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Abstract ; Inpainting is an important problem in image processing, which aims to use computer vision technology to automatically restore

0

damaged or lost parts in degraded images. It is widely used in film and television special effects production,image editing , digital heritage
protection. In recent years,the deep learning technology represented by generative adversarial network ( GAN) has achieved great success
in the field of computer vision and image processing. And GANs based inpainting methods have gradually been widely concerned.
Therefore, to cope with the key issues of image inpainting, we make a theoretical analysis of GAN and GAN based inpainting methods.

We firstly summarize and classify the recent representative inpainting algorithms. In addition,we discuss the characteristics and limitations
g I ——

of these inpainting methods,and then organize and analyze the common evaluation indicators and public dataset. Finally,we describe the
challenges of image restoration and prospect the future development direction of image restoration technology.
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