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Dense Convolution Generative Adversarial Networks Based Image Inpainting
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Abstract Image inpainting is one technique of reconstruction defect areas by inferring information from the known context of de-
fect images. For semantic image inpainting of large areas,there are still many problems in inpainting algorithms based on genera-
tion models.such as blur,artifacts,and poor visual similarity.especially for the complex background images and small datasets.
To solve this problem.an image inpainting algorithm based on dense convolution generative adversarial networks is proposed. The
generated adversarial network is the basic framework. Firstly, dense convolutional blocks are used to enhance image feature ex-
traction,improve image repair capability,and avoid the problem of gradient disappearance caused by the network depth increa-
sing in the generator network. Secondly.skip connection between the encoding and decoding structures is involved to avoid infor-
mation transmission lost problems between network layers. After that,a total loss function.composed of the reconstruction loss,
adversarial loss and TV loss,is used to optimize the network and enhance network stability. Finally, the proposed algorithm is
validated on the CelebA dataset and Car dataset respectively,compared with three typical image inpainting algorithms. The effec-
tiveness of the algorithm is proved in visual perception, peak signal-to-noise ratio (PSNR) and structural similarity (SSIM).

Keywords Generative adversarial networks,Image inpainting, Dense convolutional block,Skip connection,LLoss function
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Fig.3 Frame diagram of proposed algorithm
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Fig.5 Convergence process of generative network training
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Algorithm Mean Lg loss/ % PSNR SSIM
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SI 2.96 18.5438 0.6629

Our method 2.74 23.3119 0.7949
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algorithm Mean Lz loss/ % PSNR SSIM

Our method, Lyec 3.05 21.1464 0.7751

Our methods Lyec + Lady 2.95 21.6677 0.7991
Our method. Lrec + Lagy +L1v 2.74 22,0737  0.8097
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