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Abstract

Impulse noise has a significant negative effect on the quality of remote sensing image. It can de-
stroy the continuity of image, reduce the visibility and sourcing circumstances of image, and affect
the application effect of remote sensing image. By fusing adaptive median filter and group sparse
model, a new model based on improved overlap group sparse model is designed to eliminate im-
pulse noise and gradient artifacts in remote sensing images. Since the model presented in this pa-
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per is non-convex, we use the maximum-minimum (MM) method and the alternating direction
multiplier (ADMM) method to solve the model. Experimental results show that the proposed mod-
el outperforms the other four algorithms in Peak signal-to-noise ratio (PSNR) and structural simi-
larity (SSIM).
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4. BUESCIE

ASCSLESFR A A Matlab2021a #FdEAT, HER(E RS0 Windowsll, ffFF574 Intel(R)
Core(TM) i9-12900H CPU @2.50GHz 4bFE#%. 32GB RAM. FATEA KI5 AMF [1]. NNFM [10].
lo-TV [25]LA 2 10-OGSTV [28] 77 AT L, JRanth T HUASE A, LATE W T Hh i) 020 e Sk B AR 1k A2 1)
AR, predl A BRIk 5 AID BdEE A 1 Bk,

(a) Image 01 (b) Image 02 (c) Image 03

(g) Image07 (h) Image 08 (1) Image 0

Figure 1. Test images of different scenarios
B 1. FESHRENSEE.

4.1. BHRE
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NTEREIRARI AR K, BATHAT T Bk Ky 30% ) M sss, (/7 “lamge0l”
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MSHREIEMASE A, EEMS XERTERE EERER, ZEDR TR E G 5 DU A K. 8

WO TR A IR £ BR, HAEAE[0.10, 1.10] 2 [,
4.2. SKWERR S

PEA LB, FRATTHAS [RIFE BE R Bk b 75 A5 2 1 LI 600 x 600 14318 8 B o WXy B A g 7 7K S
539 10%. 20%- 30%7F1 40%. 50%. 60%, IXLEfE KN EUE R ESIA G R E . Frigdrik
(T 2 5033 e R 2. FRATEE N Tik# 1, -TV AN, -OGSTV MIEMIL 2L, LAMESE R AL
PSNR #1 SSIM H, If BASCRAHE &N T, 3153 7 TS PSNR A1 SSIM 18, W& 1~9.

@ 1-Tv (e) 1,-OGSTV (f) OURS

Figure 2. Comparison of the effects of different methods for remov-
ing pulse noise (ND = 20%) (Image 01)
2. R ERBREK AR (ND = 20%) I3 R %T EE &l (Image 01)

) 1,-TV (e) 1 -OGSTV (f) OURS

Figure 3. Comparison of the effects of different methods for remov-
ing pulse noise (ND = 40%) (Image 07)
3. REIF5ERBRECHIRF (ND = 40%) A% R FEL &l (Image 07)
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Figure 4. Comparison of the effects of different methods for remov-
ing pulse noise (ND = 60%) (Image 06)
B 4. RE)F5EXBREKHRIEER (ND = 60%)HI3R %3 EL Bl (Image 06)

Table 1. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 01)
= 1. FRIEEENREZEE KT (10%~60%) T HITEM 154725 R (Image 01)

ND (%) AMF NNFM I, -TV l, -OGSTV OURS

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

10 38.4469 0.9795 37.0155 0.9795 39.1986 0.9773 40.2316 0.9807 40.5041 0.9812
20 36.3300 0.9692  34.7247 09635 37.1661 0.9650 38.3233 0.9697 38.4669  0.9701
30 342040 0.9533 33.2774 09479 355964 0.9514 36.8031 0.9581 36.9756  0.9587
40 323750 0.9313 32.0492 0.9317 342540 0.9361 35,5110 0.9452 35.6428  0.9459
50 30.6287 0.9025 31.1041 0.9145 32.8005 0.9162 34.1228 0.9291 342589  0.9299
60 28.1191 0.8524 30.0880 0.8933 31.2787 0.8894 32.6681 0.9087 32.7858  0.9094

Table 2. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 02)
2. FRIEEEREZEKF(10%~60%) T BIIEMN e HRLE R (Image 02)

ND (%) AMF NNFM l, -TV l, -OGSTV OURS

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
10 347434 09609 40.7337 0.9889 35.8879 0.9675 36.8458 0.9724  36.8946  0.9723
20 33.1834 09489 31.3989 0.9350 33.9403 0.9507 34.8905 0.9577 34.9791  0.9580
30 31.3401 09297 30.3571 0.9270 32.5329 0.9349 33.6546 0.9449  34.8405 0.9449
40 29.6708 0.9020 29.1564 0.9039 31.4210 09179 324779 09300 324656 0.9301
50 28.1027 0.8663 28.1759 0.8791 30.2811 0.8970 31.3247 0.9117 31.2956 0.9118
60 259320 0.8085 27.2608 0.8519 29.0201 0.8699  30.1303 0.8904 30.0525 0.8898

Table 3. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 03)
5 3. FRIERENREZEE KT (10%~60%) T HITEMN 54745 5 (Image 03)

ND (%) AMF NNFM I, -TV l, -OGSTV OURS

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

10 38.1864 0.9831 36.7964 0.9858 37.4577 0.9805 40.0167 0.9863 40.2065 0.9865

DOI: 10.12677/aam.2024.137337 3536 I3RS


https://doi.org/10.12677/aam.2024.137337

qu
Uk

gk
20 35.4793 0.9740 339972 09721 348694 0.9676 37.5283 0.9768 37.7201 0.9770
30 33.1512  0.9605 32.3487 0.9587 33.2388 0.9558 35.8514 0.9679 36.0107 0.9683
40 31.0538 0.9416 30.9422 0.9441 32.1069 0.9426 34.4933 0.9575 34.6443  0.9580
50 29.1681 0.9169 29.6984 0.9277 30.8585 0.9271 33.1024 0.9454 33.2076  0.9460
60 26.8051 0.8689 285994 0.9086 29.3191 0.9019 31.4362 0.9261 31.5489 0.9272
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HUTE DL Sl AR R AR, VIR A AELE . AT LU ] 2(d) R 2(e) [ 1,-TV J5iEA |,
-OGSTV X} T UG KM% BIE R /- I SR B R, (2 BRI T A EAE DN 7 T ARATTHE
(75 AR bRl DAL BB AR B O 5, ELRETE A S0 A, JF BLZE PSNR F1 SSIM {5
THEWFEE, W& L

T I 0o P VAT R )34 S X AT R e A, anfE] 3(b) AR 3(c)F, W LA H A SRR K 75 v
TEE R E B G T T AMF I NNFM J7i%. (EfHERRZ, AMF F1 NNFM J7 35 (1 Ab 3 2
PG o DX AT SR A7 AE M 7, T WL 1) 3(dl) FH ] 3(e) w] LAt 1, -TV HiT 1, -OGSTV J7 ik Al LATE - 2%
Brugrs, (HRIEIDGIXIRIREAENT . Heah, 18] 3(R)E MR, A ST 5 Jt 5 T fkob
MEFE, RIROREE T EIGIL GO, BAEVFIRARIBUE A A, WA 7.

Table 4. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 04)
%= 4. FRIBEETR R E K F(10%~60%) T BIIFM H5FRLE R (Image 04)

ND (%) AMF NNFM l,-TV l, -OGSTV OURS

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
10 413157 0.9884 39.9195 0.9897 426721 0.9901 443479 0.9926 445195 0.9928
20 38.8005 0.9825 37.1438 0.9799 40.4333 0.9839 42.0974 0.9877 42.2395 0.9879
30 36.4474 09732 355556 0.9709 385943 0.9774 40.3680 0.9825 40.4638  0.9827
40 343230 0.9599 34.3858 0.9621 36.9858 0.9691 38.9577 0.9767 39.0587  0.9770
50 323132 0.9412 334305 0.9520 355324 0.9586 37.3699 0.9684 37.4109 0.9686
60 29.0613  0.9023 324219 09399 33.8233 0.9429 35.6010 0.9568 35.6275 0.9570

Table 5. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 05)
= 5. FRIBEER R E K F(10%~60%) T BIIFM H5FRLE R (Image 05)
ND (%) AMF NNFM I, -TV I, -OGSTV OURS
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
10 33,5803 0.9745 31.2754 0.9764 36.7674 0.9905 40.2322 0.9951 40.6434 0.9953
20 30.9291 0.9618 29.0455 0.9750 32.8990 0.9781 36.1621 0.9880 36.3551  0.9882
30 28.6557 0.9420 27.4577 0.9363 30.6116 0.9619 33,5725 09776 33.6674 0.9779
40 26.6557 09156 26.2591 0.9156 28.7185 0.9414 31.2130 0.9624 31.1873  0.9623
50 25,7917 0.8795 25.2685 0.8927 27.1551 09145 29.3214 0.9415 29.1802  0.9405
60 23.0405 0.8208 24.2825 0.8658 25,5741 0.8765 27.5299 0.9131 27.1971  0.9099
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Table 6. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 06)
= 6. FRIBEER R E K F(10%~60%) T BIIFM H5FRLE R (Image 06)

ND (%) AMF NNFM l, -TV l, -OGSTV OURS

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

10 30.2816  0.9228 26.8233 0.9035 36.1704 0.9853 37.6296 0.9891  37.7927  0.9893
20 28.7402 09033 25.7886 0.8699 325357 0.9637 34.0084 09732 34.1159 0.9734
30 26.7880 0.8691 24.8674 0.8348 30.0446 0.9340 31.4417 0.9495 315436  0.9499
40 253026  0.8250 24.0212 0.7977 28.2199 0.8943 29.4656 0.9149 29.5419 0.9154
50 23.7812 0.7682 23.2583 0.7568 26.5512 0.8426 27.7201 0.8685 27.7858  0.8692
60 222113 0.6922 224616 0.7102 25.0505 0.7761 26.1940 0.8114 26.2189 0.8119

i A 4 s I BB R S TGRS i, AT AR, A FUdR I 5 Al S b
BAGANTHRI A, RFHAIE. AMF I NNFM 7 VA fE R BRI S [ R R A DR, IR R
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Table 7. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 07)
R 7. FRIBEETR R E K F(10%~60%) T BIIFM H5FRLE R (Image 07)

ND (%) AMF NNFM l, -TV l, -OGSTV OURS

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

10 38.6161 0.9809 35.3577 0.9751 40.6558 0.9846  42.1039 0.9883 422142  0.9885
20 36.0397 09691 33.6355 0.9594 38.3553 0.9754 39.8262 0.9808 39.9405 0.9811
30 33.7753 09517 324033 09431 36.5690 0.9653 38.0976 09726  38.1587  0.9729
40 317791 09272 31.2754 0.9265 35.0286 0.9527 36.5913 0.9632 36.6395 0.9635
50 30.0133 0.8954 30.3078 0.9076 33.4074 09359 350240 0.9505 35.1016  0.9511
60 27.3885 0.8421 29.2087 0.8844 31.5860 0.9108 33.3808 0.9335 33.4590 0.9343

Table 8. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 08)
5 8. NREIEEENREZEE KT (10%~60%) T EITEM #5474 5 (Image 08)

ND (%) AMF NNFM l,-TV l, -OGSTV OURS

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

10 42.4882 0.9907 36.8547 0.9860 43.5801 0.9894 451743 0.9919 45,6352 0.9921
20 39.4442  0.9849  35.3957 0.9777 41.4466 0.9840 43.0504 0.9875 43.5852  0.9884
30 37.0059 0.9754 34.1668 0.9678 39.8384 0.9781 41.6387 0.9831 42.0620 0.9841
40 32.6700 0.9630 33.1096 0.9571 38.1855 0.9713 40.4359 0.9788 40.7819  0.9796
50 32.6720 0.9443 321961 09482 36.8176 0.9629 39.1907 0.9730 39.3935 0.9739
60 29.6331 0.9068 31.5237 0.9345 34.8508 0.9506 37.3188 0.9650 37.7388  0.9662
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Table 9. Evaluation index results of different algorithms at different density levels (10%~60%) (Image 09)
%90, NEIEEEREEE KT (10%~60%) FHIIFMN HE4745 R (Image 09)

ND (%) AMF NNFM I, -TV I, -OGSTV OURS

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

10 33.6372 0.9521 28.8733 09516 35.8022 0.9663 37.0898 0.9724 37.1080 0.9725
20 31.3748 0.9355 27.7039  0.9237 33.4953 0.9467 34.9315 0.9561 34.9842 0.9563
30 290.2126 09085 26.7600 0.8965 31.7315 0.9248 33.1468 0.9378 33.2321  0.9380
40 273701 0.8728 25.8908 0.8666 30.1865 0.8996 31.6362 09170 31.7218 0.9174
50 25.8212 0.8273 25.0977 0.8348 28.7745 0.8682 30.2326 0.8917  30.3473  0.8921
60 23.8153  0.7569 24.1709 0.7964 27.2301 0.8269 28.6359 0.8586  28.7093  0.8592

5. &g
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