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Research on Oil Painting Restoration of Non-local Attention
Mechanism Generative Adversarial Network

HE Yan, HE Jia
(College of Computer Science and Technology, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract ; Aiming at the problem of image damage in some oil painting artworks, a method of oil painting restoration based
on Non-local attention mechanism generative adversarial networksgeneration adversarial network is proposed. First, in the
part of the generator part, dilated convolution and gated convolution are used to replace the ordinary convolution layer in
the original network, to strengthen the judgment effect of the network, and a non-local attention mechanism is added to im-
prove the repair abilityrestoration effect of the generator; secondly, Markov discrimination is used to strengthen the dis-
criminative effect of the network ; finally, the loss function uses perceptual loss, GAN loss, and L1 loss are used in the
loss function to make, which makes the training of the entire network more stable. The network of this article is verified on
the open source Gallerix oil painting dataset. The experimental results show that the PSNR and SSIM indicators surpass the
three excellent generative adversarial networks, and improve the effect of oil painting artwork restoration.

Keywords : generative adversarial network ; Non-local ; 0il painting restoration ;dilated convolution ;gated convolution



