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Image restoration algorithm based on deep reinforcement learning

and circular convolutional neural network

Yang Haiqing, Xu Yongjun, Wang Mingxue
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310014 )
Abstract

Image restoration refers to the use of an algorithm to recover the image of the defective part of the image to
complement the defective image. In recent years, due to the rapid development of deep learning, deep learning has
achieved good results in the field of image restoration. However, existing methods require massive amounts of data
to train the study of image restoration. A new image decision algorithm and a new circular convolutional neural net-
work structure are proposed to realize image restoration by combining the actor-critic algorithm in reinforcement
learning and the network structure of the generated confrontation network. Experiment results of the datasets Cele-
bA, BSDS500, Pascal Voc2012 show that, in the case of less data, the proposed method can effectively recover the
information of the defective image, which is better than the popular image restoration algorithm.

Key words : reinforcement learning, image restoration, deep learning, generative adversarial networks, circu-

lar convolution
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