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A Face Inpainting Algorithm with Local Attribute Generative Adversarial Networks
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Abstract Recent researches in neural network models have shown great potential in image inpainting
task, which focuses on understanding image semantic information and reconstructs missing image
content. These researches can generate visually reasonable image structures and textures, however,
they usually produce distorted structures or blurry textures that are inconsistent with the surrounding
areas, especially for the face inpainting task. The face inpainting task is often necessary to gene the
advantages of fully connected convolution and U-net network, and the model proposes locally
attributes discriminator to make the inpainted contents more innovative and is able to keep the global
and local semantic consistency. The model not only improves the perception of the overall semantic
information of the face image, but also restores the key parts of the face based on the local attributes.
Experiments on the CelebA dataset have shown that our model can effectively deal with face image

repair problems and generate novel results.
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F, is the result using only the FU-net, and Fj is the repair after adding
the local attribute discriminator. For the overall restoration of the image,
F; is slightly superior in detail. However, the difference between the local
reduction effect (eyes or mouth) is obvious, which also reflects the role
of the local attribute discriminator.

Fig. 2 Effect improvement display
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Fig. 4 Inpainted result
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Table 1 Comparison Results Based on PSNR
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Input FU Ours CE FG
01 19.90 20.04 18.6 20.0
02 21.39 21.41 18.4 19.8
03 19.87 20.35 17.9 18.8
04 20.92 20.94 19.0 19.7
05 20.57 20.92 19.1 19.5
06 18.70 20.02 19.3 20.2

Note: The best results are bold.

Table 2 Comparison Results Based on SSIM
F2 ETF SSIMIEMIERMITLER

Input FU Ours CE FG
o1 0.730 0.740 0.772 0.824
02 0.730 0.797 0.774 0.826
03 0.777 0.789 0.719 0.759
04 0.817 0.823 0.754 0.789
05 0.813 0.820 0.757 0.784
06 0.707 0.717 0.818 0.841

Note: The best results are bold.
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Fig. 6 The display of defect improvement
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