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Abstract: The present study established two different models based on the convolutional neural
network (CNN) and the encoder–decoder (ED) to predict the characteristics of the flow and heat
transfer around the NACA sections. The established CNN predicts the aerodynamic coefficients
and the Nusselt number. The established ED model predicts the velocity, pressure and thermal
fields to explain the performances of the aerodynamics and heat transfer. These two models were
trained and tested by the dataset extracted from the computational fluid dynamics (CFD) simulations.
The predictions mostly matched well with the true data. The contours of the velocity components
and the pressure coefficients reasonably explained the variation of the aerodynamic coefficients
according to the geometric parameter of the NACA section. In order to physically interpret the
heat transfer performance, more quantitative and qualitative information are needed owing to
the lack of the correlation and the resolution of the thermal fields. Consequently, the present
approaches will be useful to design the NACA section-based shape giving higher aerodynamic and
heat transfer performances by quickly predicting the force and heat transfer coefficients. In addition,
the predicted flow and thermal fields will provide the physical interpretation of the aerodynamic and
heat transfer performances.

Keywords: convolutional neural network; encoder–decoder; aerodynamics; heat transfer; NACA
section; computational fluid dynamics

1. Introduction

The NACA sections have been widely used in diverse applications, such as aircraft
wings, the cross section of propellers, fans, ducts, and wind power generator blades. In
addition, there are many studies using NACA sections in the area of biomimicry, microflow,
and micro-air vehicles (MAVs) operating at a low Reynolds number (Re). Previous re-
search [1–3] addressed aerodynamic bodies operating at low Re with conventional airfoils.
Recently, Winslow et al. [4] briefly reviewed the Reynolds number effect on the aerody-
namic performance of the airfoils by considering a wide range of Re. Winslow et al. [4] also
systematically investigated the performance of airfoils and their sensitivities to geometric
variations, such as camber and thickness in the wide range of Re, including low Re.

It is important to evaluate aerodynamic and heat transfer performances for the design
and improved performance of the NACA sections [5–9]. The flow and thermal fields are
needed to explain the physical interpretation of the aerodynamic performance. These are
generally obtained by the CFD or the experimental fluid dynamics (EFD). However, the
CFD and EFD are expensive and require the time and facilities to generate many accurate
data. Therefore, there are needs for efficient and accurate methods and capabilities to
process and use the data.

Recently, some studies have proposed deep learning techniques based on artificial
intelligence to predict the aerodynamic coefficients and flow fields. Yilmaz and German [10]
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introduced the CNN model to predict the pressure coefficient (Cp) curve for inputs of airfoil
surface coordinates. Additionally, the accuracy of the CNN model was improved by
adjusting the hyperparameters of the CNN model and the distance of points on the airfoil
surface. Zhang et al. [11] predicted lift coefficients using the multilayer perceptron (MLP)-
based CNN model from the input image of airfoils. Sekar et al. [12] introduced a method
to inversely design the two-dimensional airfoil using a deep CNN based on the surface
pressure coefficient distribution. The predicted airfoil matched well with the true one.

Bhatnager et al. [13] proposed the shared ED model for the prediction of flow field.
They applied the signed distance function to input data, which is a similar approach to
the distance map by Duru et al. [14]. The pressure and velocity fields around airfoils were
predicted by the trained shared ED model. The results showed that the proposed model
was more efficient compared to separated alternatives, and the capability was assessed
for unseen airfoil shapes. Chen et al. [15] introduced a graphical prediction method based
on CNN for multiple aerodynamic coefficients of airfoils. The model of Chen et al. [15]
simultaneously predicted the drag, lift, and pitch-moment coefficients from an airfoil image.
They showed that their approach was more suitable to big data than the kriging method.
Portal-Porras et al. [16] utilized two CNN models to investigate the effect of microtab and
Gurney flap added on the trailing edge of the airfoil as a flow control device. Their CNN
models had the capability to predict accurate characteristics of flow near the flow control
device and the aerodynamic coefficients.

In the field of the heat transfer, increasing studies have used CNN to predict the
characteristics of the heat transfer [17–19]. However, regarding to the NACA sections, the
studies proposing the CNN model and its prediction capability of the thermal fields and
the Nusselt number remain limited. Recently, Du et al. [20] applied a CNN framework for
airfoil design optimization and prediction performance. They predicted the physical fields
and the aerodynamic coefficients to optimize the airfoil shape. However, temperature was
considered merely as one of the physical fields to examine the prediction capability of their
model. Furthermore, the Nusselt number as a thermal performance was unpredicted.

As mentioned above, it is difficult to find research that simultaneously addresses
the prediction of the force coefficient as the aerodynamic performance and the Nusselt
number as the heat transfer efficiency. Furthermore, research is limited with regard to the
simultaneous prediction of the flow and thermal fields to physically interpret the variation
of the aerodynamic and heat transfer performance using CNN-based approaches.

Therefore, the purpose of the present study is to establish two different models to
predict the characteristics of the flow and heat transfer around the NACA sections. One
model is established based on the CNN to predict the aerodynamic coefficients and the
Nusselt number. The other model is developed based on the encoder–decoder CNN
approach to predict the velocity, pressure, and thermal fields to physically interpret the
aerodynamic and heat transfer performance. The CFD is adopted to generate the dataset
for the training and testing of the models. The various architectures of the two models
are examined to identify their prediction performance. The geometric dependence of the
prediction performance of the established models are tested by considering the various
NACA section parameters. The predictive performance of the established CNN and ED
models are assessed both quantitatively and qualitatively by the mean absolute percentage
error and the contours of the absolute difference, respectively.

2. Methodology

The procedure of training and testing of the deep learning models is as follows. First,
the dataset of the NACA section is prepared by CFD simulations. The CNN model is
trained using input data of the image of the NACA section and the output label of drag
and lift coefficients and Nusselt numbers. Simultaneously, the ED model is trained with the
same input data as CNN model and the output label of distributions of velocities, pressure,
and temperature. Finally, the trained CNN and ED models are tested by comparing the
predicted results and the true ones.



Energies 2022, 15, 9204 3 of 18

2.1. Preparation of Dataset by CFD

The 561 NACA sections were chosen with the range of thickness (%) of 10–30, max-
imum camber position (%) of 0–6, and maximum camber (%) of 0–9. In many previous
studies [10,12,14,15], 80% and 20% of the dataset were used as the training and test data,
respectively. Thus, the present study uses the same ratios of 80% and 20% of the dataset for
training and testing, respectively, resulting in 471 and 90 NACA sections for training and
testing. These NACA sections were randomly selected.

2.2. Governing Equations

The present study considers the steady two-dimensional incompressible viscous con-
ditions to define the flow and thermal fields around the NACA section. The governing
equations are the continuity, Navier–Stokes, and energy equation, as follows.

∂ui
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= 0 (1)
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where xi, ui, ρ, p, µ, k and cp are Cartesian coordinates, corresponding velocity components,
density, pressure, viscosity, thermal conductivity, and specific heat, respectively. The semi-
implicit method for the pressure-linked equation (SIMPLE) algorithm is used to address
the pressure-velocity coupling and the overall solution procedure by using an iterative
solution approach, which was introduced by Patankar and Spalding [21]. The second-order
scheme was adopted for convection and pressure terms. A second-order central difference
scheme was adopted for diffusion terms. A convergence criterion of 10−6 was used in
our simulations. Further details of the implementation can be found in the STAR CCM+
manuals [22].

2.3. Computational Domain and Boundary Conditions

Figure 1 shows the boundary conditions and computational domain. A fixed Cartesian
coordinate (x,y) with the origin at the wing tip is adopted. The x-axis is parallel to the
inlet flow direction. The length and height of the computational domain are 25c and 16c,
respectively. A uniform flow was used on the inlet boundary, and the convective condition
(a∂ui/∂xi= 0) was imposed at the outlet, where a is the space-averaged streamwise velocity
at the outlet [23,24]. The no-slip condition was imposed on the surface of the NACA
section, and the far-field boundary was considered as the symmetry condition, as shown in
Figure 1. A Neumann condition was applied for the pressure boundary. For the temperature
boundaries, a constant temperature was imposed on the inflow boundary, and a convective
condition was applied at the outflow boundary. A constant temperature was applied on
the walls.

The Reynolds number (Re = ρU∞c/µ) of 1000 and Prandtl number (Pr = cpµ/k) of
0.7 were considered, with a angle of attack of 0◦.
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Figure 1. Schematic of computational domain and boundary conditions.

2.4. Grid System and Validation

The present grid system is presented in Figure 2, where the grid distribution near the
NACA section is inserted. The grid is smoothly stretched from the airfoil surface. In order
to evaluate the grid dependence, three different grid systems are generated by applying the
grid-refinement ratio of

√
2. Table 1 reports the results of the grid dependence test for three

grid systems for NACA 0012 at α = 0◦. The differences between the results of the three grid
systems are within 1%. Therefore, the medium grid system is selected for all computations.

Energies 2022, 15, x FOR PEER REVIEW 4 of 18 
 

 

2.4. Grid System and Validation 
The present grid system is presented in Figure 2, where the grid distribution near the 

NACA section is inserted. The grid is smoothly stretched from the airfoil surface. In order 
to evaluate the grid dependence, three different grid systems are generated by applying 
the grid-refinement ratio of √2. Table 1 reports the results of the grid dependence test for 
three grid systems for NACA 0012 at α = 0°. The differences between the results of the 
three grid systems are within 1%. Therefore, the medium grid system is selected for all 
computations. 

The present numerical methods are validated by comparing the present results with 
previous results [25,26], as seen in Table 2. The present aerodynamic coefficients and 
Nusselt number are similar with previous results [25,26]. 

 
Figure 1. Schematic of computational domain and boundary conditions. 

 
Figure 2. The grid system of the NACA section.  Figure 2. The grid system of the NACA section.



Energies 2022, 15, 9204 5 of 18

Table 1. Grid dependency test for NACA 0012 at α = 0 ◦.

Case Number of Volumes CD Difference (%)

Coarse 58,006 0.1253 −0.31
Medium 128,201 0.1256

Fine 192,302 0.1257 0.24

The present numerical methods are validated by comparing the present results with
previous results [25,26], as seen in Table 2. The present aerodynamic coefficients and
Nusselt number are similar with previous results [25,26].

Table 2. Comparison of aerodynamic coefficients and Nusselt number with previous data for the
NACA 0012 at α = 0 ◦ and 10◦.

Case α(◦) CD CL Nu

Kurtulus [25]
0

0.1207 0.0
Shrestha [26] - - 18.953

Present 0.1256 0.0 19.415

Kurtulus [25]
10

0.1649 0.4173
Present 0.1682 0.4123

3. Deep Learning Model
3.1. CNN Model

In the present paper, the CNN model using Tensorflow [27] is considered for the
prediction of drag and lift coefficients and Nusselt number. LeCun et al. [28] first intro-
duced the CNN model to improve the performance by significantly reducing the trainable
parameters, resulting in the CNN model becoming a representative deep learning model.
The convolutional, pooling, and fully connected layers compose the typical CNN model
architecture, as presented in Figure 3a. This architecture can also be divided as classification
and feature extraction. Convolutional and max pooling layer are applied to extract features
of input images, and hidden layers are fully connected with weights and bias. In the feature
extraction, the convolution layer-I and -II are convolved from the input and the convolution
layer-I, respectively. The pooling layer-I and -II are pooled from the convolution layer-I
and -II, respectively. Two fully connected layers of I and II are involved in the classification,
which classify the images. The images become a flattened array by converting the two-
dimensional array of the previous convolved and pooled layers to a one-dimensional array.
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3.2. ED Model

In addition to CNN, an ED model coded Tensorflow [27] is adopted to learn the
mapping of an input NACA section and the output of flow and thermal fields. In contrast
to the convolution layers, which are used to separate the input and extract feature maps,
the transposed convolution layers are adopted to build an output from those feature maps,
as shown in Figure 3b.

The ED models were validated to operate well for the image transformation [10]. Thus,
the present study adopts the ED model to formulate problems as an image transformation
task. The encoder part consists of the convolution layer-I and the convolution layer-II
to encode the extracted feature by using hierarchical representation of the input images.
Two fully connected layers of I and II are employed for the classification. The convolution
transpose layers-I and -II are used to decode output labels by using extracted features.
The number of blocks in the encoder part and the decoder part is identical, and each
block is composed of the same number of layers: convolutional or transpose convolutional
layer and an ReLU (Rectified linear unit) activation unit, excepting the output blocks. All
convolution and transposed convolution operations are operated with a 3 × 3 filter size.
Figure 3b shows the proposed ED architecture.

4. Results and Discussion
4.1. Training of CNN and ED Models

The processes of CNN and ED trainings are comparable to those of the optimization,
which is realized by the minimization of the mean square error (MSE). The training is
performed using ADAM [29] and the backpropagation algorithm [28,30].

The main purpose of the training process is the minimization of the loss function. The
present study considers MSE as the loss function. The MSE is defined by the difference
between the true data and the CNN model prediction, as follows:

MSE =
1
N

N

∑
i=1

(Pdi − Tri)
2 (4)

where Pd is the output predicted by the model, Tr is the true output, and N is the number
of data points. Normalization is performed to output features such that the output values
are in between−1 to 1. In other respects, normalization is not required for the input images,
as the pixel values ranges from 0 to 1.

The numbers of the pooling, fully connected, and convolutional layers can be flexibly
chosen according to the problem complexity. Hence, the diverse architectures of the
CNN model are evaluated by considering different numbers of the fully connected and
convolutional layers.

The three different layer numbers of 1, 3, and 5 are considered as the convolution layer.
In addition, the three fully connected layer numbers of 1, 2, and 3 are considered in this
study. The CNN model architectures are designed by the combinations of convolution
and fully connected layers with different layer numbers in Table 3. These CNN model
architectures are plotted in Figure 3a.

Table 3. Parameters for CNN model.

CNN Model Convolution Layers Fully Connected Layers

CA-1C2F 1 2
CA-3C2F 3 2
CA-5C2F 5 2
CA-3C1F 3 1
CA-3C5F 3 3

First, the effect of the convolution layer number on the training of the CNN model is
studied by considering the three convolutional layers of CA-1C2F, CA-3C2F, and CA-5C2F,
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where F and C are the fully connected and convolution layers, respectively. In this test of
the dependence of the convolution layer number, the number of the fully connected layers
is fixed as two.

The time evolutions of the MSE for three convolution layers present no considerable
difference in convergence, as presented in Figure 4. Thus, the number of convolution layers
of three is selected to evaluate the impact of the fully connected layer number on the error
convergence by considering smaller and larger numbers of 1 and 5 rather than 3. As a
result, three fully connected layers of CA-3C1F, CA-3C2F, and CA-3C3F give a similar
validation and training of the MSE convergence, as shown in Figure 4. Eventually, the
CNN model architectures adopted in the present research provide a saturated MSE with
about the same error convergence. As a result, the CA-3C2F is chosen for further study.
The training is stopped after 1000 epochs, when the MSE is no longer significantly reduced.
The MSE becomes small to less than 5.0 × 10−5.
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In order to establish the encoder–decoder network architecture to correctly predict the
velocity vectors, pressure, and thermal fields around different NACA sections, the effect
of the hyperparameters in the encoder–decoder network architecture on the convergence
is evaluated by estimating the MSE according to the epoch. As mentioned for the ED
model architecture, a network configuration is symmetrically constructed in the present
research. Hence, the encoder and the decoder parts contain the same number of blocks.
In addition, each block is composed of the same number of layers. The various ED
model architectures are presented in Table 4, showing the three types of convolution
and transposed convolutional layers. The convolution layers have 1, 3, and 5 numbers. The
transposed convolutional layers have 1, 2, and 3 numbers

Table 4. Parameters for ED model.

ED Model
Convolution Layers

and
Convolutional Transpose Layers

Fully Connected Layers

ED-1C2F 1 2
ED-3C2F 3 2
ED-5C2F 5 2
ED-3C1F 3 1
ED-3C3F 3 3
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The same procedure and layer numbers of the ED model with the CNN model are
adopted for the evaluation of the error convergence. Therefore, first, with three fixed fully
connected layers, three convolutional and transposed convolutional layers of ED-1C2F, ED-
3C2F, and ED-5C2F are examined to identify their effect on the error convergence. The time
series of the MSE for different convolution and transposed convolutional layers have no
significant discrepancy in the convergence, as clarified in Figure 5. Thus, the medium layer
numbers of three is selected as the number of convolutional and transposed convolutional
layers; then, the effect of the fully connected layer number on the convergence of the error
is assessed by considering two additional fully connected layers with the layer numbers
of 1 and 5. Eventually, the ED model architectures considered in the present research
provide a saturated MSE with similar error convergence. Therefore, ED-3C2F is chosen for
further study.
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4.2. Prediction of Aerodynamic Coefficients and Nusselt Number

The accuracy performance of the established CNN model for predicting the aerody-
namic (force coefficients) and thermal performance (Nusselt number) for the inputs of
the NACA section surface image is evaluated by using the 200 NACA section samples
corresponding to about 20% of the dataset. The drag and lift coefficients (CD and CL) are
popularly used to assess the aerodynamic performance of the NACA section, and the
Nusselt number (Nu) represents the thermal efficiency. Thus, the predicted CD, CL, and Nu
are compared to the true values obtained by CFD simulations. The prediction accuracy of
the established CNN model is presented by the scatter plots for CD, CL, and Nu, as shown
in Figure 6.

Most predicted values of CD, CL, and Nu are clustered near the 45◦ line, as shown
in Figure 6a–c, respectively. These distributions mean that the values predicted by the
established CNN model are close to the true values obtained by the CFD.

The comparison of the CNN model predicted values and the true ones is performed
for the various NACA section shapes covering the maximum camber, camber position, and
thickness according to the designation of the NACA Section 4-digit series. Therefore, these
scatter plots support the reliability of the accuracy performance of the established CNN
model and the applicability, which is nearly independent of the NACA section shapes.
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4.3. Prediction of Flow and Thermal Fields

In order to select the NACA sections to examine the prediction performance of the
established ED model predicting the flow and thermal fields, the combination of the
parameters to define the NACA Section 4-digit series is utilized. As a result, four NACA
sections of 2412, 5412, 2912, and 2430 are considered to evaluate the prediction capability
of the ED model. The NACA 2412 is selected as the reference to compare the effect of the
geometric parameter. The maximum camber of 2 is changed into 5 by considering NACA
5412. The position of the maximum camber increases from 4 to 9 by considering NACA
2912. The maximum thickness of 12 increases to 30 by adopting NACA 2430.

The flow fields of four NACA sections of NACA 2412, NACA 5412, NACA 2912, and
NACA 2430 are presented as the contours of x- and y-directional velocities of u and v in
Figures 7 and 8, respectively, where the predicted and true flow fields are compared and
the error distributions are exhibited to determine the accuracy of the established ED model
for flow field prediction. In general, the distributions of the predicted streamwise and
vertical velocities are about the same as those of the true ones, regardless of the geometric
parameters defining the NACA section, as shown in Figures 7 and 9.

The relatively large difference between the predicted and true streamwise velocities
appears in the areas over the lower and upper surfaces, where the local large velocities
occur and form steep gradients, as shown in Figure 7.

The variations of the maximum camber and its position have a minor effect on the
error of the predicted streamwise velocities, as shown in Figure 7a–c for NACA 2412, 5412,
and 2912, respectively. However, the maximum thickness of the NACA section gives a
larger effect on the error of the predicted streamwise velocities, as shown in Figure 7d for
NACA 2430.

The established ED model closely predicts the vertical velocity around the NACA
section in comparison with true ones, regardless of the geometric parameter, as clarified
in Figure 8. The distribution of the errors for the vertical velocity is consistent with that
for the streamwise velocity. Namely, the large errors appear in the regions where the local
large velocities occur and form steep gradients. Hence, the leading edge forms larger
upward and downward vertical velocities, resulting in the appearance of the large errors
in the region near leading edge. In particular, the large thickness of the NACA section
forms a wider area of errors, as shown in Figure 8d for NACA 2430. Additionally, the
trailing edge for the NACA sections with large thickness contributes great variation of the
vertical velocity, leading to larger errors in region near the trailing edge. However, the
established ED model is able to reliably predict the flow characteristics, and these errors
are not considered significant.
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Figure 9. 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.

The distributions of the pressure coefficients are strongly associated with the flow
stagnation, acceleration, and deceleration over the surface. Therefore, the contours of the
pressure coefficient for four NACA sections in Figure 9 can be comparable to those of the
streamwise velocity in Figure 7. Additionally, the distributions of the pressure coefficients
over the surface govern the aerodynamic coefficients of CD and CL. Thus, the predicted
and true values of CD and CL for the four different NACA sections in Figure 10 also verify
the reliability of the present CNN model.
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The highest pressure occurs at the stagnation point near the leading edge. The flow
turns around and accelerates over the surface, forming a local high speed region, where the
lowest pressure appears. NACA 2412 and 5412 form the maximum streamwise velocity
over the upper surface, as shown Figure 9a,b, respectively. NACA 5412 forms larger
and wider streamwise velocity over the upper surface than NACA 2412. Thus, NACA
5412 forms lower pressure in a wider area over the upper surface than NACA 2412. As a
result, NACA 5412 gives larger CL than NACA 2412, as shown in Figure 9a for NACA 2412
and Figure 9b for NACA 5412.

In the case of NACA 2912, where the position of the maximum camber is closer to
the trailing edge, the pressure coefficients over the upper and lower surfaces reveal very
similar distribution (see Figure 9c), since the streamwise velocities over the upper and
lower surface are more symmetrically distributed than NACA 2412 and 5412, as shown in
Figure 7. These predicted pressure and velocity fields give a reliable physic explanation
for the CL of NACA 2912, which is much smaller than that of NACA 2412 and 5412 in
Figure 10.

As well known, as the thickness becomes large, the drag increases and the lift decreases.
The present predicted CD and CL of NACA 2430 are larger and smaller than those of the
NACA 2412, respectively, as shown in Figure 10. This thickness effect on the aerodynamic
coefficients is clearly supported by the pressure distributions in Figure 9, where high
pressure is widely distributed near the leading edge.

The predicted and true thermal fields with dimensionless temperatures for four NACA
sections are compared in Figure 11. In addition, the predicted Nusselt numbers by the
present CNN model and the true ones are presented in Figure 12. Regardless of the
geometric parameters, the present ED model closely predicts the isothermal distributions
near the NACA sections as compared to those of the true results.
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The present study considers the forced convection, which is governed by the fluid flow.
Thus, it can be expected that the flow fields and the aerodynamic coefficients can explain
the thermal field, which determines the Nusselt number. Although the predicted flow
and thermal fields closely represent the true ones, it seems that the contours of velocities,
pressure, and temperature are not enough to explain the variation of the Nusselt number
according to the geometric parameter of the NACA section. It is difficult to find the
correlation between the aerodynamic coefficients and the Nusselt number for the NACA
sections in Figures 10 and 12. Additionally, it is difficult to clearly identify the thermal
gradients on the wall based on the predicted isothermal contours near the NACA section in
Figure 11. Thus, in order to physically interpret the heat transfer performance of the NACA
sections, more quantitative and qualitative information, such as the high resolved thermal
variation in the vicinity of the surface and the local viscous and pressure components of
the aerodynamic coefficients, are needed to define the correlation to the Nusselt number.

The percentage of data points to the total data points is presented according to the
cumulative percentage of absolute error in Figure 13. More than 80% of data points have
less than 10% deviation from the true values, as shown in Figure 13. About 3.5% of data
points have more than 100% error; these can be considered as outliers. Nevertheless,
these data points with large errors appear in the predicted u, v pressure coefficient and
thermal fields in Figures 8–10, and 12. Generally, these data points with large errors are
distributed near the surface of the NACA, section where the predicted values form a very
sharp gradient, leading to possible misinterpretation of a quantitative assessment of the
present established model. Generally, the mean absolute percentage error is simply used
as the measurement of the prediction accuracy. The present ED model achieves an overall
accuracy of approximately 87%.
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5. Conclusions

The present study established two different deep learning models to predict the char-
acteristics of the fluid flow and heat transfer around the NACA sections. One established
model based on the CNN is utilized to predict the aerodynamic coefficients of CD and
CL as the aerodynamic performance and the Nusselt number as the indication of the
force heat transfer performance. The other model based on the encoder–decoder CNN
approach was established to predict the velocity, pressure, and thermal fields. These flow
and thermal fields were predicted to explain the performances of the aerodynamic and
heat transfer. These two models were trained and tested by the dataset extracted from the
CFD simulations.

The various architectures of CNN and ED models were constructed by using different
numbers of the fully connected and convolutional layers. These architectures of CNN
and ED models were assessed by the convergence histories of MSE. The scatter plot of the
prediction accuracy for the test set identified that the values predicted by the CNN model
are very similar to the actual values.

The predictive performance of the established ED model was assessed both quan-
titatively and qualitatively by the absolute difference contours and the mean absolute
percentage error, respectively. The flow and thermal fields of the velocity components,
the pressure coefficients, and the temperature between the ED model prediction and the
truth were evaluated by the absolute difference contour plots. The predictions mostly
matched well with the true data. However, relatively large errors appeared in regions
where the sharp gradients of each dependent variable occurred, near the leading edge and
over the surfaces containing the maximum and minimum. Thus, a highly resolved and
larger dataset are needed to improve the prediction capability of the ED model.

The contours of the velocity components and the pressure coefficients reasonably
explained the variation of the aerodynamic coefficients of CD and CL for different geometric
parameters of the NACA section. However, the contours of velocities, pressure, and
temperature were not adequate to explain the variation of the Nusselt number according
to the geometric parameter of the NACA section, owing to the lack of the correlation
between the force coefficients and the Nusselt number, and the insufficient resolution of
the isotherms to clearly identify the temperature gradients. Thus, in order to physically
interpret the heat transfer performance, more quantitative and qualitative information,
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such as the high resolved temperature variation in the vicinity of the surface and the
local viscous and pressure components of the force coefficients, are needed to define the
correlation to the Nusselt number.

Consequently, the present approaches will be valuable to design the NACA section–
based shape, giving higher aerodynamic and heat transfer performances by quickly predict-
ing the force and heat transfer coefficients. In addition, the predicted flow and thermal fields
will provide the physical interpretation of the aerodynamic and heat transfer performances.

The present study presents the performance of the CNN and ED models through
prediction of the characteristics of the two-dimensional flow and heat transfer around the
airfoils. It implies that the deep learning model may be applied to predict the performance
of three-dimensional airfoils with different shapes and Reynolds numbers. Therefore,
the prediction of aerodynamic performance for three-dimensional airfoils with different
Reynolds numbers and various shapes can be a promising research area in the future.
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