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Image Inpainting Using Wasserstein Generative Adversarial Networks with Dual Discriminators
LI Xiaoyu, ZHANG Qian, XU Kaili, LUO Di, RAN Yagqin
School of Data Science and Information Engineering, Guizhou Minzu University, Guiyang 550025, China

Abstract: Objective Image inpainting models based on generative adversarial networks (GANs) suffer from deficiencies
when repairing irregular and extensively damaged images, including inaccurate restoration of fine image details,
unsatisfactory visual effects, and training instability. In this regard, a Wasserstein GAN-based image inpainting model with
dual discriminators was proposed. Methods This method employed a convolutional neural network (CNN) with an encoder-
decoder architecture as the generator, with skip connections added between the encoder and decoder of the generator to
better learn subtle image features and enhance the final inpainting results. Additionally, a local discriminator network was
introduced on the basis of the global discriminator to ensure consistency between locally restored areas and their
surroundings. Wasserstein distance was incorporated into the discriminators to stabilize the training process and achieve more
natural image inpainting. Furthermore, a VGG16 feature extractor was designed to introduce perceptual and style losses to
improve image inpainting by incorporating multiple loss functions. Results Comparative analysis on public datasets of
faces, scenes, and streets showed qualitative and quantitative superiority of the proposed method over baseline models, with
higher performance evaluation metrics. Conclusion Experimental results demonstrate that the proposed method presents
better visual effects and clearer restoration when repairing images with irregular and extensive damaged areas.
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Fig. 6 Qualitative comparison of image inpainting results on different datasets by different models
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B, AESE 9 1THY Paris Street View 23R 4 38 5 X He
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4.5 EREMT
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2% 1 N 5 FSRIAE N FE5 (Paris Street View) |
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M 1 TR AR SO RIAE S 245 /N, 55 PCony
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Table 1 Quantitative analysis of evaluation indicators using different methods on the three datasets
Paris StreetView Places2 CelebA
0~20%  20%~40% 40%~60% 0~20%  20%~40% 40%~60% 0~20%  20%~40% 40% ~60%
PConv 0.953 6 0.843 6 0.726 3 0.942 1 0.823 6 0.693 6 0.952 1 0.8512 0.7313
RFR 0. 966 5 0.857 8 0.7512 0.956 4 0.8579 0.707 4 0.971 1 0.892 1 0.746 5
SSIM LBAM 0.956 5 0.846 1 0.7323 0.958 5 0.828 6 0.634 7 0.962 6 0.863 7 0.726 5
GTSGD 0.970 3 0.862 4 0.743 8 0.961 5 0.8723 0.684 5 0.978 9 0.889 5 0.758 5
Ours 0.973 8 0.872 1 0.774 2 0.968 2 0.897 8 0.729 9 0.989 8 0.9328 0.7825
PConv 31.6995 25.3211 21.1019 30.3412 24.3723  21.2565 34.6212 25.3414 21.4293
RFR 32.1617 26.6877 22.3805 31.1028 25.4009 21.9138 35.9681 26.2463 23.124 1
PSNR  LBAM 32.0995  26.3212 22,1919 30.4415 25.1023 20.9565 35.2438 27.2514 22.8542
CTSDG 32.80642 26.8935 22.8749 31.4621 25.8412 22.1421 35.4212 27.8542 23.7896
Ours 33.1802 28.1235 24.6513 32.5139  26.3692 23.2212 36.0335 28.9839  25.1012
5 % B PR S ARL, JFAE G PP A B BRZE 3 A i v A= JlU A Y

BHOERE T AR T R 2% 1 R 18 AR TS fEE A
MUK T R BRI PR T | A7 A8 52 PR AR 1Y A Bk
JEAHER PRI GEBOR2E B HAN GRS R 2 Bk 1],
A H — P RE T XU S50 45 4 A JON PR A [ (548 S
PR LA ST I 28 Sy SRR AR A4 e 1] A= s 451
R RSO IR TIRURT KU i R IO, ek 4520 R 45 5 Tt

XA EAE B R BN RE S 5 e B R d ] WGAN, i
TEAR KL HUES IS BUZ BAT OB - Rtk , #ie
AT LA BRAR JEE T R [l DT o8 1) 245 ) 11 R BT AS A2
PIARFFH g P A A R, SCIR A SR AR . AR SO R
MR LI I i FHR A9 15 B, A AR T T 1852 iR
B ER BB T R AR
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