
MPSNR  14.2497 33.8658 35.2776  36.2429  37.1237  35.7528 37.8853
Case3 G+P MSSIM  0.1944 0.8960  0.942 3 0.951 3 0.957 5 0.9429  0.961 1
Washington MFSIM  0.5646 0.9491  0.9651 0.968 3 0.975 3 0.9630 0.9754
DEC Gipt  MPSNR 141810 334281 354321 36.3344 361560 35.6783 37.0176
Cased , MSSIM ~ 0.1926 0.8883  0.9450 0.9515 0.9517 0.9433  0.9584
Dealine  yvrespv 05626 0.9442  0.9670 0.969 8 0.9715 0.9645 0.9716
MPSNR 23.1014 34.8586 35.8890 37.8371 37.7145 36.5018 38.5513
Case5  G+Stripe  MSSIM 04586 09134  0.9495 0.943 1 0.9618 0.9501  0.966 2
MFSIM  0.7245 0.9570  0.969 4 0.966 5 0.977 3 0.9669  0.9788
G+P+  MPSNR 14.2270 33.706 5 35.2176  36.2512 36.2226  35.8617 37.4132
Case6  Dealinet  MSSIM  0.1929 0.8947  0.9417 0.930 4 0.952 5 0.9452  0.960 2
Stripe MFSIM  0.5629 0.9477  0.964 6 0.958 6 0.9718 0.9654  0.9737
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Fig. 5 Comparison diagram of PSNR and SSIM values of six models in different bands on the Indian Pines dataset under
different noise conditions
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Fig. 9 Denoising results of the 150th band of real data by using different models
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Fig. 10  Denoising results of the 162th band of real data by using different models
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Table 3 Running time in simulation experiment

Noise Running time/s
Dataset Improvement/ %
Case LRMR LRTDTV  LRTDGS LLxRGTV LLRSSTV FTFGS
Casel 83.11 85.88 77.54 198.68 186.24 80.46 56.80
Case2 84.19 85.60 79.14 242.13 215.98 81.03 62.48
) ) Case3 84.81 93.67 83.10 199.84 220.28 80.94 63.26
Indian Pines
Cased 84.32 94.04 80.67 245.23 185.66 81.39 56.16
Caseb 103.16 85.50 78.89 237.08 247.98 80.84 67.40
Case6 84.00 87.29 79.95 199.91 169.45 81.58 51.86
Casel 245.01 217.27 176.39 609.38 464.68 226.09 51.34
Case2 233.31 218.65 179.92 606.24 395.82 226.74 42.72
) Case3 174.51 218.49 179.86 605.45 407.70 228.19 44.03
Washington DC
Cased 174.46 220.95 182.89 599.88 376.45 235.85 37.35
Cased 260.70 223.36 183.40 601.73 364.53 227.34 37.63
Case6 254.41 221.96 177.19 610.79 403.63 229.21 43.21
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Hyperspectral Image Denoising Based on Fast Tri—factorization and
Group Sparsity Regularized

GAO Xiaoyu', BAT Jingyuan', HUANG Yangzhi’, NING Jifeng'
(1 College of Information Engineering, Northwest Agriculture & Forestry University, Yangling 712100, China)
(2 College of Science, Northwest Agriculture & Forestry University, Yangling 712100, China)

Abstract: Hyperspectral Image (HSI) has rich information, it has been widely used in various fields. Due
to the limitations of various factors, such as lighting conditions, transmission conditions and imaging
instruments, HSI is polluted by various noises, which not only reduces the visual quality but also brings
difficulties to subsequent processing. Many existing traditional denoising models still use nuclear norm
minimization to iteratively solve the matrix rank minimization, and each iteration involves singular value
decomposition, so these algorithms have a high computational complexity; in addition, total variation item
fails to explore shared group sparsity patterns of difference images. In summary, how to express low rank
more quickly and express sparsity more accurately is still a difficult problem. Under the framework of
combining local low-rank and global group sparsity, this paper proposes the Fast Tri-factorization and
Group Sparsity (FTFGS) model. In local modules, FTFGS model partitions the HST into overlapping
3-D patches and converts patches into a matrix by lexicographical sorting. This operation conforms to the
physical characteristics of HSI, avoids the formation of ill-conditioned matrices, and can better protect the
details in the local blocks. This patchwise approach can reduce the dependence on the hypothesis that noise
in HSIs is independent and identically distributed. When dealing with small-scale matrices, the Fast Tri-
factorization (FTF) is used to decompose these matrices into two orthogonal factor matrices and a core
matrix, the size of the core matrix and its L, ; norm minimization are used to more accurately and quickly
represent the local low rank. FTF explores the low rank, which has the advantages of lower computational
complexity and faster speed than the nuclear norm, furthermore, FTF digs deeper into the low rank
because the low rank constraints are transferred to a smaller core matrix. When exploring the sparsity, the
existing total variation regularizations do not consider the group sparsity property of HSI and so on, the
local area structure is the same for all bands, as is the smoothed structure. This paper proposes a new
weighted spatial-spectral group sparse regularization to explore the shared group sparse pattern in each
gradient direction of HSI. With this strategy, the local and global modules are executed alternately to
express the local low—rank and global group sparsity properties of HSI and remove complex mixed noises.
In the comparative experiments, intuitive visual effects, quantitative numerical evaluation and qualitative
comparisons are used for evaluation. From the visual effects, the FTFGS model better preserves image
details and texture information, and the visual effect is significantly improved. Compared with the five
classical denoising methods, the average peak signal-to—noise ratio index is increased by 1.75 dB, the
average structural similarity index is increased by 0.003, the average feature similarity index is increased by
0.002, and the denoising accuracy is significantly improved. Moreover, in the qualitative comparison
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experiment, the spectral curve of our model is closest to the original image. The validation effect on the real
dataset further proves its effectiveness. The reason for the good results is that compared to other models,
FTFGS not only improves the local low-rank term, but also better explores the sparse prior of the image
with the group sparse term. The time complexity analysis of the model verifies the effectiveness of the FTF
framework. The model makes full use of the prior information of the HSI, which not only develops more
accurate approximate representations for the low-rank and sparse, but also improves the speed while
ensuring the optimal solution. The model is robust, fast and effective, and has certain research value for
remote sensing and other application fields.

Key words: Image processing; Image denoising; Hyperspectral image; Alternating direction method of
multiplier; Local low—rank; Group sparsity
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