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Inpainting of Dunhuang Murals Under Multi-Stage Stacking Fusion
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(1. School of Electronics and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China;

2. Institute of Cultural Digitization, Dunhuang Research Institute, Dunhuang 730030, China)

Abstract A fresco restoration model under multi-stage stacking fusion is proposed to solve the problem of
difficult restoration of broken frescoes at Dunhuang. The Unet structure is used for coarse repair in the first stage
and for maximizing the extraction of the required feature information, and the adversarial network (LsGan) is
added to enhance the repair effect in this stage. In the second stage, the restoration is refined, mainly by restoring
textures and refining occluded areas, introducing and improving the multi-head connection and multi-scale
branching stacking modules, extracting and fusing multi-stage information from the murals. Finally, in order to
consider the global details of the fix, the codec structure of the big feeling field is used and the mobile ViT module
is introduced. The channels of the mural images are also separated and analyzed, introducing polarization attention
that is insensitive to the channels. The experimental results show that the model can solve the difficult problem of
fresco texture and detail restoration well. Compared with the optimal data of the selected restoration algorithm, the
peak signal-to-noise ratio improved by 3.312 at a mask area of 5% to 20%, and the average peak signal-to-noise
ratio is improved by 1.02 at a mask area ranging from 5% to 80%.

Key words Dunhuang mural inpainting; multi-stage stacking; large sensory field; multi-head nesting; multi-
branch fusion.
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*k1 EESW
b mask/% Shift Net LGNet RFR CSA Rethinking ASCEE
5~20 0.0192 0.020 7 0.016 5 0.0125 0.014 7 0.010 1
20~40 0.020 1 0.023 1 0.013 9 0.014 5 0.015 6 0.012 5
L2} 40~60 0.021 4 0.0299 0.0153 0.016 8 0.018 8 0.016 9
60~80 0.0235 0.0357 0.0187 0.0197 0.0252 0.0189
Avg 0.0211 0.027 4 0.016 1 0.0159 0.018 6 0.014 6
5~20 32.265 4 37.588 6 36.102 8 40201 4 419147 45226 4
20~40 29.365 4 35.770 1 31.2489 36.402 6 40.0120 41.0259
PSNR?T 40~60 27.230 8 35.325 8 28.604 7 34.088 0 38.2314 37.258 7
60~80 26.765 4 32.379 4 23.7709 32.9557 35.9143 36.825 3
Avg 28.906 8 35.266 0 29.931 8 35.9119 39.018 1 40.084 0
5~20 0.975 4 0.983 2 0.979 8 0.992 4 0.992 7 0.993 8
20~40 0.953 6 0.967 1 0.965 4 0.987 6 0.987 0 0.989 4
SSIM? 40~60 0.924 0 0.960 8 0.932 1 0.979 6 0.950 2 0.980 1
60~80 0.886 9 0.954 8 0.898 7 0.9173 0.925 4 0.979 9
Avg 0.9350 0.966 5 0.944 0 0.969 2 0.963 8 0.985 8
5~20 6.3147 9.6523 43054 3.5203 5.786 5 42350
20~40 42071 19.9870 12.954 0 8.5321 6.920 1 9.839 4
FID| 40~60 17.735 4 28.567 4 15248 5 152146 9.214 6 14.000 5
60~80 19.258 3 412658 283250 19.365 4 16.365 4 17.256 9
Avg 11.8789 24.868 1 15208 2 11.658 1 9.5717 113330

a. Original X c. Shift-Net d. Rethinking e. CSA

Ko BN
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L2} 0.030 6 0.029 70 0.044 97 0.0195 0.015 1 0.014 6
PSNR? 36.7120 38.059 0 316322 39.624 8 39.725 1 40.034 0
SSIM? 0.9356 0.949 4 0.9143 0.9800 0.982 1 0.985 8
FID| 26.985 1 232564 29248 6 15.746 5 12.918 6 113330
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