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2. School of Information and Communication Engineering, North University of China, Taiyuan 030051, China)
Abstract: To address the issues of insufficient long-range texture dependency modeling, lack of structural
coherence, and rough cross-scale feature fusion in mural image restoration, a mural restoration algorithm is
proposed based on a two-stage generative adversarial network. Firstly, a multi-scale frequency domain
convolution module is designed, using a spatial-frequency parallel architecture and an adaptive expansion rate
mechanism to dynamically balance high and low-frequency features and solve the problem of gradual distortion
of mineral pigments caused by the limited receptive field of traditional convolution. Secondly, a lightweight
bidirectional attention unit is introduced to fuse the direction gradient histogram and sparse attention at the 1/
4 resolution layer, enhancing the coherence of large-scale structures. Further, a hybrid attention fusion module
is constructed, combining coordinate attention and dynamic channel weighting to optimize multi-scale feature
upsampling. Experimental results on the Dunhuang mural dataset show that, compared with the current latest
EGMF algorithm, at a mask ratio of [30%, 40%), the peak signal-to-noise ratio (PSNR) index, and the
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structural similarity (SSIM) index are inproved by 0. 13 dB and 1.06%, respectively. And in other 3 kinds

of mask ratios, this algorithm outperforms the comparison algorithm, effectively enhancing the visual con-

sistency of the restored image in terms of texture, structure, and details.

Key words: mural restoration; frequency domain convolution; bidirectional attention; multiscale fusio
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Tab.1 Comparison of PSNR results for dunhuang mural dataset restoration
X J5k PSNR/dB
L AOT-GAN Deepfillvl Deepfillv2 GLNet ~ PCNet ~ MIFDFSP MER LRDiff  EGMF A3k
[1%,10%) 28.642 4 27.6350  28.0714 29.2943 27.8820 30.382°5 30.5754 314346  31.726 0  32.1056
[10%,20%)  26.7977 26.786 6 27.2263  26.4475 25.0389 27.5358 276972 283348 28.8753 29.1228
[20%,30%)  23.3286 234975 248256 24.0466 21.6378 25.138 5 25.2967 253585 25.5004  25.736 9
[30%,40%)  18.4418 19.3500  20.7900 19.0918 19.650 0 22.100 0 22.2600 223201 224010 225301
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Tab.2 Comparison of SSIM results for dunhuang mural dataset restoration
HERLDC SSIM
aail AOT-GAN  Deepfillvl = Deepfillv2  GLNet ~ PCNet MIFDFSP MER  LRDiff EGMF A3k
[1%,10%) 0.9720 0.9750 0.9730  0.9610 09725 0.979 0 0.9840 0.9844  0.9850 0.9856
[10%,20%) 0.8919 0.9157 0.9180  0.9074  0.8804 0.9429 0.9265 0.9565  0.9598  0.967 5
[20%,30%) 0.858 8 0.846 5 0.8880  0.8698  0.7759 0.880 8 0.8679 0.9007 09297 0.9407
[30%,40%) 0.7957 0.777 2 0.7474  0.8122 0.6713 0.798 6 0.8094 0.8700 0.9026 0.913 2
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Fig. 10 Inpainting results of different algorithms under various mask ratios
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Tab.3 Module experiment study

Base MSF-Conv LBAU HAF PSNR/dB SSIM
J 28.7119  0.966 6
N/ N/ 28.949 8 0.966 9
NG N/ 28.8548  0.967 2
NG NG 28.9187  0.9665
</ </ </ N 29.122 8 0.967 5
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Fig. 11 Ablation experiment results
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