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Artistic Style Transfer for Ultra-High-Resolution Images Based on a Lightweight Model with Large Brushstrokes
YANG Tian, DING Yifeng, YIN Shuting, LI Changgeng

School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan 232001, Anhui,
China

Abstract: Objective With the continuous advancement of modern technology, image resolution and user demands
continue to increase. However, limited GPU memory frequently causes out-of-memory errors during ultra-high-resolution
(UHR) style transfer tasks. Furthermore, existing UHR artistic transfer methods often neglect brushstroke characteristics,
predominantly relying on small brushstrokes for style transfer. To address these challenges, this paper presents a
lightweight framework integrating patch cutting, termed the Patch Cutting and Lightweight Model (PCLM). Methods To
effectively reduce memory consumption, the proposed model employed a dual optimization strategy. First, UHR images
were segmented into patch collections, a process that broke down a large-scale task into smaller subtasks to fundamentally
address the memory bottleneck. Simultaneously, knowledge distillation was utilized to compress model parameters. In
addition, a patch relation loss (PRL) was proposed to control both brushstroke size and patch consistency during style
transfer. Results Extensive qualitative and quantitative experiments demonstrated that PCLM successfully realized UHR

style transfer with large brushstrokes under constrained memory conditions. While maintaining a minimal memory
footprint, the model achieved the following evaluation metrics on the test set: 0.495 928 (SSIM), 11.610 026 dB
(PSNR), 0.546 720 (LPIPS), and 3.373 454 GB (GPU memory usage). Conclusion Theoretical analysis and
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empirical results confirm that PCLM effectively resolves the memory consumption challenge and generates high-quality

UHR artistic paintings featuring large brushstrokes. This study provides a valuable reference for subsequent UHR image

processing tasks.

Keywords: paich cutting; ultra-high-resolution; model compression; large brushstroke
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Table 1 Users’ learning scores of different methods ( higher is better)

Methods AdaIN_UR!! LST_UR™! Collab-Distil™ "] MicroAST! " OUR-PCLM
Preference T 0. 155+0. 23 0.207+0. 21 0. 180+0. 25 0.224+0. 22 0.234+0. 11
Deception 1 0. 455+0. 22 0.503+0. 17 0.399+0. 23 0.512+0. 23 0. 517+0. 15
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Table 2 Quantitative comparison results of different methods

Methods AdaIN_UR""! LST_UR™ Collab-Distil " MicroAST ") OUR-PCLM
SSIM 1 0.314 596 0.414 525 0.257 689 0. 493 021 0. 495 928
PSNR 1 11. 121 608 11.317 836 10. 721 265 11. 612 536 11. 610 026
LPIPS | 0.572 540 0.531 787 0.620 315 0.526 144 0. 546 720
Storage(GB) | 4.398 541 5.875 335 7.741 343 3.451 454 3.373 454
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Fig.7 Ablation experiment results for each module
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Table 3 Quantitative comparison results of

ablation methods

Methods Full_model W/0 Stroke W/0 PRL
SSIM 1 0. 495 928 0.433 721 0. 405 688
PSNR 1 11. 610 026 11. 085 863 10. 857 357
LPIPS | 0. 546 720 0.591 935 0.615 662
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