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Digital Generation Technology for Tomb Murals Based on
Multiscale Cascade Network
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Abstract Large-scale tomb murals are divided into several blocks by narrow passages. Hence, during high-definition
collection, certain information around these blocks may be missing. To address this, a digital generation technology for
tomb murals based on a multiscale cascade network is proposed, for reconstructing these lost data between mural blocks. In
this approach, tomb murals were first generated on a large scale, and the reconstruction results were subsequently input into
a deep semantic small-scale generation network to generate fine digital information. A self-attention mechanism was
introduced into the small-scale generation network to enhance the correlation between the generation region and the global
information and solve the artifact problem of the generation region boundaries. In terms of the feedback loss, the texture
loss and the texture fineness of the reconstructed information are improved, and the mural generation effect is also
improved. Jump connections were added to the generation network to accelerate the training process and enhance the
efficiency of gradient backpropagation. Based on ablation and comparative group experiments, the proposed digital
generation technology can improve the texture matching rate of mural block epitaxial information and reduce the influence of
artifacts. This proposed method achieves good objective indexes for the peak signal-to-noise ratio and structural similarity.
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Table 1 Model convergence under different values

X1 X2 Epoch

0.7 0.3 188

0.5 0.5 166

0.4 0.6 143

0.3 0.7 133

0.2 0.8 110

0.1 0.9 Non convergence
0.001 0.999 Non convergence
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Table 2 Analysis of generation results between different layers

Location of self attention

mechanism SSIM PSNR /dB
2-3-layer 0.74 31.02
3-4-layer 0.84 31.86
4-5-layer 0.69 20.09
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Table 3 Network and loss group name

Name Network

ED_1 ED + L.+ L

ED_2 ED + Lo + Luv + Licsure-toss
ED_3 ED+ L.+ L+ L

ED 4 ED -+ L.+ L, + L+ self-attention
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Table 4 Comparison of generated by different methods

Tomb passage

Wood block Mountain block
block
Method
PSNR / PSNR / PSNR /
SSIM SSIM SSIM

dB dB dB
ED_1 25.29 0.69 27.61 0.62 27.86 0.70
ED_2 28.23 0.73 29.69 0.71 30.40 0.77
ED_3 30.66 0.80 31.74 0.83 31.91 0.82
ED 4 31.03 0.8 32.31 0.8 32.82 0.88
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Fig. 12 Comparison of generation results of different algorithms
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Table 5 Comparison of generation results of different algorithms
Horse block Stone block Tomb passage block Wood block
Method PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM
WGAN-GP 27.35 0.68 24. 87 0.57 26. 36 0.65 27.85 0.64
DCGAN 30. 16 0.78 29.69 0.72 31.59 0.80 29.47 0.72
Proposed 32.66 0.84 31.74 0. 80 32.91 0.88 31.66 0.84
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