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Abstract

In the process of capturing and transmitting remote-sensing images, a large amount of noise is gener-
ated. Gaussian noise and salt-and-pepper noise are two common types of noise. Current denoising
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algorithms generally have problems with edge blurring when removing such mixed noise. To ad-
dress this problem, we propose a new method based on a group sparse mixed model to remove
mixed noise in remote sensing images. Firstly, the sparsity of patch groups is improved through
bilateral matrix multiplication. Then, a patch group-based mixed noise denoising framework is pro-
posed based on the assumption of patch group independence. Then, the auxiliary variables, esti-
mated images, and salt and pepper noise are optimized and solved separately. Finally, the denoised
image is obtained by aggregating patch groups. Experimental results show that the algorithm in this
paper can effectively remove Gaussian noise and salt-and-pepper noise in remote sensing images
and has higher values of PSNR, SSIM, and FSIM compared with several popular algorithms.
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TR AN 7 B AR OUR, R AT 280 B AR R 1045 5 AT S ORI 22 1 — T 00 B
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A B3 AU R TR 7] FE TR J73:8] [9]. Heirh, 4L (Group Sparsity Model, GSM)
TEEUE BT T ERRT), BETRimi2m 0 BB 20 7 15 R U R - o BUG #EAT #i i o e, 1 1
BIE G BB &, s EERGMBE R G M2 [10]. M6 7305 1 80%, Xu 558 A[11]
P TR TARR SRR R R RGBS, WK R T R L. A RS R S
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Figure 1. The influence of U and V on M in bilateral matrix multiplication
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Figure 2. Flow chart of Group Sparse Mixture Model for removing mixed noise
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Figure 3. The influence of parameter size on evaluation indicators
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Figure 4. Clear images used in the experiment
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Table 1. Average PSNR, SSIM, FSIM values under different noise levels
# 1. FEIEFEKFETEFY PSNR, SSIM, FSIM #{&

g 75 7K 7
[0 L S 7

GRAEEL A Initial Two-Phase ~ MBM3D WESNR  MGSMM A& J7k

PSNR 13.7861 19.0326 25.9214 28.2155 27.5651 27.6455

S=10% SSIM 0.1411 0.2715 0.7252 0.7852 0.7669 0.7736

FSIM 0.7041 0.8282 0.8712 0.9118 0.9103 0.9125

PSNR 12.4774 19.0941 25.5669 28.0216 27.1713 27.2734

=30 S=15% SSIM 0.1112 0.2727 0.7193 0.7808 0.7551 0.7623
FSIM 0.6611 0.8238 0.8665 0.9108 0.9050 0.9056

PSNR 11.5025 19.1314 25.2011 27.7671 26.6328 26.7906

S=20% SSIM 0.0894 0.2732 0.7104 0.7761 0.7365 0.7447

FSIM 0.6262 0.8172 0.8616 0.9091 0.8955 0.8961

PSNR 13.0009 16.6900 25.0422 25.9512 26.4804 26.7479

S=10% SSIM 0.1191 0.2002 0.6937 0.7175 0.7293 0.7393

FSIM 0.6785 0.7726 0.8514 0.8903 0.8897 0.8946

o =40 PSNR 11.9134 16.7511 24.7526 25.4454 26.1057 26.3581
S=15% SSIM 0.0962 0.2010 0.6859 0.6997 0.7132 0.7245

FSIM 0.6420 0.7656 0.8463 0.8846 0.8813 0.8856
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PSNR 11.0709 16.7967 24.4515 24.9506 25.5897 25.8393

S=20% SSIM 0.0800 0.2014 0.6765 0.6822 0.6895 0.7008

FSIM 0.6116 0.6644 0.8408 0.8777 0.8688 0.8734

PSNR 12.2316 14.9357 24.2706 21.5022 25.6400 25.9505

S=10% SSIM 0.1013 0.1551 0.6663 0.5449 0.6943 0.7090

FSIM 0.6536 0.7254 0.8334 0.8168 0.8693 0.8765

PSNR 11.3337 14.9788 24.0117 20.3671 25.2201 25.5573

o =50 S=15% SSIM 0.0868 0.1559 0.6575 0.5022 0.6743 0.6918
FSIM 0.6280 0.7193 0.8280 0.7936 0.8588 0.8669

PSNR 10.6144 15.0127 23.7252 19.3327 24.6975 25.0552

S =20% SSIM 0.0713 0.1554 0.6468 0.4635 0.6465 0.6666

FSIM 0.5960 0.7103 0.8200 0.7677 0.8441 0.8540
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Figure 5. Comparison image of different noise levels in different scenes
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