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Abstract

Atmospheric turbulence causes blurring and distortion in atmospheric optical transmission data,
affecting imaging quality and subsequent analysis and processing. To better restore distorted im-
ages influenced by atmospheric turbulence, this study proposes an atmospheric turbulence degra-
dation image restoration algorithm based on a physics-inspired deep neural network. By combining
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a pyramid structure and attention mechanisms, the accuracy of feature extraction is enhanced,
thereby improving the quality of the restored images. Degraded images are simulated using a tur-
bulence simulator, and prior information about atmospheric turbulence degradation is extracted
to improve the restoration effect. Experimental results show that this study effectively enhances the
visual quality of imaging and reduces blur and geometric distortion in atmospheric optical trans-
mission data under weak and moderate turbulence environments.

Keywords

Pyramid Attention Mechanism, Atmospheric Turbulence, Image Restoration, Turbulence
Simulation, Physics-Driven

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/

1. 518

TRIESIHAR AR LR, BEHAE AP s Re, TN A N TR R A% O 4
R o TRIE S ST AL 8 S A P 4 22 X 24 B A) , T DA SIS % 000 P 6 B8 AR AE B 5 5 A =y e
T H AR F G AL AN AU SIS T B . RGBSR i, YR ARSI T T T
THRFIEAN ST L B0, SRR B2 2% S B B K B i 7 BB 90 25 HARAs . MR AR . MG SR T %%
T45 HI A B BUEFORE P o R ) A 1 UG ST DR AU, 1R B 2% ) BRI Y SR IO L A A 43 7 Y P i K
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TR — MR TR E R EI G, e BRI R A T WS B . it I AR E AR 1
ISR W AR RO B 75 45 R R, AR PR T BRI PR R [1] [2]. KA A I8 I AN ) < 3h
SR AL TR R AR ARk, AT B0 0 A e S, 27 R 3 AR B & B b 0 UL LA 45
FIRIIE R [3] o X PRI GAE Z AU R AR R T HhAR, BLHE RS @I, EPG A s RSO
VAW 55 o it AR A B AE I e AU F H I, 7 SR T AR U IR A S A AR o b Ak B
JEHRTE = HEER B T sRAWE I 52 T, AR IR ) S R AR U B

TERHAM TAE R, 0 0 2% BUG A 59 I B 40 98I 7732 (Wiener Filter). & 2:45#{(Blind De-
convolution). IEMISAR LGN LTI L. RN, XEFETEKBEGHARER, KRanEE
KA ER M . RS UG EA Aokt , (055 0 UG ATY AT 5 52 2 AR BRAT 5 A AR 2 G ] A 6%
BTSN o 6 A5 TR B 2 2] R DRUE R e, B B3N 1 MG A BE A AR BUAR T B 2 idk Je, 91l n AR A 28 I 4% (CNIN)
TERIG a0 SO ANHE 23 230 S AT 55 P B RIS M I T A5 4875 [4]-[7]. Dong 5[8]#2&H: T SRCNN 15
B, 3 S B S R A O R AR B PR R . He SE[9]4¢ H ) ResNet Y IH IS 5 NFRZE 57 ST, #lK
Tt T IR 2 SR MR A B RE 7 . Hirsch 510142 1 “Efficient Filter Flow” 757k, RAZWE K&
BEE RN I B RS2 . Anantrasirichai N [1L1]30 1 #4 g R B AR i 22 I 2 AR, R S A A AR SR B K
i R B A AL B o IRBE S S HORTE Rimiio e UG AU E I T BRI ), (Bl Timiim s E s
FebE, SMOTEEE AR S H IR R M.

R IHUHI I R R br 3G AR A B AT — I EE R G, I8 I 38 A 2 o} G OG B IX S OG0, i
A RO R T L MERE . Vaswani S5 [12]32 HVE = JIHLHITE F AR TE 5 A3 AN TSR LA 5 ST B A 7 2
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Figure 1. Pyramid attention network based on physics-inspired mecha-
nism
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Figure 2. PA-block structure
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Figure 3. Restoration results of turbulence-degraded images in numerically simulated weak turbulence environment
by different models
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Table 1. PSNR and SSIM results of different models for turbulence-degraded image restoration in numerically simulated weak
turbulence environment

# 1. TEERHEREL SRR ERRIREIR SR PSNR #1 SSIM 4551

TR PSNR SSIM
Wiener 33 12.361 0.551
TR 14.010 0.677
Turn-Net 25.384 0.738
Ours 25.943 0.891
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Figure 4. Restoration results of turbulence-degraded images in numerically simulated moderate turbulence environment by
different models
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Table 2. PSNR and SSIM results of different models for turbulence-degraded image restoration in numerically simulated
moderate turbulence environment
= 2. TEER M BUERL PR R IR RRIR L EIR S JRA PSNR F SSIM 45

(e} PSNR SSIM
Wiener J i 13.594 0.634
BUIN ¥4 14.810 0.668
Turn-Net 26.034 0.864
ours 26.512 0.935
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Table 3. PSNR and SSIM comparison results of ablation experiments
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Figure 5. Comparison of ablation experiment results
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