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Abstract: In the context of laser interference in electro-optical imaging reconnaissance equipment, interference spots often appear in the
imagery. These laser jamming spots significantly degrade image quality and obscure target information, severely impacting detection and
tracking systems’ performance. For addressing laser jamming images in typical target scenarios, an inpainting network is developed based
on global semantic learning and salient object awareness. A gated semantic learning mechanism is specifically proposed. Initially, a
contextual attention mechanism is employed to establish long-range correlations between the interfered and known regions, enabling the
inference of content in the interfered regions. Then, a multi-scale feature aggregation module refines the inferred content across different
receptive fields, reconstructing rich semantic information in the interfered areas. Finally, a gating mechanism adaptively fuses features
from the known and reconstructed regions, enhancing the global semantic consistency of the restored image. Additionally, a salient target
consistency loss is designed to guide the inpainting network in perceiving salient targets, improving the sharpness of object contours and
texture coherence using a gradient penalty method based on the salient target mask. Experimental results in typical target scenarios such

as aircraft, bridges, and roads demonstrate that the proposed network outperforms other methods in generating visually realistic and
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complete content, with good generalization performance in dealing with complex interference spots.

Keywords :image inpainting; laser jamming; generative adversarial network ; attention mechanism; salient target
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Fig. 1 Real-world and simulated laser jamming spots under

different power levels
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Fig.3 The training process of generator and discriminator
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Table 1 The distribution of military image dataset
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Table 3 Quantitative results on LJA dataset

JEBE LA ~20%

FBE LA ~30%

JEBE LA ~ 40%

ik SSIM PSNR LPIPS FID SSIM PSNR LPIPS FID SSIM PSNR LPIPS FID
PConv 0.954 28.70 0.357 16. 17 0.922 25.42 0.519 30. 69 0. 890 24.09 0. 701 45.21
Deepfill-v2 0. 961 29.16 0.634 27.13 0.936 26. 49 0.526 43.22 0.907 24.38 0.714 66. 53
MEDFE 0. 950 27.18 0.358 20. 86 0.921 24.79 0.517 35.14 0. 884 22.91 0.703 53.43
CTSDG 0.977 32.35 0.286 10. 55 0.956 29.00 0.423 19.22 0.927 26.37 0.614 38.69
CoordFill 0.951 25.93 0. 490 30.09 0. 920 23.63 0.730 48.76 0. 882 21.91 0.993 72.91
AR 0.976 32.13 0.278 7.55 0. 956 29.01 0. 409 12.17 0.930 26. 50 0. 566 19.59
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Table 4 Quantitative results on LJABR dataset
. JEBE LA ~20% JEBE LA ~ 30% JEHE LA ~40%

Sk SSIM PSNR LPIPS FID SSIM PSNR LPIPS FID SSIM PSNR LPIPS FID
PConv 0.953 32.77 0.312 8. 80 0.925 30. 38 0. 450 13.85 0. 893 28. 54 0.613 20.97
Deepfill-v2 0. 966 35.12 0.361 13. 06 0. 945 32.58 0. 505 20. 96 0. 920 30. 54 0. 667 30. 40
MEDFE 0.948 31.77 0. 363 10. 59 0.917 29.40 0. 505 16.31 0. 882 27.57 0. 669 23.63
CTSDG 0.975 36.27 0.251 6.20 0. 954 33.22 0.362 11. 66 0.927 30. 67 0. 540 20. 53
CoordFill 0. 955 29.47 0.451 14.63 0.924 26.93 0. 658 22.65 0. 885 24.93 0. 895 32.56
AL 0.976 35.82 0. 256 4.76 0. 958 33.40 0.354 7.14 0.933 31.12 0. 489 11.49
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Fig. 8 Qualitative results on LJA dataset
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Fig.9  Qualitative results on LJABR dataset
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Fig. 10 Qualitative results on real-world laser spots
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Table 5 Ablation studies of the hyperparameter A, and
A, in equation (16)

A, Ay SSIM PSNR LPIPS FID

0 0 0.921 26.79 0.517 17.07
0.01 0 0.943 27.32 0. 464 15.44
0.01 1 0.953 28.63 0.418 13.98
0.1 5 0. 956 29.01 0. 409 12.17
0.1 10 0.954 28.74 0.426 14. 69

IR AL E S FEUEE BUSAERRE 2 AL TR,
R, A SCEBGE S EU(E R A,=0. 1,4, =5,

R T IR S A A o AR SRR 1) TR, AR SC 2R T
— BN AR 1) w/o GSLM, Hirr [ 4518 2 ST ML
NI 2% (14 it L 25 R M BR 5 2) w/0 Lywe \W/0 Lo F w/0
Livure » EATT5 5 AR v J2 B T BN JEAR—3L
PEBURG S — SR . AR SCAETA S5 B T IR
FET A UGB TR 4 B8 52 I 245 1 0 2 4 O AR 93 %
L, FXFPIR Loy 0 A CHE LIA BH 4 BV AR
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AR AR L I 57 SRR 2 ) ) 5 o M LR AR A SR
6 MK 11 fin, Z5RRW Pr A 28 AR 1) MR 5k
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B EUSTEALSE R R B S, X i T E AR R 2
AR AR R T 3ME B2 R DI IR % T
BEAT IR —FER K (W/0 Lo, ) B 652 00 K B A
A B SCHE (U 2O BE RS R T AL AL H BRI,
PR TR AR e P S 5 B A RAILIX 35 24 de 2 S — Bk
(W0 Lo ) BB 1) H b5 X 387 75 B 8 04 958 Bh
R, BT R ORI LS X T 1T O S 2T L
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Table 6 Ablation studies on critical architecture components and loss functions of our model

AR AR CLSM Lyere Lpape Lieusure SSIM PSNR LPIPS FID
w/0 GSLM Y v 0. 953 28.53 0.427 14.37
W/0 Ly, vV v 0. 943 27.74 0. 473 16. 62
W0 L e vV Vv 0. 952 28.67 0.414 12.55
W0 Lygviure vV Y vV 0.949 28.15 0. 441 14.33
Full Vv 2 VvV 0.956 29.01 0. 409 12.17

o D

Ground Truth  BOLTHEE wio L,

K 11
Fig. 11

w/o me wo L, .. w/o GSLM

TH S5
Ablation study
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Table 7 Model computational complexity statistics

FELAY #BHR/x10° GPU SH/GB HfEEEmFE]/s
PConv 25.78 2.1 0.072 4
Deepfillv2 4.05 1.0 0.069 1
MEDEF 130. 32 4.3 0.163 1
CTSDG 52. 14 5.8 0.364 8
CoordFill 34.40 1.3 0.096 9

Repaint * 552. 81 4.0 337.819 0
AL 57.58 1.8 0.036 8

o= AP gAY
3 % 1

P T R T A R S 2] L 3E AR IR Y
i 3 3 OG0 R B S W 4, T T 78 80 B bR 5t
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