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Abstract Aiming at the problems of the restricted shape and size of the damaged area, the obvious inpainting tracks and
the discontinuous inpainting edge in the existing image impainting algorithms, this paper proposed an image inpainting
method based on generative adversarial networks. In this method.,a new generative model named generative adversarial
networks(GAN) is used as the basic framework with combining Wasserstein distance and the idea of conditional genera-
tive adversarial networks(CGAN). The network receives the damaged image as additional conditional information and

combines adversarial loss with content loss to train the network model for restoring pixels of missing areas. This

method can be used to repair most of the damages in images. The experimental results on two datasets of CelebA and

LFW suggest the capability of this method to obtain good performance.
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Fig. 3 Network structure of discriminator
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