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Prediction of aerodynamics using VGG16 and U-Net

***’1

Bo Ra Kim"', Seung Hun Lee ', Seung Hyun Jang ', Gwang Il Hwang ' and Min Yoon'"'

Abstract The optimized design of airfoils is essential to increase the performance and efficiency of
wind turbines. The aerodynamic characteristics of airfoils near the stall show large deviation from
experiments and numerical simulations. Hence, it is needed to perform repetitive analysis of various
shapes near the stall. To overcome this, the artificial intelligence is used and combined with numerical
simulations. In this study, three types of airfoils are chosen, which are S809, S822 and SD7062 used
in wind turbines. A convolutional neural network model is proposed in the combination of VGG16
and U-Net. Learning data are constructed by extracting pressure fields and aerodynamic characteristics
through numerical analysis of 2D shape. Based on these data, the pressure field and lift coefficient
of untrained airfoils are predicted. As a result, even in untrained airfoils, the pressure field is
accurately predicted with an error of within 0.04%.

Key Words : Airfoil (2J%), Aerodynamic characteristics (&%), Computational fluid dynamics
(AAHTA <)), Deep learning (45-85), Convolutional neural network (3733 2178'8)
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Fig. 1. Structure of combination of U-Net and VGG16
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Fig. 2. Profiles of lift coefficient of S822 at Re=
1.0x10° with respect to angle of attack
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Fig. 3. Prediction of pressure fields: (a) S809 at Re=1.1 x 10° and a=+9.25°, (b) S809 at Re=1.1 x 106 and

=-8.75° and (c) S822 at Re=0.89x10° and o =-9.75°
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Parameter (a) (b) (¢
Model S809 S809 S822
Reynolds number | 1,100,000 | 1,100,000 | 890,000
Angle +9.25° -8.75° -9.75°
Table 2. Prediction of airfoil aerodynamics
Parameter cL
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Fig. 4. Prediction of pressure fields: (a) E837 at Re =6.85x10° and a.=+6.5°, (b) S812 at Re=1.03x10° and 0,=+10.0°
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Table 3. Prediction of untrained airfoil data

Parameter (a) (b)
Model E837 S812
Reynolds number 685,000 1,030,000
Angle +6.5° +10.0°
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