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Abstract

Restoring of damaged images is a fundamental problem that was attempted before digital image processing technology appeared.
Various algorithms for reconstructing damaged images have been introduced. However, the results show inferior restoration results
compared with manual restoration. Recent developments of DNN (Deep Neural Network) have introduced various studies that apply it
to image restoration. However, if the wide area is damaged, it can not be solved by a general interpolation method. In this case, it
is necessary to reconstruct the damaged area through contextual information of surrounding images. In this paper, we propose an
image restoration network using a generative adversarial network (GAN). The proposed system consists of image generation network
and discriminator network. The proposed network is verified through experiments that it is possible to recover not only the natural
image but also the texture of the original image through the inference of the damaged area in restoring various types of images.

Keyword : image restoration, inpainting, Computer vision, deep learning, convolutional neural network, generative
adversarial network
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Table 1. Detail of Networks
No Type Kernel Stride Outputs No Type Kernel  Stride  Outputs
1 Conv 3x3 2%2 64 Global_1 Conv 3x3 2x2 64
Global_2 Conv 3x3 2x2 128
i gonv gxg zxz ;gz Global_3 Conv 3x3 2x2 256
onv % X Global_4 Conv 3x3 2x2 512
4 Conv 3x3 22 512 Global 5 Linear - - 512
5 Conv 3x3 2x2 512
6 Conv 3x3 2x2 512 Local_1 Conv 3x3 2x2 64
7 Conv 3x3 2x2 512 Local_2 Conv 3x3 2x2 128
8+7 Deconv 3x3 2x2 512 Local_3 Conv 3x3 2x2 256
9+6 Deconv 3x3 2x2 512 LOCB|_4 Conv 3x3 2%x2 512
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12+3 Deconv 3x3 2x2 256 Global_5 +
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14+1 Deconv 3x3 2x2 64
15 Deconv 3x3 2x2 3 FC - - - 1
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