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Abstract

The random variation of optical path length induced by atmospheric turbulence effects leads to se-
vere geometric distortions, pixel-level jitter, and dynamic blur in image sequences captured by im-
aging systems at long distances, which significantly hinders high-level semantic understanding and
application of the images. To address the limitations of traditional physical model methods, which
rely on strong prior assumptions and are computationally intensive, and the shortcomings of exist-
ing 2D deep learning methods in effectively utilizing spatio-temporal correlations, this study pro-
poses a spatio-temporal residual-aware Wasserstein Generative Adversarial Network (GAN) based
on a 3D non-local attention mechanism for blind restoration of atmospheric turbulence-degraded
image sequences. The algorithm innovatively extends the non-local attention mechanism to the 3D
spatio-temporal domain, capturing cross-frame and long-range spatial dependencies within video
sequences by constructing a full spatio-temporal affinity matrix, thereby effectively correcting non-
rigid geometric deformations. To tackle the issue of quadratic growth in computational complexity
associated with high-dimensional feature interactions, a spatial sub-sampling strategy is intro-
duced into the key and value transformation paths of the attention mechanism, significantly re-
ducing the computational burden while maintaining a global receptive field. Furthermore, the
network integrates a temporal alignment module using deformable convolutions and a spatial
attention enhancement module to address the temporal inconsistency caused by turbulence. For
the optimization objective, a combination of perceptual loss, pixel-level mean squared error loss,
and Wasserstein adversarial loss is employed to guide the generator in reconstructing clear images
with both structural fidelity and high-frequency texture details. Experimental results demon-
strate that the proposed method achieves superior restoration performance on both synthetic
turbulence data.
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Figure 1. Overall architecture of the TSR-WGAN framework incorporating the 3D non-local attention mechanism
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Figure 2. Internal logical topology of the 3D Non-local module
[& 2. 3D Non-local 23R A ERIZEIRTMNE

DL 2 R BRI R EIE SR, AR 0 5 B NRHIE X WU A B R AE Q e RPN Hoo
C'=C/16 JFE4ES @4 B ¢ 7= A BARFAE K e RO, (A8 g A BUERFIEY e REPCTHW

TEESBUER TR R B WAL S AR R R SRE SRR . e Q M K B0 — AR, AR
Ja T SEAR U R -

S = QTK c R (TXHAWX(TxHW) (8)
23 softmax 41— R B ENEE ABERRE A, o SERAEV ARG 215 55 5 1 I 22 RHIE .

2.3.3. FRAEMRALTREE
JFEAG 3D Non-local #EAEMITHEE A4S, A SCAEHEAR e ¢ #5452 51N 25 18] 7R A SRS o 125K 2 T
IR SRR B SRR A 23 [R) 0 P SR BOR AN A 8%, T 3 AR 2 ) 0 SR P T AR S
BERE.
BRARBERFIE A K e RECTHW | FoRBE G M BAAE K, 3885 2% 1) fe At Ak 1 3145 -
Ksub — MaXPOOszZ (K) c RBXC'XTXH/ZxW/Z (9)

X AR S ARFAE ) 23 TRV AR DY, AT S 25 PRI R U BT ST SRR . SRR T S S 2
%O((T xH xW)z) » TREEEFACE O((T xH xW ) x (T xH/2xW/2)) o

TRAE HEE BB AR IR AE T VE R U B A PR o VRS 3 S WURFAE ] f AR A, T
FRLnt A A AL BAE S o 38 B IR SRR IR 10 2% 1A) 7 B 0 R 0 A WO HE R VE SO A R, ]I BE 8 K MR
DRI

Hog b, X3 A DD TR N T — AR

A~ exp(0(X,) b (X,)/7)
| zgeXp(a(xi)T¢wb(xk)/T)

Horh g, RROE TREEMAEREL . SR RRY, VAR PRI A IR T, %
BT T SRR

(10)

DOI: 10.12677/aam.2026.154152 225 I3RS


https://doi.org/10.12677/aam.2026.154152

TR, S

3. SLIR4ER
3.1 BIRREFE THCRER ST

AT W ASHIE 5T 7 VA0 N T P DL A U B b A Sz 4 B L S a1 TN T T A e R AL SR
Sy A AR IR PR TR AL AT, DAP A B R AS I o R O B 5 R R . SE6
SR FH 415 e LE (PSNIR) 5 45 R AR i B (SSIM)AE A S8 VAN Fadm, 45 AR M R 45 i A P
HAT T
311 EELWLER

AR 5 AR, BAENNR S 1) PSNR 5 SSIM 4iit45 B 5l 1 fiors.

Table 1. PSNR and SSIM results under different turbulence conditions
F 1. PREIHREH T PSNR/SSIM 4558

MR/ PSNR (fi i) SSIM (fik i) PSNR (i) SSIM (i)
NG S 29.7536 0.9862 26.5832 0.9062

HIE 1, MWERZIRWTDOEER], FEE N TS BHGRZRIETH, PSNR 5 SSIM fatr ik 2 T
B VPR T RR AR S . R K. SR, FEPARA R S AF T, B RE sk
FEARN AR RE A M AL AT, R HLAE AN [R5 i B2 R By — JE IRk

312 RimAFHTHRRUEERER I
K 3 JoR TR A T IOARRIE R R R . 12261 T AR il B 2 AN s e A L, &
15 T A2 B A P8 % (WU RSHHH A =3 30 ) L AT 18 230 0 50

Figure 3. Restoration results under low atmospheric turbulence conditions
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Figure 5. Ablation study results: comparison of evaluation metrics and performance trend analysis
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Figure 6. Visual comparison of turbulence mitigation results. (a) clear reference image; (b) turbulence-degraded input image;
(c) restoration result of the Simple3DCNN model; (d) restoration result of the proposed model; (e) restoration result of the
pyramid fusion baseline model
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