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Multiple Discriminators Combining Edge Conditions to Generative Adversarial Network
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Abstract: In view of the flaw that the visual connectivity of such local areas as facial features is characterized
with poor quality after face completion in existing image processing methods, an edge completion method, including
global discriminator network, local discriminator network and face part discriminator network, has thus been
proposed, among which the global discriminator network identifies the visual connectivity of the whole graph; the
local discriminator network constraints the complement part; while the face part discriminator network constraints the
complements the image effect. The completed edge image can be obtained by inputting the incomplete gray image,
incomplete edge image and mask image into the edge completion network, to be followed by the input of the completed
edge map and incomplete color map into the image completion network, thus obtaining the completed image, with
edge completion network and image completion network connected end-to-end to form a complete solution. Visual
connectivity was compared with the control group on CelebA dataset, the results show that the proposed algorithm is
more effective in the restoration of the information of face parts.
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Table 1 Block occlusion occlusion results

under different methods

5 PSNR SSIM
Context-Encoder 21.03 0.946 7
Globally-Locally 26.88 0.9218

EdgeConnect 23.96 0.8653
Ours 27.89 0.950 8
NS 24.94 0.921 2
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Table 2 Results of irregular occlusion under different methods

{5 PSNR SSIM
Context-Encoder 14.89 0.782 4
Globally-Locally 18.08 0.829 7

EdgeConnect 21.00 0.773 1
Ours 22.76 0.887 1
Yy 19.18 0.818 0
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Table 3 Results of facial feature location (irregular occlusion)

NG ( PSNR/SSIM )
el FrHR By 5

CUEEDR7S

Context-Encoder 18.99/0.679 8 18.99/0.679 8 18.99/0.679 8 18.99/0.679 8
Globally-Locally 18.66/0.667 5 18.66/0.667 5 18.66/0.667 5 18.66/0.667 5
Edge-Connect  16.16/0.664 0 16.16/0.664 0 16.16/0.664 0 16.16/0.664 0
Ours 19.37/0.705 1 19.37/0.705 1 19.37/0.705 1 19.37/0.705 1

R8s 18.30/0.679 1 18.30/0.679 1 18.30/0.679 1 18.30/0.679 1
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