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Abstract 

In this study, an Artificial Neural Network (ANN)-based method is proposed to predict the aerodynamic characteristics of 
airfoils, such as NACA 0012, NACA 0015, NACA 0018, NACA 0021, and NACA 0025. The flow around the airfoils is 
approximated as a function of the Reynolds number (Re), angle of attack (α), and airfoil coordinates (𝑋, 𝑌). The model 
predicts the lift coefficient (𝐶𝐿) and drag coefficient (CD) without requiring extensive computational resources or software 
packages. Wind turbine data were obtained for CL and CD at different angles of attack (0° ≤ α ≤ 180°) and Reynolds 
numbers (104 ≤ Re ≤ 107). The ANN model was trained to achieve a root mean square error (RMSE) of less than 0.12 and 
0.025 for CL and CD, respectively. When evaluating new data, the RMSE of the trained model was less than 0.09 for CL 
and 0.12 CD. The results were further validated in a two-dimensional numerical domain using Reynolds-Averaged Navier–
Stokes (RANS) computational fluid dynamics (CFD) simulations and experimental data. The proposed ANN approach 
demonstrated good agreement in predicting the stall characteristics and aerodynamic performance for angles of attack (𝛼) 
ranging from 0° to 30°. 

Keywords: Airfoil’s aerodynamics; Computational Fluid Dynamics (CFD); Artificial Neural Network in aerodynamic 
design. 

Yapay Sinir Ağı kullanarak kanat profillerinin aerodinamik özelliklerinin kestirimi 

Özet 

Bu çalışmada; NACA 0012, NACA 0015, NACA 0018, NACA 0021 ve NACA 0025 gibi kanat profillerinin aerodinamik 
özelliklerini tahmin etmek için yapay sinir ağı (YSA) tabanlı bir yöntem önerilmiştir. Kanat profilleri etrafındaki akış; 
Reynolds sayısı (Re), hücum açısı (𝛼) ve kanat profili koordinatlarının (X, Y) bir fonksiyonu olarak yaklaşımsal olarak 
hesaplanmıştır. Geliştirilen model, kapsamlı hesaplama kaynaklarına veya yazılım paketlerine ihtiyaç duymadan taşıma 
katsayısı (CL) ve sürükleme katsayısını (CD) tahmin etmektedir. Farklı hücum açılarında (0° ile 180° arası) ve Reynolds 
sayılarında (104 ≤ Re ≤ 107) CL ve CD değerlerine yönelik rüzgar türbini verileri elde edilmiştir. YSA modeli, CL ve CD için 
sırasıyla 0,12 ve 0,025'ten daha düşük bir kök ortalama kare hata (RMSE) değerine ulaşacak şekilde eğitilmiştir. Yeni 
veriler değerlendirildiğinde, eğitilen modelin RMSE değeri CL için 0,09'dan, CD için ise 0,12'den küçük çıkmıştır. Elde 
edilen sonuçlar; Reynolds-Averaged Navier–Stokes (RANS) tabanlı hesaplamalı akışkanlar dinamiği (HAD) 
simülasyonları ve deneysel veriler kullanılarak iki boyutlu sayısal bir alanda ayrıca doğrulanmıştır. Önerilen YSA 
yaklaşımı, 0° ile 30° arasında değişen hücum açıları (𝛼) için perdövites (stall) özelliklerinin ve aerodinamik performansın 
tahmin edilmesinde iyi bir tutarlılık göstermiştir. 

Anahtar Kelimeler: Kanat profillerinin aerodinamiği; Hesaplamalı Akışkanlar Dinamiği (HAD); Aerodinamik tasarımda 
Yapay Sinir Ağları  

https://dergipark.org.tr/en/pub/pirireisjournal
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1 Introduction 
 
Analysis of flow past airfoils has many practical applications 
in aerodynamics (Ismail et al., 2015; Singh et al., 2022; 
Hasan et al., 2024) and hydrodynamics (Esmaeili &Sousa, 
2020; Song et al., 2020; Hasan et al., 2023), such as the 
design of air vehicles, wind turbines, fans, rudders, and 
aircraft (Lin et al., 2013). The airfoil shape is responsible for 
producing lift and drag for wind turbines, aircraft wings, and 
ship rudders. Therefore, the precision of the lift coefficient 
(CL) and drag coefficient (CD) has a significant impact on the 
airfoil design process. The NACA series is the most widely 
used airfoil profile owing to its unique geometry, which 
allows for a high lift and low drag, making it both 
economical and effective. This unique geometry also 
contributes to the airfoil strength and stall reduction. NACA 
profiles are also used in other foil-shaped structures, such as 
propellers (Takekoshi et al., 2005), propeller ducts (Yilmaz 
et al., 2013), marine current turbines (Goundar et al., 2012), 
and fins (Ram et al., 2015). Furthermore, owing to its 
extensive application in various fields of study, the NACA 
series is the most thoroughly investigated airfoils. The 
standard NACA 00 series is used in various ships (Liu et al., 
2016), wind turbines (Douvi & Margaris, 2012), and aircraft 
wings (Del Pino et al., 2011). Currently, the majority of this 
flow analysis is performed using computational fluid 
dynamics (CFD), which solves the Navier-Stokes (NS) 
equations (Rojas-Sola et al., 2016). However, there are a few 
drawbacks in using CFD for flow analysis. For example, the 
CFD solution accuracy is highly dependent on the initial or 
boundary conditions used as an input to the numerical model 
(Raman et al., 2018). Furthermore, the high cost of CFD 
analysis is primarily owing to the need for very high 
computational power (Jameson, 1996) and the time required 
to generate many accurate aerodynamic databases (Tang et 
al., 2005). 

 
Trained artificial neural network (ANN) models have 
recently gained attention for learning the responses of large, 
complex, and nonlinear systems (Liu et al., 2017). This trend 
has spread to physical modeling simulations, wherein 
traditional techniques are being replaced by deep learning, 
or more specifically, ANNs (Kononenko & Kononenko, 
2018; Jokar & Semperlotti, 2021). A variety of deep learning 
approaches are being used to simplify the novel numerical 
computations associated with flow analysis because a 
trained neural network can produce results in near real time 
compared to CFD analysis. Guo et al. (2016) used a 
convolutional neural network (CNN) to analyze non-
uniform steady laminar flow fields around bluff body 
objects. Lee & You (2019) used deep learning to predict 
unsteady flow fields over a circular cylinder based on the 
data. For fluid flow problems, (Mao et al., 2020; Bai and 
Zhang, 2022; Cai et al., 2022; Sekar et al., 2022;) used 
physics-informed  neural networks (PINNs) (Raissi et al., 
2019). 

  
 

In analyzing the flow past an airfoil, (Bhatnagar et al., 2019) 
used a CNN to predict the velocity and pressure distributions 
around an airfoil. In contrast, different CNN architectures 
and training methods have been combined to compute 
aerodynamic coefficients such as the lift, drag, and pitch 
moment coefficient of a flow past an airfoil (Yuan et al., 
2018; Zhang et al., 2018; Chen et al., 2020). Sekar et al. 
(2019) used a combination of CNNs and a multilayer 
perceptron (MLP) to predict the flow around airfoils. Yu et 
al. (2019) developed a more complex CNN architecture than 
their peers to predict the CL better. Xu et al. (2021) predicted 
unsteady cavitation around a Clark-Y hydrofoil by using 
machine learning. Finally, Peng et al. (2022) used an element 
spatial convolution neural network (ESCNN) for predicting 
the airfoil CL. Ahmed et al. (2024) explored the application 
of back-propagation neural networks (BPNN), regression 
trees (RTs), and support vector machines (SVMs) to predict 
airfoil coefficients, by comparing their performance, with 
BPNN exhibiting the best results in terms of mean squared 
error and correlation coefficient values. Hadipour-Gudarzi et 
al. (2023) focused on utilizing machine learning methods 
such as Random Forest, XGBoost, Extra Tree, Bayesian 
Regression, and Support Vector Machine to estimate 
aerodynamic coefficients of membrane wings, aiming to 
simplify the process and reduce costs compared to traditional 
numerical and experimental approaches. It emphasizes the 
significance of factors like air permeability, weight per 
square meter, and weave pattern of fabric in calculating 
aerodynamic properties of fabric-covered airfoils. 

 
Because problems must be converted into numerical values 
before being introduced into an ANN, a dataset of various 
aerodynamic coefficients must be generated to train the 
neural network. The dataset can be derived from the NS 
equation-based CFD simulations, wind tunnel test 
measurements, or a combination of these (Thirumalainambi 
& Bardiana, 2003). Previous studies that used ANN models 
to predict aerodynamic characteristics relied heavily on 
different CFD simulation software tools to generate training 
data (Zhang et al., 2018; Bhatnagar et al., 2019; Sekar et al., 
2019; Oztiryaki & Piskin, 2021; Ahmed et al., 2022; Peng et 
al., 2022). However, CFD simulation software tools have 
certain real-world limitations, most notably, the inability to 
accurately predict the stall angle when compared to 
experimental data (Suvanjumrat, 2017; Kallstrom, 2022). 
Consequently, ANN models generated from these data will 
eventually mimic those limitations because the accuracy of 
the ANN is heavily dependent on the data quality during the 
training phase. The dataset used in this study was obtained 
from the results of a wind-turbine experiment (Sheldahl & 
Klimas, 1981). This study aims to use an ANN to predict the 
aerodynamic characteristics of airfoils accurately. 
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2 RANS-based CFD analysis 
 
Numerical simulations of the NACA 0012 (Douvi et al., 
2012), NACA 0015 (Şahin & Acir, 2015), NACA 0018 
(Timmer, 2008), NACA 0021 (Holst et al., 2018), and 
NACA 0025 (Castelli et al., 2012), which are part of a family 
of NACA 4-digit symmetric airfoils, were performed. Such 
airfoils are used in marine rudders (Liu et al., 2016; Tasif et 
al., 2017), marine turbines (Consul et al., 2013), and wind 
turbines (Claessens, 2006; Mohamed, 2012). The 
simulations were performed using ANSYS Fluent Students 
version 2022, and ANSYS Mechanical Students version 
2022 was used to generate high-quality meshes. 
 
2.1 Mathematical formulation 
 
The equation for mass conservation and momentum 
conservation for any fluid flow problem can be written as 
(Douvi et al., 2012) 
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where 𝜏̅ is the stress tensor, which can be written as 
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For two-dimensional (2-D) steady and incompressible flows, 
the continuity equation and momentum equations for 
viscous flow in the x and y directions can be expressed as 
follows: 
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2.2 Turbulence models 
 
Simulations were performed using realizable k-ϵ (Shih et 
al., 1995), k-ω (Menter, 1994), and the Spalart-Allmaras 
turbulence model (Spalart & Allmaras, 1992) with a 
Reynolds number (Re) of 1.6 × 105 and an angle of attack 
(α) ranging from 0° to 30°. 

 
2.2.1 Realizable k-ϵ model 
 
The realizable k-ϵ model predicted the planar and round jet 
spreading rates more accurately. It could also perform well 
in rotational flows and boundary layers with high-pressure 
gradients, separation, and recirculation (Bulat & Bulat, 

2013). The transport equations in this model are as follows 
(Douvi et al., 2012): 
 
𝜕
𝜕𝑡
(𝜌𝑘) +

𝜕
𝜕𝑥!

)𝜌𝑘𝑢!+ = 

 (7) 
&
&,#

@A𝜇 2$
3%
B &4
&,#
C + 𝐺4 + 𝐺5 − 𝜌𝜀 − 𝑌+ + 𝑆4 ,  

 
𝜕
𝜕𝑡
(𝜌𝜀) +

𝜕
𝜕𝑥!

)𝜌𝜀𝑢!+ = 

 (8) 
"
"#!

./𝜇 $"
%#
1 "&
"#!
2 + 𝜌𝐶'𝑆& − 𝜌𝐶(

)$

*+√-)
+ 𝐶')

)
*
𝐶.)𝐺/ + 𝑆) ,  

where 
𝑪𝟏 = 𝐦𝐚𝐱 <𝟎. 𝟒𝟑, 𝒏

𝒏+𝟓
A , 𝒏 = 𝑺 𝒌

𝜺
, 𝑺 = D𝟐𝑺𝒊𝒋𝑺𝒊𝒋 (9) 

The formation of turbulent kinetic energy due to the mean 
velocity gradients is represented by 𝐺4 in these equations. 
The formation of turbulent kinetic energy owing to 
buoyancy is denoted by 𝐺5, and 𝑌6 indicates the 
contribution of variable dilatation to the overall dissipation 
rate in compressible turbulence (𝑌6 = 2𝜌𝜖𝑀'

), where 𝑀' is 
the turbulent Mach number). The turbulent Prandtl 
numbers for 𝑘	and 𝜖 are 𝜎4 and 𝜎7, respectively. The source 
terms 𝑆4	and 𝑆7	are user defined. The realizable k-𝜖 model 
constants are 𝐶89 = 1.44	𝐶) = 1.9	𝜎4 = 1 and 𝜎7 = 1.2. 
 
2.2.2 SST k-ω model 
 
The SST k-ω turbulence model, which is suitable for 
industrial applications, combines the standard k-ϵ model in 
free flow with the Wilcox k-ω model near walls. It has the 
same resolution requirements as the Wilcox k-ω model and 
low Re as the standard k-ϵ model; however, its formulation 
eliminates some of the shortcomings of these models 
(Versteeg & Malalasekera, 2007; Frei, 2017). The k-ω SST 
model has two equations that can be written as 
(Suvanjumrat, 2017). 
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where k, 𝜔, 𝜈, and y represent the turbulent kinematic 
energy, turbulent frequency, dynamic viscosity, and distance 
to the solid wall, respectively, and 𝜎4, 𝛽∗, 𝜎;8, 𝛾), 𝛽), and 
𝜎;) have values of 1.0, 0.09, 2.0, 0.44, 0.083, and 1.17, 
respectively. 
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2.2.2 Spalart-Allmaras model 
 
The Spalart-Allmaras model is an airfoil-applicable, one-
equation turbulence model. The model is effective at 
predicting stalled flows in boundary layers with adverse 
pressure gradients (Versteeg & Malalasekera, 2007). The 
equation for this model can be written as (Suvanjumrat, 
2017) 
𝝏(𝝆𝒗Y)
𝝏𝒕 + 𝒅𝒊𝒗	(𝝆𝒗Y𝑼𝒊) = 

𝟏
𝝈𝒗
𝒅𝒊𝒗 <(𝝁 + 𝝆𝒗Y)𝛁𝒗Y + 𝝆𝑪𝒃𝟐

𝝏𝒗A
𝝏𝒙𝒊

𝝏𝒗A
𝝏𝒙𝒊
A + (12) 

+𝝆𝑪𝒃𝟏𝒗Y𝛀b − 𝝆𝑪𝒘𝟏 J
𝒗Y
𝒌𝒚M

𝟐

𝒇𝒘 

𝛀b = 𝛀𝒊𝒋 +
𝛁

(𝒌𝒚)𝟐
𝒇𝒗𝟐, (13) 

 

where 𝑣T, ΩV, Ω<=, and 𝜇 represent the kinematic eddy 
viscosity, local mean vorticity, and mean vorticity tensor, 
respectively. Furthermore, the wall-damping functions are 
denoted as 𝑓-) = 𝑓-) A

->
-
B and 𝑓?. The values of 𝜎-, 𝐶58, 𝐶5), 

and k are 0.67, 0.1355, 0.622, and 0.4187, respectively. 
 
2.3 Airfoil domain and boundary conditions 
 
Suvanjumrat (2017) studied the effects of domain 
dimensions on the RANS-CFD solution accuracy and 
found that the average error of the CL and CDs for a 
downstream length of 26 times the chord length of the 
airfoil was less than that of other varied downstream 
lengths for the NACA 0015 airfoil. Therefore, a C-type 
domain with a radius of 13c and downstream length of 26c 
was used, as shown in Figure 1. 

Figure 1 Flow past an airfoil simulation in the C-type 
domain. 

Uniform velocities were assigned to the inlet flow on the left 
side of the C-type domain. The top and bottom walls are 
subjected to slip boundary conditions. Atmospheric pressure 
controlled the right side of the domain outlet flow. The 
symmetry form of the boundary condition defined the front 
and rear domains. No-slip conditions W𝑢0 = 0X were 
imposed only on the airfoil profile wall. For the simulations, 
the Re was 1.6	 × 10@, indicating that the flow was 
incompressible. Consequently, an incompressible flow of air 
with a density (𝜌) of 1.225 𝑘𝑔/𝑚* and a dynamic viscosity 
(𝜈) of 1.7894	 × 10A@ 4B

%C
 was chosen. 

 
2.4 Grid generation 
 
The solution outcome is strongly dependent on the grid 
size. More nodes improve the accuracy of a numerical 
solution; however, they consume more computational 
resources and time. Therefore, the first step in the CFD 
simulation was to investigate how the grid size affects the 
solution outcomes. Table 1 presents the effect of the grid 
cell number on the CL and CD at 5° and 9° angles of attack 
with a Re of 1.6	 × 10@ for the airfoils. The results showed 
that a C-type grid with 76400 quadrilateral cells would be 
sufficient for a grid-independent solution. As certain parts 
required greater computational precision, the grid 
resolution was higher in such areas, particularly around the 
airfoils. The near wall cells on the upper and lower surfaces 
of the airfoil were adjusted to get the desired 𝑦D value of 
1, based on boundary layer theory using the Pointwise® 𝑦D 
calculator. The inner parts of the boundary layer should be 
adequately resolved to a size of 𝑦D. The grid around the 
NACA 0025 airfoil and associated near-body grid are 
shown in Figure 2.
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Table 1 Grid convergence study for a different number of cells on the surface of airfoils with a Re of 1.6	 × 10@. 

 
 

 
(a) 

 
(b) 

Figure 2 (a) Grid around NACA 0025 airfoil and (b) Detail 
close to the NACA 0025 airfoil. 

The steady-state convergence was also studied for a 
varying number of iterations, as presented in Table 2. 

Table 2 Steady state convergence study for a different 
number of iterations on the NACA 0025 airfoil with a 
Reynolds 

Test 
case 

No.of 
iterations 

Angle of attack, α 
9° 

CL 

% 
Deviation 

from  CD 

% 
Deviation 

from  
Case 1 Case 2 

Case 3 100 0.9002 63.49% 0.70451 2015.83 
Case 2 500 0.5819 5.68% 0.04072 22.3 
Case 1 1000 0.5506 0.00% 0.0333 0 
Case 4 1300 0.5493 -0.23% 0.03325 -0.14 
Case 5 1500 0.5494 -0.22% 0.03341 0.33  

The study revealed that 1000 iterations were sufficient for 
the RANS-CFD simulations to reach a steady state. Similar 
steady-state convergence studies were conducted for the 
remaining airfoils. It was found that 1000 iterations were 
sufficient for this type of study. A summary of the RANS-
CFD scheme used is presented in Table 3. 
 
Table 3 Summary of the RANS-CFD scheme used. 

Particulars Scheme 

Solver 2D double-precision parallel 
steady-state 

Pressure-Velocity 
Coupling SIMPLE 

Gradient Least-Square Cell-Based 
Pressure Second Order 

Momentum Second Order 
Turbulent Kinetic 

Energy Second Order 

Specific Dissipation 
Rate Second-Order Upwind 

Convergence Criteria 10-6 
Iteration 1000 
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3 ANN model creation 
 
ANNs are inspired by the human brain. It can be created on 
a computer by simulating the processes of real neurons 
(Krogh, 2008). ANNs (Abiodun et al., 2019; Rahman et al., 
2020) can learn to solve various problems. The main goal 
of designing an ANN model is to make good predictions 
for new data, or, in other words, for the model to be 
generalizable. The first step in creating such a network is 
to create a dataset. 
 
3.1 Dataset preparation 
 
The dataset used in this study includes the airfoil 
coordinates (X, Y), angle of attacks (𝜶), Re, CLs, and CDs. 
An online database for an airfoil profile generator 
(Airfoiltools, 2022) was used to generate 201 airfoil 
coordinates (X, Y) for an individual airfoil. Wind turbine 
experimental data from (Sheldahl and Klimas, 1981) were 
used for the remaining features, where the values of 𝜶 
(𝟎° ≤ 𝜶 ≤ 𝟏𝟖𝟎°), CL, and CD were obtained at different 
values of Re (104 ≤ Re ≤ 107) for the NACA 0012, NACA 
0015, NACA 0018, NACA 0021, and NACA 0025 airfoils. 
Observations with an Re of 𝟏. 𝟔	 × 𝟏𝟎𝟓 were then 
separated and used as test data. Eighty percentage of the 
remaining observations were used for training and 20% 
were used to validate the accuracy of the model after each 
epoch. Table 4 summarizes the data breakdown. The 
dataset used in this study is available on the following 
Github repository (https://github.com/mmh38/Predicting-
aerodynamic-characteristics-using-ANN) 

 
Table 4 Partition of the dataset. 

Dataset Observations 

Training data 2078 
Validation data 520 

Testing data 80 
 

3.2 Network architecture 
 
The used ANN architecture, as shown in Figure 3, 
consisted of an input layer, hidden layers, and an output 
layer, each with neurons. The input layer took all the input 
features, such as airfoil coordinates (X, Y), angle of attack 
(α), and Re, and calculated the weighted sum of the inputs 
before adding the bias term. To generate the transformed 
features, this linear combination was passed through a non-
linear activation function. The output of the input layer was 
then iteratively passed to the next layers up to the final 
layer, which predicted the output features, namely, the CL 
and CD. Thus, through a series of mappings, the input 
features were mapped to the output features. Eq. 14 
provides the output of a neuron in the lth layer. 

𝒂𝒋𝒍 = 𝝈𝒍 /∑ 𝒘𝒋𝒌
𝒍 𝒂𝒌𝒍I𝟏 + 𝒃𝒋𝒍𝑵𝒍,𝟏

𝒌K𝟏 1 (14) 

 

The non-linear activation function in the 𝑙'F layer is 
denoted as 𝜎G. The weight connection between the 𝑗'F 
neuron of the 𝑙'F layer and the 𝑘'F neuron of the (𝑙 − 1)'F 
layer is represented as 𝑤=4. The activation and bias terms 
of the 𝑗'F neuron in the 𝑙'F layer are 𝑎= and 𝑏=, 
respectively, Nielsen (2015). A backpropagation 
algorithm (Rumelhart et al., 1988) was used to adjust the 
weights and biases. The rectified linear unit function 
[ReLU = max of (0, x)] has been used as a non-linear 
activation function, because it can train the network faster 
(Dubey et al., 2021). 

 

 
Figure 3 ANN architecture used in the aerodynamic 
characteristic prediction network. 

 
 

4 Results and Discussion 
 
4.1 RANS-CFD approach 
 
Simulations for various angles of attack (α) were performed 
to compare the results of the three turbulence models and the 
ANN model predictions with the experimental data 
(Sheldahl and Klimas, 1981). Therefore, the model was 
solved for angles of attack (α) ranging from 0° to 30°. Here, 
Figures. 4a, 5a, 6a, 7a, and 8a show the simulation results of 
the static pressure at an angle of attack (α) 7° with three 
different turbulence models for the NACA 0012, NACA 
0015, NACA 0018, NACA 0021, and NACA 0025 airfoils, 
respectively. The choice of 7° is solely for the purpose of 
showing the simulation results. The red and blue colors 
represent the maximum and minimum pressure regions, 
respectively. The lower surface of the leading edge exhibited 
the highest pressure, effectively pushing the airfoils upward, 
that is, normal to the incoming flow stream. The contours of 
the velocity components at (α) 7° angle of attack for the 
NACA 0012, NACA 0015, NACA 0018, NACA 0021, and 
NACA 0025 airfoils are also shown in Figures 4b, 5b, 6b, 
7b, and 8b, respectively. The red and blue colors represent 
the maximum and minimum velocity regions, respectively. 
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X
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CD

Input layer Hidden layers Output layer
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The upper surface of the leading edge exhibited the highest 
velocity; however, it dropped at the trailing edge. The upper 
surface of the airfoil had a higher velocity than the lower 
surface. 

 
Figure 4 (a) Pressure and (b) velocity contours of the NACA 
0012 airfoil at 7° angle of attack (α) with a Re of 1.6 × 105 
using three turbulence models. 
 

 
Figure 5 (a) Pressure and (b) velocity contours of the NACA 
0015 airfoil at 7° angle of attack (α) with a Re of 1.6 × 105 
using three turbulence models. 

 

 
Figure 6 (a) Pressure and (b) velocity contours of the 
NACA 0018 airfoil at 7° angle of attack (α) with aRe of 1.6 
× 105 using three turbulence models. 

 

Figure 7 (a) Pressure and (b) velocity contours of the NACA 
0021 airfoil at 7° angle of attack (α) with a Re of 1.6 × 105 
using three turbulence models. 
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Figure 8 (a) Pressure and (b) velocity contours of the 
NACA 0025 airfoil at 7° angle of attack (α) with a Re of 
1.6 × 105 using three turbulence models. 

 
4.2 ANN approach 
 
For training, five different ANN models were used. 
Normalization is applied to all the input features such that 
all the input values are within 0 - 1. An RMSprop optimizer 
is used to train the weights and biases of the ANN. A 
learning rate (LR) of 1.0 × 10-3 is used. The models were 
trained for 300 epochs, with all training data fed to the 
network in batches of eight observations before the weights 
were updated using the root mean square error (RMSE) of 
the batch (Chai & Draxler, 2014), as expressed in Eq. 15, 
where n is the number of observations, yireal represent the 
observed values, and yipred represent the predicted values. 
Table 5 presents the RMSE of the models and the network 
architectures. Model 2, with six hidden layers and 128 
nodes, performed better, and the RMSE values of CL and 
CD were 0.11632 and 0.0249, respectively. Therefore,  

Model 2 was used to predict the aerodynamic 
characteristics. 

𝑅𝑀𝑆𝐸 = o
1
𝑛qW𝑦<HIJG − 𝑦<

0HIKX
)

L

<M8

															(15) 

 

Table 5 ANN performance for five different models. 

ANN 
model 

No. of 
hidden 
layers 

No. of 
nodes 

RMSE 
CL CD 

Model 1 6 80 0.12239 0.03768 
Model 2 6 128 0.11632 0.02490 
Model 3 5 64 0.14085 0.04243 
Model 4 6 256 0.13325 0.02966 
Model 5 5 256 0.14139 0.03376 
 
 
4.3 RANS-CFD versus ANN 
 
The RANS-CFD simulation results for the three different 
turbulence models, presented in Section 4.1, and the 
experimental data were used to compare and validate the 
ANN predictions. The RANS-CFD simulations and ANN 
predictions were performed using an angle of attack (α) 
ranging from 0° to 30° and a Re of 1.6 × 105. Table 6 lists 
the RMSE of the turbulence models and ANN model for the 
NACA 0012, NACA 0015, NACA 0018, NACA 0021, and 
NACA 0025 airfoils. The CL and CD curves for the NACA 
0012, NACA 0015, NACA 0018, NACA 0021, and NACA 
0025 airfoils are shown in Figures 9, 10, 11, 12, and 13, 
respectively, for an angle of attack (α) in the range of 0° - 
30°. The results were predicted using the ANN model, 
calculated using the three turbulence models, and were 
compared to the experimental data. In most cases, the 
Spalart-Allmaras and k-ω SST turbulence models performed 
better in calculating CL and CD when the angle of attack (α) 
was in the range of 0° - 10°. However, for α ranging from 
11° to 30°, the ANN model outperformed all turbulence 
models for predicting the shape of the stall, whereas the 
turbulence models failed to do so. 
 

 
 
 

 

 

 

 

 



 Predicting aerodynamic characteristics of airfoils using Artificial Neural Network 
 

 -30- 
 

 
Table 6 RMSE of the turbulence models and ANN model. 

 
 

. 

 
Figure 9 Result comparisons of the NACA 0012 with a Re 
of 1.6 × 105 for (a) CL and (b) CD. 

.

 

Figure 10 Result comparisons of the NACA 0015 with a Re 
of 1.6 × 105 for (a) CL and (b) CD. 
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Figure 11 Result comparisons of the NACA 0018 with a Re 
of 1.6 × 105 for (a) CL and (b) CD. 

 

.

 
Figure 12 Result comparisons of the NACA 0021 with a Re 
of 1.6 × 105 for (a) CL and (b) CD. 

 

.

 
Figure 13 Result comparisons of the NACA 0025 with a Re 
of 1.6 × 105 for (a) CL and (b) CD. 

 

5 Conclusions 
The purpose of this study was to verify the feasibility of 
incorporating the knowledge of deep learning in flow 
analysis by developing a neural network model that can 
predict the aerodynamic characteristics of airfoils using 
experimental data. RANS-based CFD simulations with three 
different turbulence models in a two-dimensional domain 
were also performed to compare the output of the ANN 
model with the experimental data to verify its accuracy. 
Evidently, when compared with the experimental data, the 
ANN model easily outperformed each of the three 
turbulence models. More specifically, when the angle of 
attack (α) was in the range of 11°-30°, the ANN model 
produced the most precise outcome or, in other words, had 
the least amount of error compared to all other turbulence 
models for every airfoil. Different turbulence models 
showed better results for different cases when α was in the 
range of 0°-10°. However, even in this range of α (0°-10°), 
the ANN model performed better than any other single 
turbulence model. Additionally, the ANN model 
successfully predicted the stall shape for all airfoils, whereas 
the turbulence models failed to do the same. However, the 
solution accuracy of the CFD simulations can be increased 
by implementing large eddy simulation (LES) or direct 
numerical simulation (DNS) in a three-dimensional domain 
at the expense of more computational power and time. Also, 
the accuracy of the ANN model can be improved by 
introducing additional data to the training dataset. 
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Furthermore, implementing physics-informed neural 
networks (PINNs) can be an exciting extension of the present 
work. It should also be noted that the ANN model required 
significantly fewer computational resources than the 
currently used RANS-based CFD analysis. Therefore, the 
proposed ANN approach can be useful for accurately 
predicting the aerodynamic characteristics of marine rudders 
and other airfoil-shaped geometries. The success of our 
ANN model paves the way for further research on the use of 
deep learning in more complex flow analyses in the field of 
aerodynamics. 
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