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Abstract

The randomness and high contrast of impulse noise cause it to be difficult to predict and localize in
remote sensing images. In order to remove the impulse noise, this paper proposes a remote sensing
image restoration algorithm that integrates fractional-order total variational prior and overlapping
group sparse prior. The model adopts the Io norm as the data fidelity term to avoid the over-penal-
ization of the I1 norm, and utilizes the overlapping group sparse prior to eliminating the staircase
effect, while the fractional-order total variation prior can retain the edge and texture information
in the image more effectively. We use the majorization-minimization algorithm and the alternating
direction multiplier method to solve the problem and compare it with the three algorithms, LO-
OGSTV, HNHOTV, and LO-TV, and the experimental results show that the algorithm proposed in this
paper outperforms the other algorithms in terms of the peak signal-to-noise ratio and the structural
similarity.
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Figure 1. The difference between integer-order and fractional-order derivatives
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Figure 2. Clear images
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Figure 3. Restoration results of Gaussian blurred remote sensing image 1 with 10% impulse
noise under different models
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Figure 4. Restoration results of Gaussian blurred remote sensing image 2 with 10% impulse
noise under different models
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LO-TV

AICE:

4. BB 10%HIEF R SHMRMIEREIG 2 TR THERER

Table 1. Objective evaluation index of different models for recovering Gaussian blurred remote sensing images with 10%

impulse noise

#* 1 TRIEREREH 10%HHE AR SHTRIIE R ERH TN IR

) LO-OGSTV HNHOTV LO-TV Ours
image
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

1 31.8754 0.7925 31.8078 0.8033 30.9055 0.7464 31.9755 0.7998
2 28.3056 0.8357 28.6899 0.8426 26.6970 0.7792 28.8597 0.8455
3 30.7373 0.8450 30.5809 0.8455 28.86339 0.7866 30.8699 0.8500
4 30.4347 0.8637 30.5419 0.8623 28.5900 0.8134 30.6762 0.8670
5 31.9727 0.9494 31.7591 0.9406 29.4760 0.9253 32.0681 0.9480
6 31.4039 0.8600 31.4731 0.8593 27.7605 0.8017 31.5908 0.8644

Table 2. Runtimes for different models to recover Gaussian blurred remote sensing images with 10% impulse noise
F* 2. TEHEREFEEH 10%HkHIE S S ETiE s R ER HE TR 8]

IBAT I A /s

image

LO-OGSTV HNHOTV LO-TV Ours
1 6.36 22.71 9.97 9.71
2 7.68 17.33 11.12 12.19
3 8.39 24.04 10.97 12,51
4 9.48 22.88 9.25 13.30
5 7.87 22.28 1158 11.68
6 8.03 25.06 10.56 11.47
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LO-TV EN'E - #7 3

Figure 5. Restoration results of average blurred remote sensing image 3 with 20% impulse
noise under different models
E 5. &8 20%pkHIRERIS S RIZ R E G 3 ERRERE THERER

LO-TV ARSI

Figure 6. Restoration results of average blurred remote sensing image 4 with 20% impulse
noise under different models
E 6. &8 20%pkAIRERISSRIIZEREG 4 EFRERTHERER

Table 3. Objective evaluation index of different models for recovering average blurred remote sensing images with 20%
impulse noise
* 3. FRIEREREH 20%Rk iR AR SRHIE R E R Z WITMNIEIR

) LO-OGSTV HNHOTV LO-TV Ours
image
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

1 31.9709 0.7992 31.7406 0.8027 30.9898 0.7517 32.0352 0.8055
2 29.5968 0.8558 29.8082 0.8567 27.2664 0.7900 29.9403 0.8607
3 30.7822 0.8485 30.4126 0.8438 28.9657 0.7923 30.8464 0.8518
4 30.6301 0.8655 30.5869 0.8631 28.5704 0.8168 30.8226 0.8679
5 32.1153 0.9495 31.6951 0.9423 29.6930 0.9271 32.1809 0.9491
6 31.6260 0.8626 31.4814 0.8575 27.9299 0.8065 31.6925 0.8647
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Table 4. Runtimes for different models to recover average blurred remote sensing images with 20% impulse noise
F 4. TEERE RS H 20%EKHIEE §19 S R B E R MIZ TR ()

BATI (A

image

LO-OGSTV HNHOTV LO-TV Ours
1 7.24 22.73 10.94 9.88
2 10.24 22.67 13.74 14.61
3 9.25 23.00 10.28 13.51
4 10.17 22.65 10.72 16.03
5 9.72 22.17 10.08 11.70
6 8.31 22.72 10.51 11.69

Kl 5 FE 6 fEo 1 7E 2000450 £k M 75 AT ST AN [RIAR Y fr 2 1t L AOR B A RO . 7RIS 5, 3R
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PR E IR B R TR PR IF AR . #2158 6, LO-TV 76 /2 B Ak e IO 5%, HNHOTV £E 24 Inig
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Figure 7. Restoration results of motion blurred remote sensing image 5 with 30% impulse noise
under different models
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- AN ‘“E-_:_ i
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AL E
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Figure 8. Restoration results of motion blurred remote sensing image 6 with 30% impulse noise
under different models
8. &7 0%k AIEEEHIEMIERER 6 ZAENERTHERER

Table 5. Objective evaluation index of different models for recovering motion blurred remote sensing images with 30% im-

5. TRIEREEREH 0% A RS IR IIE R E R H =N IEIR

LO-OGSTV HNHOTV LO-TV Ours

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

34.0503 0.8852 32.0193 0.8366 33.2008 0.8601 34.0725 0.8833

33.9206 0.9349 30.9689 0.8876 32.3845 0.9178 34.0107 0.9367

32.4904 0.9016 29.8946 0.8576 31.2968 0.8780 32.5267 0.9019

34.4604 0.9403 31.6514 0.9056 32.5843 0.9262 34.5829 0.9408

35.0099 0.9666 30.2360 0.9161 33.4368 0.9634 35.1280 0.9693

34.8918 0.9290 31.0223 0.8682 29.6619 0.9014 34.9741 0.9306

Table 6. Runtimes for different models to recover motion blurred remote sensing images with 30% impulse noise
7 6. TEIMEEE R & H 30%EkAhE 5 E s R #IE R ERHIE TR )

image

BATIN ]S

LO-OGSTV HNHOTV LO-TV Ours
6.52 23.12 10.55 9.46
8.11 22.46 9.88 9.95
8.02 22.38 10.62 10.61
8.11 22.38 9.44 10.34
7.48 21.85 10.34 10.46
8.50 23.49 9.47 10.71
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