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Abstract: Objective Existing image inpainting methods fail to achieve effective bidirectional interaction between structure
and texture information, resulting in issues like texture blur and structural distortion when repairing images with large
missing areas or complex textures. Methods A two-stage network image inpainting method was proposed, employing a
bidirectional coordinate attention fusion module and a Fourier feature aggregation module. Firstly, the damaged image was
subjected to structure reconstruction and texture synthesis using structure encoder-decoder and texture encoder-decoder,
generating preliminary inpainting results. Subsequently, the coarse inpainting result was input to a refinement inpainting

network, where the bidirectional coordinate attention fusion module and the Fourier feature aggregation module were
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utilized to repair the internal texture details of the image. To enhance global consistency, the bidirectional coordinate
attention fusion module was designed to facilitate bidirectional interaction between structure and texture information.
Additionally, the Fourier feature aggregation module was designed to capture global contextual information, enhancing the
correlation between local image features to obtain fine inpainting results. Moreover, dual-stream discriminators were
employed to estimate the feature statistics of structure and texture, distinguishing between original and generated images.
Results In experiments conducted on the CelebA-HQ dataset, compared with four image inpainting methods, qualitative
results indicated that face images generated by this method were clearer and more natural; the quantitative results showed
that this method outperformed the contrastive algorithms in peak signal-to-noise ratio, structural similarity index, and
Fréchet distance. Ablation experiments on various modules of the model also validated the effectiveness of the proposed

innovations. Conclusion Therefore, the proposed method effectively restores damaged face images, especially generating

images with reasonable structure and clear texture even under large occlusions.

Keywords: image inpainting; two-stage network; generative adversarial network; deep learning
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Fig.4 Qualitative comparison of different models on the CelebA-HQ dataset
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Table 2 Quantitative comparison of different models on the CelebA-HQ dataset

PR B A 1% ~10% 10% ~20% 20% ~30% 30% ~40% 40% ~50% 50% ~ 60%
RFR 17.326 0 29.720 1 38.960 3 45.408 6 61.965 7 91.272 0
PRVSP® 4.779 2 16.983 9 20. 146 9 28.183 4 40.102 7 66. 960 3
Fry CTSDG!™! 0.280 1 1.276 7 2.984 9 3.978 3 5.882 4 9.014 1
HAN! 1.686 3 1.778 1 3.680 5 4.020 4 5.747 4 10.130 3
ATk 0.246 4 1. 060 2 2.384 5 3.2374 4.948 5 7.570 1
RFR"" 37.353 8 29.654 7 25.683 5 24.762°5 22.128 9 20.775 2
PRVSP® 37.459 0 28.817 2 25.260 0 23.810 8 21.260 8 19. 386 2
Proxi CTSDG'®! 44.598 3 35.588 4 30.142 9 28.653 4 25.795 5 23.9219
HAN! 38.879 3 33.764 5 29.053 8 27.907 8 25.3259 23.361 3
ATk 45.333 5 36.380 1 30.918 7 29.424 1 26. 617 2 24. 660 4
RFR"" 0.980 0 0.909 1 0.8253 0.767 5 0.681 9 0.610 0
PRVS!?® 0.9819 0. 903 6 0.809 1 0.749 3 0. 654 3 0.547 4
Sssiu CTSDG'?! 0.995 8 0.973 5 0.924 7 0.892 7 0.839 3 0.786 6
HAN! 0.985 3 0.959 4 0.907 0 0. 880 6 0.830 1 0.773 8
ATk 0. 996 2 0.976 0 0.9315 0.901 8 0.854 6 0.804 4
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Fig. 5 Qualitative results of ablation experiments
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Table 3 Quantitative results of ablation experiments

A5 55 P 20 A Prsxr Sssim Fryp
(a) ko 25.6277 0.8332 6.5262
(b) B +Bi-CAF 25.924 3 0.8438 5.6929
(c¢) B E+FFA 26.4474 0.8501 5.2171

K E+Bi-CAF+FFA
(d) 26.0419 0.8460 5.5231
( % FDFF)
K E+Bi-CAF+FFA
(e) L 26.6172 0.8546 4.9485
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