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Fig. 1 The workflow of 2D airfoil field reconstruction
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Fig.2 Airfoil geometry and Mask expression
(take GOEG611 as an example)
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Fig.3 Numerical mesh of airfoil GOE611
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Fig. 4 The example of dataset (GOE 611) (the abscissa and ordinate are the serial numbers of sampling points)
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Fig. 5 The framework of deep learning net
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Table 1 The result of model test
o ¥ MSE V_MSE ¥, MSE JEHMSE | FHIMSE
7N °
3000 | 0.023965 | 0303324 | 0.024487 | 0.064555 | 0.104082
5700 | 0.009614 | 0.147701 | 0.008428 | 0.034273 | 0.050004

&2 BPTHEATERBEINE
Table 2 Comparison of calculation time of single
numerical example
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Research on Two-Dimensional Airfoil Flow Field Reconstruction Based on Deep
Learning

Cao Xiaofeng,Li Hongyan,Guo Chengpeng, Wang Qiang, Ma Hai
Aviation Key Laboratory of Science and Technology on Aerodynamics of High Speed and High Reynolds Number,

AVIC Aerodynamics Research Institute, Shenyang 110034, China

Abstract: The reconstruction of two-dimensional airfoil flow field based on depth learning method can overcome the
shortcomings of traditional wind tunnel test and computational fluid dynamics simulation, improve the calculation
speed and ensure the calculation accuracy. The proposed deep learning method simulates the RANS equation in the
compressible flow state, and predicts the velocity, pressure and density distribution around the airfoil according to the
incoming flow conditions. The optimal model can achieve an average pressure, velocity and density error of 5%. The
calculation time of a single example of this method is about 1s, and the calculation time is about 0.66% of that of the
conventional solver. At the same time, the influence of the size of the data set on the accuracy of the solution is also
verified. With the increase of the number of samples in the data set, the accuracy of the solution is also gradually
improved. In order to provide a realistic two-dimensional flow field prediction application scenario for the depth
learning method in computational fluid dynamics, the matching degree between the depth neural network method and
the problems related to the aerodynamic field is discussed. In the follow-up, the calculation usability of the depth
neural network method will be further improved through the refined geometric shape expression and the lossless label
extraction method.

Key Words: deep learning; flow field reconstruction; airfoil; RANS; U-Net
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