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Abstract

Remote sensing images are often subject to various interferences during acquisition, which seri-
ously affects the visual effect of the images, and then affects the accuracy of subsequent processing.
Therefore, accurate modeling of the noise of remote sensing images is the key to solving the noise
problem of remote sensing images. The most common choices for coded noise distributions are
Gaussian, Laplace, and Gaussian mixtures, but they are always incompatible with real-world remote
sensing image noise. Considering that there are both symmetrical and asymmetric noise distribu-
tion in remote sensing images, this paper introduces asymmetric parameters on the basis of Gauss-
ian mixed distribution, and constructs a remote sensing image denoising algorithm based on asym-
metric Gaussian mixed distribution model (AMoG). The algorithm uses low-rank matrix factoriza-
tion to approximate the remote sensing image as the product of two-factor matrices. For the param-
eters of the model, the EM algorithm was used for iterative update. A large number of experimental
results on synthetic datasets and real datasets show that the model performs well in five evaluation
indexes: PSNR, SSIM, FSIM, ERGA and SAM, indicating that the algorithm has certain advantages in
remote sensing image denoising.
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7&, BT REREGEIRAER S RO, BUTIRE . SRR T BOUBUN RN R R, 5 B0 H I A
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WAFIRTEEL EE4T R, £ Matlab R2019b 14T 5. 5 MoG. PMoEP. NMoG. NGMeet. LRTFDFR
[22]. BALMF BTV SEAT R EL o PP FEFRELAE: IEEAEMELL(PSNR). S5 HAHALIE(SSIM) . R A AR ALY
(FSIM). HHXI T E AN 4 5 iR 22 (ERGAS) FIGIE A il K (SAM) .
4.1. ERREIERLLE

N TUER] AMoG B —E AR, FERLSEIR . 4% 1 2 AT 0008 B MR O AR AT &
PRSI . PN BE A 20 2 Hh RO 62 &R e UGS A (ROSIS-03) 47 3K (1) A 4 E 17 0 (Pavia) #4E 52 1
FHEM&(PCC), K/INN 200 x 200 x 80 Fil-F &4 (PaviaU_A) K~y 200 x 200 x 103

LT ANEZRA R R X PCC F PaviaU_A 52 . 58 T 5FENL, BB A ARFERHE o
(e e . B AN R p kg 7 DL R P BT SR B e i R A A b B AN F E A fRIAE
LRl . ANE LB n, 2 S0 FR TR A

Table 1. Simulated noise setting
1 RINEFRE

= T kg 7 HELL I 7 U
Tt
B o BB p B n B n,
1 100% 0.05
2 100% 0.1 100% 0.01
3 100% 0.05 - - 100% 3~10
4 100% 0.05 - - - - 100% 3~10
5 100% 0.05 20% 0.01 20% 3~10 20% 10~30
6 100% 0.1 30% 0.01 30% 13~20 30% 20~50

2 2 Fi#e 3 43 HIE R T PCC Al PaviaU_A dE4E 11 6 Al il it e EF8AR . etk 1045 5 A L pk 244
RN MR A AT LS 2| DL 54

() 01 REEEYMES, BARA IR AMOG A% 1]y e 75 B 1, (ELAE I ol 7 B (0 B
HIHOLT, BARRT LIRS 5 K 2 HE 4 7 iEAH LR 45

(2) 1L 2~6 B T AR FERAERE, M2 5SmSRyl EXSEN T, AMoG L4045
RRDET . X0 LA AERE )y, AMoG AT DLIR i MR ADLRE AN o B 2 2 S AR e FicpE, HLBEIE & Xt
S22 [T 7R AT L

B 1R 2 il JEoR THE L 4 8 &R0 575 PCC 3 4 1 50U R B (58 60 B B LIl 5 R 4%
Fii 2077725 PaviaU_A ERAERIFCREI(BE 103 BB . M AR AT LG H A J7 1240 mT LUK e s 4T 2%
k%, {H PMOEP F1 NMoG J5 Al A7 4E — L & gU e 75 A1k H #AE 75 . MoG 1 LRTFDFR J7 V2 AR (1 45 5
T, MY EEAHE, RS SEULEAE. 4 BALMF J7ikEmmEG+, BIRAENS SR
TS, HaW ARG EE. MEZ T, ASCTiERE T EEHE AR .
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Table 2. Comparison of denoising effects of different algorithms on PCC datasets under different noise conditions
2. PRIBZEEFEIEEER T PCC HMIBEEMERBRITLE

TE VR Noisy MoG PMoEP NMoG  LRTFDFR BALMF AMoG
PSNR 26.0150 39.2457 38.6649 39.2527 38.8334 38.0970 39.2595

SSIM 0.7207 0.9784 0.9760 0.9745 0.9793 0.9720 0.9784

1 FSIM 0.8628 0.9876 0.9865 0.9862 0.9858 0.9843 0.9878
ERGAS  184.6058  41.3552 44,3153 51.8238 435660 47.2366 41.3155

SAM 0.3375 0.0774 0.0830 0.0893 0.0633 0.0865 0.0771

PSNR 19.1585 31.8340 26.9529 33.6164 32.5079 32.8437 34.4109

SSIM 0.4125 0.9087 0.7920 0.9360 0.9304 0.9138 0.9463

2 FSIM 0.7308 0.9533 0.8913 0.9677 0.9546 0.9601 0.9785
ERGAS 4059134  98.6753  177.6485  77.5986 92.9199 87.6106 72.4463

SAM 0.5241 0.1267 0.2079 0.0941 0.0946 0.1245 0.0889

PSNR 24.3388 36.1720 30.2209 38.0090 34.0096 37.8200 38.0139

SSIM 0.6840 0.9658 0.9155 0.9767 0.9400 0.9707 0.9742

3 FSIM 0.8456 0.9796 0.9496 0.9863 0.9554 0.9840 0.9860
ERGAS 221.9761 63.6497 118.6285 47.5994 74.2050 49.1123 47.1643

SAM 0.3823 0.1033 0.1548 0.0789 0.0792 0.0896 0.0731

PSNR 25.0288 36.1171 38.2768 37.8055 33.2894 37.9308 38.3930

SSIM 0.6943 0.9666 0.9742 0.9702 0.9255 0.9708 0.9744

4 FSIM 0.8488 0.9789 0.9849 0.9826 0.9427 0.9837 0.9851
ERGAS 206.6823 63.8873 46.0881 50.4903 80.8614 48.2606 45.7388

SAM 0.3659 0.1047 0.0846 0.0999 0.0844 0.0881 0.0844

PSNR 23.9304 35.9880 36.5621 37.3444 34.6567 37.9191 37.9237

SSIM 0.6677 0.9612 0.9617 0.9639 0.9539 0.9711 0.9733

5 FSIM 0.8415 0.9776 0.9796 0.9814 0.9681 0.9841 0.9851
ERGAS 245.8752 69.1058 58.9979 54.9569 77.3999 48.6878 48.5230

SAM 0.3950 0.0974 0.0963 0.0888 0.0877 0.0867 0.0742

PSNR 18.6694 32.6353 27.9668 32.1009 32.9470 32.4257 33.4051

SSIM 0.3894 0.9132 0.8096 0.9181 0.9385 0.9078 0.9401

6 FSIM 0.7155 0.9574 0.8981 0.9555 0.9590 0.9546 0.9680
ERGAS 426.7157 87.2182 176.8810 98.7349 90.1368 91.1484 71.3959

SAM 0.5542 0.1097 0.2879 0.1287 0.1118 0.1479 0.1034
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Table 3. Comparison of denoising effects of different algorithms on PaviaU_A datasets under different noise conditions
# 3. TEIBEETRIEAERL T PaviaU_A HIBEREBRHRTEL

TE VR Noisy MoG PMoEP NMoG  LRTFDFR BALMF AMoG
PSNR 26.0220 38.3396 38.3522 38.3051 37.8710 37.4874 38.3625
SSIM 0.5808 0.9517 0.9518 0.9520 0.9503 0.9416 0.9523
1 FSIM 0.8202 0.9800 0.9801 0.9801 0.9701 0.9766 0.9803
ERGAS  199.2532  53.2327 53.2024 53.4001 53.1719 57.8561 53.1295
SAM 0.2684 0.0655 0.0656 0.0658 0.0573 0.0699 0.0655
PSNR 19.1924 33.5029 27.2378 33.2650 33.3530 33.0357 33.7974
SSIM 0.2952 0.8758 0.7089 0.8753 0.8940 0.8591 0.8772
2 FSIM 0.6590 0.9540 0.8778 0.9541 0.9331 0.9481 0.9542
ERGAS  434.8824 855763 2051165  87.9298 87.2107 91.8153 84.8594
SAM 0.4945 0.0965 0.1794 0.0968 0.0866 0.1012 0.0978
PSNR 24,5063 37.3400 36.2519 37.3345 345827 37.2348 37.3554
SSIM 0.5489 0.9467 0.9416 0.9478 0.9108 0.9397 0.9484
3 FSIM 0.8004 0.9776 0.9741 0.9780 0.9374 0.9760 0.9780
ERGAS  232.3087  57.8956 63.8441 57.9977 745361 59.8328 58.6258
SAM 0.3142 0.0685 0.0724 0.0689 0.0706 0.0714 0.0689
PSNR 25.0339 37.7050 37.7012 37.7659 34.0539 37.3287 37.9073
SSIM 0.5540 0.9461 0.9466 0.9458 0.8954 0.9401 0.9490
4 FSIM 0.8029 0.9772 0.9777 0.9775 0.9233 0.9760 0.9789
ERGAS 2237446  56.2408 56.3052 56.3277 78.4783 58.6367 55.1460
SAM 0.2973 0.0686 0.0691 0.0689 0.0730 0.0708 0.0672
PSNR 24.0348 375971 33.9497 37.4438 37.4556 37.3090 37.8447
SSIM 0.5339 0.9453 0.8969 0.9452 0.9482 0.9404 0.9489
5 FSIM 0.7967 0.9775 0.9578 0.9779 0.9693 0.9761 0.9790
ERGAS  261.2998  57.3987 89.6644 57.2622 55.5549 58.6010 55.1886
SAM 0.3272 0.0687 0.1027 0.0698 0.0685 0.0709 0.0678
PSNR 19.2184 32.2288 26.7374 33.2121 33.0015 325792 33.4241
SSIM 0.2864 0.8694 0.6923 0.8816 0.8846 0.8493 0.8872
6 FSIM 0.6410 0.9485 0.8723 0.9518 0.9226 0.9436 0.9525
ERGAS  431.9785  98.3936  210.1975  88.0881 90.3147 96.0397 88.0800
SAM 0.5147 0.1125 0.1993 0.0981 0.0999 0.1071 0.0991
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Figure 1. Comparison of PCC datasets by various denoising methods in Case 4 (Band 60)
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Figure 2. Comparison of the PaviaU_A dataset by various denoising methods in Case 5 (Band 103)
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Figure 3. PaviaU_A error plot of the dataset corresponding to Band 103 in Case 5
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Figure 4. All algorithms in Case 5 PaviaU_A spectral curves on the pixels (188, 80) of the dataset. The horizontal axis is the
band, and the vertical axis is the numeric value
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Figure 5. The denoising images of the Urban dataset under different denoising methods (Band 207)
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