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Image inpainting algorithm based on multi-feature fusion

Jiang Xingguo'? Li Ming'
(1. School of Automation and Information Engineering, Sichuan University of Science & Engineering, Yibin 644000, China;

2. Artificial Intelligence Key Laboratory of Sichuan Province, Yibin 644000, China)

Abstract: Aiming at the problems of poor structural consistency and insufficient texture details in the inpainting results
of existing image inpainting algorithms, an image inpainting algorithm based on multi-feature fusion was proposed
under the framework of generative adversarial network (GAN). Firstly. the dual encoder-decoder structure is used to
extract the texture and structure feature information, and the fast Fourier convolution residual block is introduced to
effectively capture the global context features. Then, the information exchange between structure and texture features
was completed through the attention feature fusion (AFF) module to improve the global consistency of the image. The
dense connected feature aggregation (DCFA) module was used to extract rich semantic features at multiple scales to
further improve the consistency and accuracy of the inpainted image, so as to present more detailed content.
Experimental results show that, compared with the optimal comparison method, the proposed algorithm improves
PSNR and SSIM by 1.18% and 0. 70% respectively, and reduces FID by 3. 99% on the Celeba-HQ dataset when the
proportion of damaged regions is 40% ~50%. On the Paris Street View dataset, PSNR and SSIM are increased by
1.17% and 0.50% , respectively, and FID is reduced by 2.29%. Experimentally, it is proved that the suggested
algorithm can effectively repair large broken images, and the repaired images have a more sensible structure and richer
texture details.

Keywords: image inpainting; generative adversarial network; fast Fourier convolution residual block; multi-

feature fusion
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Fig.5 Qualitative effect comparison of different methods on CelebA-HQ dataset
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Table 1 Quantitative comparison results of different methods on CelebA-HQ dataset

RIEERA A/ % PRVS RFR ICT CTSDG AOT-GAN Ours
10~20 30. 325 31. 234 32. 642 33. 142 31.925 33.284
PSNR A 20~30 27.569 28.735 28.935 29.213 28. 856 29. 624
30~40 25.158 26.167 27. 286 27.453 26.763 27.837
40~50 22.318 23.057 25.034 25.135 23. 864 25.432

10~20 0.926 0.958 0. 957 0.961 0. 956 0. 965

SSIM A 20~30 0. 895 0.912 0.919 0.928 0.917 0. 935
30~40 0. 817 0. 842 0. 881 0. 885 0. 868 0. 896

40~50 0.763 0. 808 0. 849 0. 852 0.832 0. 858

10~20 15. 62 8.43 3. 84 3.43 4. 89 3.25

20~30 19. 48 12. 58 7.69 4.73 9.55 4.42

FIDy 30~40 26. 32 16. 40 10. 28 7.58 10. 72 6.75
40~50 37.21 19. 83 14.73 9.77 15. 89 9.38

R 2 A EFETE Paris StreetView HiIEE FHESLRER
Table 2 Quantitative comparison results of different methods on the Paris StreetView dataset

BARIEEE WA/ % PRVS RFR ICT CTSDG AOT-GAN Ours
10~20 29. 259 30.532 30. 372 30. 879 29. 826 30. 765
PSNR A 20~30 26. 419 27.935 27.658 28.124 27.748 28. 562
30~40 24. 325 24. 453 24.274 26.531 25.153 26. 841
40~50 22.142 22.684 22.372 23.251 22.738 23.523

10~20 0. 873 0. 886 0. 884 0.933 0. 882 0. 936

SSIM A 20~30 0. 855 0. 865 0.861 0. 896 0. 858 0. 905
30~40 0. 794 0. 817 0. 819 0. 857 0. 823 0. 854

40~50 0.738 0.788 0.791 0.803 0.776 0.807

10~20 16. 41 8. 64 7.53 5.53 6.26 5.29

) 20~30 18.29 10. 53 10. 62 7.23 11. 28 6.58
FIDy 30~40 28.52 18.51 16. 77 9. 87 16. 43 9.52
40~50 41. 42 22.24 19. 49 12. 64 23.59 12.35
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Fig. 7 Qualitative comparison results of ablation experiments

R3 HOUXTHREEBLRER
Table 3 Quantitative comparison results of

ablation experiments

VRS PSNR 4 SSIM 4 FID ¥
w/o FFC 25.187 0. 854 9.74
w/o AFF 24. 846 0. 849 10. 27
w/o DCFA 24. 683 0. 846 10. 65
AL 25. 432 0. 858 9.38
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