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Abstract: A face inpainting model based on the denoising diffusion probability model is
proposed aiming at the problems of poor image quality, blurred repair edges, complex model,
and difficult training of the mainstream face inpainting model after image inpainting. By
improving the denoising diffusion probability model , the U-Net network structure in
Guided-diffusion is adopted. The fast Fourier convolution is introduced into the network, and
then the model is trained and tested on the CelebA-HQ high-definition face image dataset. The
experimental results show that the improved denoising diffusion probability model can achieve a
PSNR of 25.01 and a SSIM of 0. 886 compared to the original image, when inpainting face
images with random mask, both of which are better than the model before improvement and the
existing face image inpainting model based on generative adversarial networks.
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Fig. 1 Experimental flowchart
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Fig.2 Denoising diffusion probability model
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Fig. 3 Fast Fourier convolution
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