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Style transfer of Dunhuang murals fusing multi-scale features

CAO Yan, GUO Bingsen, FENG Dandan, ZHANG Yi, XIN Zihao

(School of Electronic & Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: To address color distortion, detail blurring, and structural incoherence in existing style transfer

techniques when processing Dunhuang murals caused by highly saturated mineral pigments, intricate textures,

and complex layered structures this paper proposes a Multi-scale Dunhuang Style Transfer Network based on an
improved Cycle-Consistent Generative Adversarial Network for high-quality artistic style transfer. We introduce an
adaptive local dilated convolutional-net that dynamically captures detailed texture edges using deformable
convolution and enhances long-range texture dependencies through dilated convolution, thereby restoring deep
features to preserve brushstroke details. A dual scope net is designed to mitigate information loss and color-layer
weakening during style transfer, employing a global attention branch to model overall tonal harmony and a local
grouped convolution branch to reinforce stroke details. Additionally, a pathwise fusion net optimizes logical
relationships and proportional coordination between elements using multi-dilation-rate depthwise separable
convolutions for parallel processing and a dynamic gated fusion mechanism. Experimental results show that the
proposed method achieves reductions of 5.81% , 4.36% , and 5.73% in FID, LPIPS, and 12 loss, respectively,
and an improvement of 8.12% in SSIM. User studies confirm its superiority in content fidelity, style consistency,
and visual appeal. This approach effectively resolves challenges in preserving color layers, texture details, and
spatial layouts in Dunhuang murals transfer, offering a novel approach for Dunhuang murals digitization and
innovative dissemination.
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IP-Adapter ~ 478.531 0.688 0.623 0.317 3.521
Ours 364.787 0.527 0.461 0.679 0. 449
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Tab.2 User voting ratings

et AR LB AREILECRE BRI S]
CycleGAN 2.39£0.33 2.48£0.31  2.33£0.21
AdaAuN 2.54£0.29 2.41£0.35  2.38+0.24
CAST 2.33£0.27 2.44£0.25  2.27x0.16
StylelD 2.5920.30 2.47+0.28  2.31x0.19
AesPA-Net 2.22£0.32 2.53£0.24  2.36£0.15
InST 1.37+£0.43 1.45£0.36  2.53£0.14
IP-Adapter 0.85=0.45 1.27£0.40  2.06 £0.22
Ours 2.54£0.24 2.58+0.23  2.710.11
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Fig.7 Line plot of user score mean and standard deviation statistics
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Fig.8 Ablation experiments
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Tab.3  Comparison of indicators of ablation experiment results

LAY FID LPIPS 12 SSIM
CycleGAN 387.29 0.551 0.489 0.628
(a) 374.03 0.547 0.481 0.633
(b) 368.75 0.530 0.474 0.657
(c) 364.78 0.527 0.461 0.679
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Fig.9 Experiments on other datasets
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