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Digital Mural Inpainting Method Based on Feature Perception
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Abstract There are irregular damaged areas caused by various diseases of grottoes in Dunhuang murals, digital restoration is
used to restore the image of the Dunhuang grotto murals, which will not cause damage to the original murals, but also get a better
repair effect. Because of the large missing area in the mural mending.it cannot be realized by local non-semantic repair methods.
Aiming at the restoration of the defective area of Dunhuang grotto murals, this paper designs an image repair method based on the
generation of confrontation network,and uses semantically reasonable content to render the pixels in the missing area to realize
the reconstruction of non-contact mural scenes,improve the efficiency of mural virtual restoration and the accuracy of restoration.
The algorithm introduces a perceptual-loss function on the basis of generating an adversarial neural network,adds a three-layer
convolutional layer to the generation model to collect image features of damaged areas, uses the perceptual loss to improve the
model’s ability to repair high-frequency texture details,and uses extended convolution to extract range features,so as to stimulate
the generative model to generate higher quality image results. Compared with three excellent methods on the Dunhuang grotto
mural data set,and the repair results show that the PSNR score of the proposed algorithm on the test data set increases by
1.79% ,and the SSIM score increases by 7. 7%. The proposed repair model improves the repair accuracy of damaged murals and
makes the repair results more accurate.

Keywords Generative adversarial networks, Mural inpainting,Perceptual loss, Expansion convolution
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Fig.1 Frame structure of mural repair model
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Fig. 2 Structure of repair model
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Fig. 3 Diagram of expansion rate
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Fig.4 Network structure of discriminant model
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Fig. 7 Schematic diagram of image preprocessing(denoising)
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