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Overview of the application of deep learning methods
in flow field reconstruction

SHAO Xugiang', LI Mingyu'?, HAN Hao?, WANG Lei’, WANG Desheng?, WANG Lingyun?
(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. State Key

Laboratory of NBC Protection of Civilian, Beijing 102205, China)

Abstract: High resolution flow field data has the characteristics of nonlinearity and large data volume, which makes it
difficult to obtain through both experimental and simulation methods. Flow field reconstruction technology can fully
utilize the observable information of the flow field to mine unobservable information, and recover high-resolution flow
field data from sparse or low resolution flow field data. Deep learning methods have been widely applied in fluid mech-
anics problems due to their powerful feature extraction and nonlinear fitting capabilities. Among them, flow field recon-
struction methods based on deep learning have high research potential. This article investigates deep learning based flow
field reconstruction methods and categorizes modeling approaches for flow field reconstruction problems from different
perspectives. This paper provides a detailed summary of the research progress and achievements in flow field recon-
struction methods for modal recombination, local global prediction, and element solver, and discusses the advantages
and disadvantages of each method. Finally, the challenges faced by deep learning based flow field reconstruction tech-

nology were summarized and analyzed, and future research directions were discussed.
Keywords: flow field reconstruction; deep learning; neural networks; computational fluid dynamics; numerical simula-

tion; mode decomposition; super-resolution; data augmentation
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Fig.3 Using MLP to directly reconstruct the flow field
from a small amount of sensor data'>!
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Table 2 Related research of the low-high dimension mapping flow field reconstruction method
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Fig. 4 GAN super-resolution reconstruction of PIV measurement flow field""
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Table 3 Related research of the flow field super-resolusion reconstruction method
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Fig. 5 Reconstructing flow fields from sparse sensor data with variable positions'*®!
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Fig. 6 Using GNN to reconstruct the surrounding flow field from pressure values at the wing edge'**!
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Table 4 Related research of the sparse data completion reconstruction method
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Fig. 7 Influence of PINN applying different physical constraints on the results of flow field reconstruction'
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Fig. 8 Flow field function fitting operator based on attention mechanism'*!
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