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Gradient-guided image inpainting algorithm based on diffusion models

Zhang Rongkai' Jing Mingli' Jiao Long’
(1. School of Electronic Engineering, Xi'an Shiyou University,Xi'an 710300, China;
2. School of Chemistry and Chemical Engineering, Xi'an Shiyou University,Xi'an 710300, China)

Abstract: Denoising diffusion probabilistic models (DDPM) have demonstrated powerful image generation capabilities
and have been successfully applied to image inpainting. While many recent approaches introduce structural priors to
assist the inpainting process and have achieved promising results, they still suffer from limitations in structural
integrity and the naturalness of texture details. often resulting in fractured or discontinuous regions. To address these
issues, this paper proposes a gradient-guided feature reconstruction algorithm based on diffusion models. Specifically,
the gradient map of the corrupted image is first restored to preliminarily reconstruct its structure and texture. The
restored gradient map is then used as generation guidance to assist the inpainting of the original image. Furthermore,
an efficient channel attention (ECA) module is integrated into the noise prediction network to enhance feature
interaction and improve the consistency of the reconstructed images. Experimental results show that compared with
state-of-the-art methods, the proposed approach achieves improvements of 3. 19% in PSNR and 2. 74 % in SSIM, and a
reduction of 8. 82% in LPIPS on the CelebA-HQ dataset. On the Places? dataset, it achieves gains of 0. 42% in PSNR
and 2. 81% in SSIM, with an 2. 75% decrease in LPIPS, demonstrating superior capability in structural restoration and
detail preservation for image inpainting tasks.
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Table 1 Quantitative comparison of different methods on the CelebA-HQ and Places2 datasets
Ho b ik CelebA-HQ Places?2
10%~20% 20%~30% 30%~40% 40%~50% 10%~20% 20%~30% 30%~40% 40%~50%

MEDFE  30.97 27.75 25. 36 23.47 29. 05 25.92 23.78 22.07

TFill 31.35 28. 32 26.02 24.21 28. 87 25.76 23.65 21. 54

RFR 30. 93 26.05 27.31 24. 28 27. 36 24. 95 22. 83 21.25

PSNR*A  LaMa 32.55 29. 31 26. 82 25.10 27. 45 24. 91 22. 84 21.31
CMT 33. 44 30.05 27.32 25. 41 29. 46 26. 22 23. 87 21.76

CoordFill  33.31 30.12 27.35 25.21 29.53 26. 31 24.03 21.25

AL 34.37 30. 54 27.70 25. 44 29.47 26.31 24.13 21. 69

MEDFE  0.971 0.943 0. 908 0. 865 0. 941 0. 888 0. 825 0. 752

TFill 0.975 0.951 0.925 0.912 0. 957 0.916 0. 865 0. 804

RFR 0. 944 0. 906 0. 861 0. 812 0. 929 0. 892 0.831 0.756

SSIM4  LaMa 0.976 0. 962 0. 899 0. 850 0. 943 0. 902 0. 848 0. 784
CMT 0. 983 0. 966 0. 950 0.913 0. 962 0.953 0. 875 0. 809

CoordFill  0.981 0. 964 0. 942 0.911 0.963 0.924 0. 879 0. 818

AL 0. 986 0.973 0.957 0.938 0.972 0.927 0. 887 0. 841

MEDFE  0.032 5 0. 055 2 0.080 9 0.111 2 0.063 1 0.105 3 0.150 5 0.201 2

TFill 0.028 1 0.058 5 0.095 1 0.125 4 0.071 1 0.080 5 0.121 6 0.160 5

RFR 0.037 6 0.086 3 0.105 4 0.139 2 0.052 4 0.083 4 0.114 5 0.145 6

LPIPSy LaMa 0.047 1 0. 065 2 0.102 9 0.136 9 0. 045 2 0.082 5 0.124 5 0.168 9
CMT 0.028 3 0.054 0 0.083 7 0.127 2 0.035 6 0.068 5 0.106 2 0.152 0

CoordFill ~ 0.027 9 0.053 8 0.088 4 0.120 3 0.049 5 0. 067 4 0.103 8 0.145 6
A3 0.027 5 0.052 1 0.080 6 0.113 8 0.039 1 0. 065 4 0.104 2 0.141 6
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Fig.5 Qualitative comparison of different methods
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