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Prediction of aerodynamic force coefficients and flow fields of airfoils using
CNN and Encoder-Decoder models

Janghoon Seo’, Hyun Sik Yoon' and Min Il Kim'

Abstract The evaluation of the drag and lift as the aerodynamic performance of airfoils is essential.
In addition, the analysis of the velocity and pressure fields is needed to support the physical
mechanism of the force coefficients of the airfoil. Thus, the present study aims at establishing two
different deep learning models to predict force coefficients and flow fields of the airfoil. One is the
convolutional neural network (CNN) model to predict drag and lift coefficients of airfoil. Another is
the Encoder-Decoder (ED) model to predict pressure distribution and velocity vector field. The images
of airfoil section are applied as the input data of both models. Thus, the computational fluid dynamics
(CFD) is adopted to form the dataset to training and test of both CNN models. The models are
established by the convergence performance for the various hyperparameters. The prediction capability
of the established CNN model and ED model is evaluated for the various NACA sections by
comparing the true results obtained by the CFD, resulting in the high accurate prediction. It is noted
that the predicted results near the leading edge, where the velocity has sharp gradient, reveal relatively
lower accuracies. Therefore, the more and high resolved dataset are required to improve the highly
nonlinear flow fields.

Key Words : Convolutional Neural Network(3d % 4174 %), Encoder-Decoder($! ZH-H ), Deep
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Fig. 1. Schematic of computational domain and
boundary conditions
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Fig. 2. The grid system of the airfoil section

Table 1. Grid dependency test for NACA 0012 at o.=0°.

Case Number of grids Cp |Difference (%)
Coarse 58,006 0.1253 -0.31
Medium 128,201 0.1256

Fine 192,302 0.1257 0.24

Table 2. Comparison of force coefficients with
previous data for the NACA 0012 at o.=0° and 10°

Case a(®) Cp C
Kurtulus” 0.1207 0.0
Present 0 0.1256 0.0
Difference (%) 39 0.0
Kurtulus” 0.1649 | 04173
Present 10 0.1682 0.4123
Difference (%) 2.0 -1.2
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Fig. 3. Typical layer architectures of CNN and ED models
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Table 3. Parameters for CNN model

Convolution layers |Fully connected layers
CIF2 1 2
C3F2 3 2
C5F2 5 2
C3F1 3 1
C3F5 3 3

Table 4. Parameters for ED model

Convolution & Convolutional| Fully connected
transpose layers layers
EDIFI1 1 1
ED2F2 2 1
ED2F2 2 2
ED3F2 3 2
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Fig. 4. Convergence histories of loss function with
different hyperparameters, (a) CNN model and (b)
ED model
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Fig. 6. Contours of pressure coefficient in the x-y plane for true values (left column), predicted values (center
column) and error values (right column) for different NACA sections
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Fig. 7. Typical instantaneous velocity vector fields in the x-y plane with black filled arrows for true values
and red hollowed arrows for predicted values for different NACA sections
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