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Research on the fast prediction method for flow fields
based on deep learning

SHEN Yuangi, CAO Congyong, CHEN Meng, FENG Yafan

(School of Automation, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: In order to enhance the computational efficiency of traditional Computational Fluid Dynamics ( CFD) methods, this
paper proposes a rapid flow field prediction method based on deep learning. The method is founded on the U?-Net architecture,
with traditional convolution in the downsampling RSU module replaced by DSC, and incorporates attention mechanisms. This
innovation not only strengthens the feature processing capability of the Rol, but also reduces training costs. Experiments conducted
on planar semi-circular cylinder flow demonstrate that the constructed model’s prediction error is less than 2. 5% compared to
traditional CFD methods, and the computational efficiency is improved by four orders of magnitude. This method significantly
enhances computational efficiency while maintaining flow field prediction accuracy, thereby addressing the limitations of
conventional CFD approaches.
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