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H E PEIRESAS TOALIAEZ,ZEXT PEARSHEAMNGELS FH AL ZREFEFTHAHLE, & T
kM BREAEORRBEF REBSRATEAR VNE AR EERERARETREAL. AL BEORP S T/FEFA
Y, BB BRFHEARAARATEFTMNAED ARG EMNF X, TELABER ST EDRAL, RAMEX —FAH ELF
B, REAAWESBGRGE A T EEABF UG L EMNA L EHFEENGSEREI NS, 4T P, 82 BA A Involu-
tion RIKIEFE A Auhl o) FRAE B BBRME I ML, W& H RA A4 (Involution) AR B % AR, AR FH 518 8 L 32 fe
BeEBLORE, RARE-NEKREZENER. . TUAMRARAREG LTI R L, ZFREELRE K0 E 3B K K.
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Ancient Mural Image Restoration Network Using Involution Cascaded Attention Mechanism

ZHOU Qixue, YU Ying and HU Jialv

School of Information Science &. Engineering, Yunnan University, Kunming 650504, China

Abstract Chinese ancient murals are precious cultural heritage of humanity, recording the social, religious, cultural, and artistic
activities of people in various regions of China throughout history. Due to prolonged exposure to the natural environment, many
murals have developed defects such as cracks.scratches,corrosion.and even large-scale peeling. Therefore,the protection and res-
toration of murals are urgently needed. The digital restoration technology for damaged murals has become an important means to
solve this problem by reconstructing the structure and texture of the mural images and virtually filling the damaged areas. Most
existing mural image restoration methods are hard to effectively restore missing mural content with complex structures and rich
color variations. In response to this issue, this paper proposes an ancient mural image restoration network using the involution
cascade attention mechanism. The network firstly uses involution operations instead of traditional convolutions to improve the
quality of repairing damaged mural textures and colors. Secondly,a cascaded attention module is proposed to capture contextual
information at different scales,which can better repair damaged areas of murals of different sizes. Thirdly.FFC residual blocks are
introduced to capture global structural information to enhance the network’s color restoration ability for damaged areas of mu-
rals. This article conducts experiments on simulated and real damaged mural datasets,comparing the restoration results with four
other classic methods. The experimental results show that the proposed model outperforms other comparative methods in resto-
ring the clarity,color consistency.and structural continuity of mural textures.

Keywords Ancient mural digital restoration,Cascading attention module,Deep learning, Fast Fourier Convolutional, Involution
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Table 1  Comparison of PSNR and SSIM values for the five methods
murals AOTGAN EC DSNet Diff Ours

PSNR 4 SSIM A PSNR 4 SSIM A PSNR 4 SSIM * PSNR 4 SSIM* PSNR 4 SSIM A

1 29.4996 0.8275 26.6294 0.7613 30.5234 0.8872 32.4903 0.9173 34.0064 0.9389

2 32.4791 0.8678 35.4749 0.9535 32.3893 0.9320 33.6881 0.9396 36.3650 0.9638

3 28.8380 0.8831 28.7854 0.9455 28.1599 0.9352 28.3603 0.9348 30.5395 0.9526

4 28.7781 0.8445 26.0351 0.7980 30.6201 0.9060 32.3760 0.9331 32.8199 0.9378

5 29.6882 0.8575 32.4800 0.9477 30.3864 0.9166 31.2902 0.9293 32.8285 0.9485

6 30.4071 0.8830 32.0392 0.9574 30.3820 0.9426 30.5035 0.9394 32.6501 0.9551

7 29.9654 0.8694 31.3915 0.9373 29.5821 0.9139 30.6335 0.9269 32.2738 0.9465
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Fig. 8 Comparison of the restoration results of the ablation

experiment
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Table 2 Comparison of PSNR and SSIM values of five network
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