Nj5% 3571 CONGRESS OF THE
it 7 INTERNATIONAL COUNCIL OF
"' THE AERONAUTICAL SCIENCES

(wAl— m =] —

SYDNEY | AUSTRALIA . icas2026.com

13-17 SEPT 2026

MACHINE LEARNING-DRIVEN AERODYNAMIC SHAPE OPTIMIZATION
OF NACA AIRFOILS UNDER GEOMETRIC DESIGN CONSTRAINTS

Muhammad Shaaban Abulela! & Mohammad Irfan Alam!:2

IDepartment of Aerospace Engineering, King Fahd University of Petroleum and Minerals, Dhahran, Saudi Arabia.
%Interdisciplinary Research Centre for Aviation and Space Exploration, King Fahd University of Petroleum and Minerals,
Dhahran, Saudi Arabia.

Abstract

This study presents an automated framework for aerodynamic shape optimization of NACA four-digit airfoils us-
ing CFD-based surrogate modeling and XFOIL-based machine learning. A high-fidelity Python—ICEM-ANSYS
Fluent workflow is first developed for automated geometry generation, structured meshing, CFD simulation,
and aerodynamic data extraction. The CFD setup is validated using the NACA 0012 airfoil at Re = 6 x 10°,
and a database of 200 NACA airfoils is generated at a = 15°. A Kriging surrogate model is then trained to
predict the lift-to-drag ratio, C;/C,, as a function of maximum camber, camber position, and thickness. The
surrogate achieves R*> = 0.9503 and predicts an optimal airfoil with C;/C,; = 61.89, which is verified by inde-
pendent CFD with C;/C,; = 61.52, corresponding to a deviation of 0.60%. The same framework is also applied
to inverse design and wing-box-constrained optimization, where the best feasible constrained airfoil achieves
C;/Cy = 60.21. A complementary XFOIL-generated database containing 10,200 samples is developed over
—5° < a <20° at the same Reynolds number. ANN, DNN, and LSTM/RNN models are trained using an airfoil-
wise data split. The DNN provides the best predictive performance, with RMSE = 3.282 and R*> = 0.9954 for
C;/C,4. DNN-based forward design predicts a maximum C;/C; = 192.32, and independent XFOIL re-evaluation
gives C;/C; = 191.93. The results demonstrate that the proposed framework enables efficient forward optimiza-
tion, inverse design, constrained optimization, and data-driven aerodynamic prediction within a unified NACA
airfoil design environment.
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1. Introduction

Aerodynamic shape optimization remains an important component of aircraft design because im-
provements in aerodynamic efficiency can directly reduce fuel consumption, operating cost, and en-
vironmental impact [1,[2]. Among aerodynamic components, airfoils play a central role in determining
lift generation, drag characteristics, stall behavior, and overall wing performance [3,/4]. Consequently,
efficient and reliable methodologies for airfoil analysis and optimization continue to receive significant
attention in both academic and industrial research.

Traditional aerodynamic optimization commonly relies on high-fidelity computational fluid dynamics
(CFD) coupled with gradient-based or evolutionary optimization algorithms. Although such methods
can provide accurate aerodynamic predictions, they often require many expensive flow simulations,
particularly when large design spaces or multiple design objectives are considered [5]. To reduce
this cost, surrogate-based optimization methods have been widely adopted. Kriging and Gaussian-
process-based models are especially attractive because they provide accurate response approxima-
tions using a limited number of high-fidelity samples and can be coupled efficiently with optimization
algorithms [6H8]. Recent studies have further improved surrogate-assisted aerodynamic optimization
through hierarchical and multi-fidelity Kriging formulations [9,[10].
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The choice of geometric parameterization strongly influences the efficiency and interpretability of air-
foil optimization. Several approaches have been developed, including PARSEC, class-shape transfor-
mation (CST), Bézier curves, B-splines, free-form deformation, and latent-space representations [11-
13]. While advanced parameterizations offer high geometric flexibility, the NACA four-digit repre-
sentation remains useful for surrogate-based studies because it describes the airfoil using a small
number of physically meaningful parameters: maximum camber, camber position, and maximum
thickness. This simplicity facilitates design-space exploration, inverse design, and interpretation of
the aerodynamic influence of each design variable.

In parallel with surrogate modeling, machine-learning techniques have increasingly been used for
aerodynamic prediction and preliminary airfoil design. Recent reviews and aerodynamic analysis
tools have shown the growing potential of deep-learning-based surrogate models for airfoil and blade-
profile applications [14,15]. Artificial neural networks and deep neural networks have also demon-
strated strong capability for predicting aerodynamic coefficients and modeling nonlinear relationships
between airfoil geometry, operating conditions, and aerodynamic performance [16,/17]. Multi-task
learning frameworks have further been used to predict aerodynamic coefficients, pressure distribu-
tions, and flow-field quantities within unified data-driven models [18],19]. In addition, physics-informed
learning and long short-term memory networks have been explored for aerodynamic surrogate mod-
eling, optimization, and inverse airfoil design [20}21].

Despite these advances, several limitations remain. Many CFD-based optimization studies are re-
stricted by the small number of high-fidelity samples available for surrogate construction. Forward
optimization, inverse design, and constrained optimization are also often treated separately rather
than within a unified workflow. Furthermore, many modern machine-learning approaches rely on
complex or latent geometric representations that can reduce physical interpretability. Practical ge-
ometric requirements, such as internal volume for structural members and fuel storage, are also
frequently neglected during airfoil optimization, even though such constraints are important in aircraft
design [22].

The present work addresses these limitations by developing an automated aerodynamic design
framework for NACA four-digit airfoils that combines high-fidelity CFD-based surrogate optimization
with XFOIL-based machine-learning prediction. The first component of the framework uses an inte-
grated Python—ICEM-ANSYS Fluent workflow to automatically generate airfoil coordinates, construct
structured meshes, perform CFD simulations, and extract aerodynamic coefficients. A CFD database
of 200 NACA airfoils is generated at Re = 6 x 10° and o = 15°, and a Kriging surrogate model is con-
structed for forward optimization, inverse design, and wing-box-constrained optimization. Indepen-
dent CFD simulations are used to verify the surrogate-predicted designs.

The second component develops a complementary XFOIL-generated aerodynamic database for the
same NACA design space over an angle-of-attack range from —5° to 20° at Re = 6 x 10° [23]. The
resulting dataset contains 10,200 aerodynamic samples and is used to train and compare artificial
neural network (ANN), deep neural network (DNN), and long short-term memory/recurrent neural
network (LSTM/RNN) models. The best-performing model is then applied to forward airfoil design,
and the resulting machine-learning-generated optimum is independently re-evaluated using XFOIL.
The main contributions of this work are as follows:

1. development of a fully automated Python—ICEM—-ANSYS Fluent workflow for CFD database
generation of NACA four-digit airfoils;

2. construction of a CFD-based Kriging surrogate for forward optimization, inverse design, and
independent CFD verification;

3. incorporation of a simplified wing-box-volume constraint to account for practical internal-volume
requirements;

4. generation of a 10,200-sample XFOIL aerodynamic database over a broad angle-of-attack
range;

5. comparison of ANN, DNN, and LSTM/RNN models for aerodynamic prediction and application
of the best-performing model to forward design.
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The remainder of this paper is organized as follows. The next section presents the CFD validation
study, including the numerical setup, mesh independence analysis, and comparison with experimen-
tal data for the NACA 0012 airfoil. The methodology section then describes the NACA parameteriza-
tion, database generation procedures, Kriging surrogate formulation, optimization problems, XFOIL
database, and machine-learning models. The results section presents the CFD—Kriging optimization
results, inverse-design verification, constrained optimization results, XFOIL-ML model comparison,
DNN-based forward design, and sensitivity analysis. Finally, the conclusions summarize the main
findings, limitations, and future work.

2. CFD Validation

Before generating the aerodynamic database used for surrogate-model construction, the numerical
CFD setup was validated using the NACA 0012 airfoil at Re = 6 x 10°. This validation case was
selected because the NACA 0012 airfoil is a standard benchmark for two-dimensional airfoil simula-
tions and because experimental aerodynamic data are available from Ladson [24]. ICEM CFD 2024
R2 was used for mesh generation, while ANSYS Fluent 2024 R2 was employed to solve the two-
dimensional, steady, incompressible Reynolds-Averaged Navier—Stokes equations using the SST
k—a turbulence model.

The computational domain employed a structured C-type topology. The upstream boundary was
located 20c¢ ahead of the airfoil leading edge, the downstream boundary extended 35¢ behind the
trailing edge, and the upper and lower far-field boundaries were positioned 20c¢ from the chord line.
A velocity-inlet boundary condition was specified to achieve the target Reynolds number, while the
outlet was defined as a pressure outlet. The airfoil surface was modeled as a stationary no-slip
wall. A pressure-based coupled solver was used with second-order upwind discretization. Residual
convergence criteria were set to 107 for continuity and momentum and 10~ for turbulence quanti-
ties. The first-layer mesh spacing was selected to achieve y™ ~ 1. The main numerical settings are
summarized in Table [l

Table 1 — Simulation parameters used in the numerical study.

Parameter Value

Solver Pressure-based, steady-state, coupled
Viscous model SST k—o

Inlet velocity, V.. 87.6441 m/s (Re = 6 x 10°)

Density, p 1.225 kg/m?3

Viscosity, u 1.7894 x 107> Pa-s

Chord length, ¢ 1 m (Normalized)

Momentum discretization Second-order upwind

Residual criteria 10~ continuity/momentum; 10~ turbulence
Near-wall resolution yr =1

Domain dimensions 20c¢ upstream, 35¢ downstream, 20c far field

2.1 Mesh Independence Analysis

A mesh independence study was conducted at a = 15° to ensure that the predicted aerodynamic
coefficients were not significantly affected by grid resolution. This operating condition corresponds to
a high-lift case near the stall region and therefore provides a demanding condition for assessing grid
sensitivity.

Five structured C-type meshes were tested, with cell counts ranging from 17,018 to 143,379. For
each grid, the lift coefficient (C;), drag coefficient (C,), and lift-to-drag ratio (C;/C,) were evaluated.
As shown in Table [2, the aerodynamic coefficients converge progressively with mesh refinement.
The differences between Grid 4 and Grid 5 are only 0.05% for C;, 0.16% for C;, and 0.21% for
C;/Cy. Therefore, Grid 4, consisting of 75,027 cells, was selected for all subsequent CFD simulations
because it provides a suitable balance between numerical accuracy and computational cost.
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Table 2 — Mesh independence analysis at a = 15°.

Grid No. Cells C Cq C/Ca  Ci Error (%) Cq Error (%) C,;/Cq Error (%)
1 17,018  1.4514 0.02725 53.25763 - - -
2 30,121 1.4544 0.02708 53.7103 0.20 0.64 0.85
3 53,417  1.4578 0.02694 54.1065 0.23 0.50 0.74
4 75,027 1.4606 0.02689 54.3268 0.19 0.21 0.41
5 143,379 1.4613 0.02684 54.4430 0.05 0.16 0.21

The structured C-type mesh topology and boundary-condition setup are shown in Fig. {1l The mesh
provides near-wall refinement around the airfoil and sufficient far-field spacing to reduce boundary
effects.
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Figure 1 — Structured C-type computational domain and boundary-condition setup used for the CFD
simulations.

2.2 Experimental Validation: NACA 0012

The selected mesh and solver configuration were validated against experimental measurements for
the NACA 0012 airfoil at Re = 6 x 10° reported by Ladson . Figurecompares the predicted lift
and drag coefficients with the experimental data over the investigated angle-of-attack range.

Good agreement is observed across the linear lift region and near the stall onset. The SST k—®
model captures the lift-curve slope and the overall stall behavior with satisfactory accuracy, while the
drag coefficient trend is also reproduced well across the investigated range. These results indicate
that the selected numerical setup provides reliable prediction of the integral aerodynamic coefficients
required for database generation.

Further validation was performed using the pressure coefficient distribution at a = 15°, as shown in
Fig.[3l The numerical results show good agreement with the experimental data over most of the chord
on both the pressure and suction surfaces. A localized discrepancy is observed near the leading
edge, where the fully turbulent SST k- simulation overpredicts the suction peak. This discrepancy
is consistent with the known sensitivity of near-stall leading-edge pressure predictions to transition
and localized separation effects. Despite this local difference, the downstream pressure recovery and
the integrated aerodynamic coefficients are captured with sufficient accuracy for the objectives of the
present study. Therefore, the validated CFD configuration is adopted for the automated generation of
the aerodynamic database used in the surrogate-based optimization framework.
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Figure 2 — Validation of CFD predictions against experimental data for NACA 0012 at Re = 6 x 10°.
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Figure 3 — Pressure coefficient distribution for NACA 0012 at « = 15° and Re = 6 x 10°.
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3. Methodology

The proposed methodology consists of two complementary frameworks. The first framework uses
high-fidelity CFD simulations and Kriging surrogate modeling for forward optimization, inverse airfoil
design, and wing-box-constrained optimization of NACA four-digit airfoils. The second framework
uses a larger XFOIL-generated aerodynamic database to train and compare machine-learning mod-
els for aerodynamic prediction and forward design. The CFD—Kriging framework provides high-fidelity
verification at a selected operating condition, while the XFOIL-ML framework extends the analysis
over a broader angle-of-attack range. The following subsections describe the common NACA pa-
rameterization, database-generation procedures, surrogate formulation, optimization problems, and
machine-learning models.

3.1 Overall Framework

The CFD-based framework integrates airfoil geometry generation, structured meshing, CFD simula-
tion, aerodynamic data extraction, surrogate training, optimization, and independent CFD verification
within a unified Python—ICEM—ANSYS Fluent workflow. NACA four-digit airfoils are parameterized
using three design variables: maximum camber (m), camber position (p), and maximum thickness (¢).
For each candidate geometry, structured C-type meshes are generated in ICEM CFD, and steady in-
compressible RANS simulations are performed in ANSYS Fluent using the validated SST k- setup.
The resulting C;, C;, and C;/C, values are stored in a CFD database and used to train the Kriging
surrogate. The trained surrogate is then used for forward optimization, inverse design, and wing-box-
constrained optimization, while selected candidates are verified using independent CFD simulations.
The complete CFD—Kriging workflow is summarized in Fig.
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Figure 4 — Fully automated Python—-ICEM—-ANSYS Fluent surrogate-assisted airfoil optimization
framework.

To complement the fixed-condition CFD database, the second framework uses XFOIL to generate
a larger aerodynamic database over a wider operating envelope. The same 200 NACA airfoil ge-
ometries are evaluated over an angle-of-attack range of —5° < a < 20° with increments of 0.5° at
Re = 6 x 10°. Since each airfoil is evaluated at 51 angles of attack, the resulting dataset contains
10,200 aerodynamic samples. ANN, DNN, and LSTM/RNN models are trained and compared using
this database. The best-performing model is then used for forward maximum-C;/C, design, and the
predicted optimum is independently re-evaluated using XFOIL. The overall XFOIL-ML workflow is
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shown in Fig.[5
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Figure 5 — XFOIL-generated database and machine-learning framework employed for aerodynamic
prediction, forward design, and XFOIL-based verification.

Having introduced the two automated workflows, the following subsection defines the common NACA
four-digit parameterization used to generate the airfoil geometries in both the CFD-Kriging and
XFOIL-ML frameworks.

3.2 NACA Airfoil Parametrization

The airfoils considered in this study belong to the NACA four-digit series. In the NACA MPXX notation,
M represents the maximum camber as a percentage of the chord, P denotes the chordwise location
of maximum camber in tenths of the chord, and XX specifies the maximum thickness as a percentage
of the chord. The corresponding normalized design variables are therefore m =M /100, p = P/10, and
= XX/100.

For a normalized chord length ¢ = 1, the mean camber line is given by

%(pr—xZ), 0<x<p,
yc(x) = (1)
(1_%(1 —2p+2px—x%), p<x<lL.
2m
dyc ?(p_'x)v 0§X<p7
x| m @
(l_p)z(p_x)a p§X§1
The thickness distribution is
t
=5 (ao\/;c+a1x+a2x2 +asx’ +a4x4) , (3)

where ayp = 0.2969, a; = —0.1260, a, = —0.3516, a3 = 0.2843, and a4 = —0.1036. The coefficient
as = —0.1036 is used to impose a closed trailing edge. The local surface angle is defined as 6 =
tan~!(dy./dx), and the upper and lower surface coordinates are computed as

X, =x—y;8in0, Yu=Yc+Yyicos0, (4)
X =x+ysin0, Vi =Ye—Yyicos0. (5)
Cosine spacing is applied along the chord to improve leading-edge resolution [25]:
x:%(l—cosﬁ), 0<B<m. (6)
The same parameterization is used in both frameworks, with the design bounds
m € [0,0.05], p €[0,0.70], t €1[0.10,0.24]. (7)

The next step is to sample this three-dimensional NACA design space in a manner that provides ade-
quate coverage for surrogate construction while keeping the number of high-fidelity CFD simulations
manageable.
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3.3 Design of Experiments

The aerodynamic design space was sampled using Optimal Latin Hypercube Sampling (OLHS) [26].
OLHS was selected because it provides a space-filling distribution of design points while reducing
correlation among the design variables, which supports surrogate-model construction using a limited
number of CFD simulations. A total of 200 NACA four-digit airfoil configurations were generated within
the prescribed bounds of m, p, and r. These 200 geometries form the basis of the CFD database
and are also used in the XFOIL-ML framework, where each airfoil is evaluated over multiple angles
of attack to generate a larger machine-learning dataset.

After defining the sampled airfoil geometries, the CFD automation procedure was used to evaluate
the aerodynamic performance of each design at the selected high-lift operating condition.

3.4 Automated CFD Database Generation

For each OLHS-generated airfoil, a Python-based automation workflow generated the airfoil coordi-
nates, executed ICEM CFD replay scripts, created the structured C-type mesh, launched the ANSYS
Fluent simulation, and extracted the aerodynamic coefficients. All CFD simulations were performed
using the validated setup at Re = 6 x 10° and o = 15°. This angle of attack was selected because it
corresponds to a high-lift operating condition near the stall region, where aerodynamic performance
is sensitive to airfoil geometry. Therefore, the resulting optimum should be interpreted as specific to
this selected design condition.

The lift and drag coefficients were extracted automatically from the Fluent solution files, and the
objective function was defined as

J(x) = o (8)

where x = [m, p,#]" is the airfoil design vector. The resulting CFD database consists of 200 aerody-
namic samples and is used for Kriging surrogate construction, forward optimization, inverse design,
and constrained optimization. The formulation of the Kriging surrogate model used for these tasks is
presented next.

3.5 Kriging Surrogate Model Formulation

Kriging, also known as Gaussian process regression, was used to approximate the CFD-computed
aerodynamic response within the sampled NACA design space. This approach is suitable because
high-fidelity CFD simulations are computationally expensive, while optimization requires repeated
evaluations of the objective function.

Let x = [m,p,t]T denote the airfoil design vector and let y(x) = C;/C, represent the aerodynamic
response. Given N CFD samples {(x;,y;)}",, ordinary Kriging models the response as

y(x) = p+z(x), (9)
where u is a constant trend and z(x) is a zero-mean Gaussian process. The covariance between two
sample locations is defined as

Covlz(x;),2(x))] = O?R(x:,X;), (10)
where o7 is the process variance and R(x;,x;) is the spatial correlation function. A squared-exponential
correlation function was adopted:

3

Ok (x; k _xj,k)2] 7 (11)
=1

R(x;,Xj) =exp !—
where 6, are positive correlation hyperparameters.
For numerical stability, a small nugget regularization was applied to the correlation matrix, R, =
R+ AI. The Kriging predictor is then expressed as

I(x) = fi+r(x) "R, (y - 1), (12)
where [i is the estimated trend, y is the vector of CFD responses, r(x) is the correlation vector
between the prediction point and the training samples, and 1 is a vector of ones. After training, the

surrogate provides a rapid approximation of the CFD response and is used for forward optimization,
inverse design, and constrained optimization.
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3.6 Kriging-Based Optimization Problems
The forward optimization problem seeks the airfoil geometry that maximizes the surrogate-predicted
lift-to-drag ratio at the selected CFD design condition. It is formulated as

max j(x) = max (Cl) , (13)
X X Cd Surrogate
subject to
m € [0,0.05], p €[0,0.70], t €[0.10,0.24]. (14)

After the optimal geometry is identified, an independent CFD simulation is performed to verify the
surrogate-predicted performance.
The same surrogate is also used for inverse design. For a prescribed target value (C;/Cy)arger, the

inverse problem is written as
. 9]
sw-(g) |
d target

In this study, three target values are considered:

min
X

(15)

G 30, 40, 50. (16)
Ca
The resulting inverse-designed airfoils are also re-evaluated using independent CFD simulations.
To account for simplified internal-volume requirements, a wing-box geometric constraint is incorpo-
rated into the CFD-based optimization framework. The normalized wing-box cross-sectional area per
unit span is approximated as

Ayp =tL, (1 7)

where ¢ is the airfoil thickness ratio and L is the normalized chordwise length of the assumed wing-box
region. The constrained optimization is formulated as

. G
my W= (g) 1o
st Ay =Ao, (19)
m € [0,0.05], (20)
p €0,0.70], (21)
t €10.12,0.18], (22)
L € [0.40,0.60], (23)

where Ay = 0.08 is the target normalized wing-box area. During the optimization search, candidate

airfoils are considered feasible when

Awp — Ao
0

This formulation allows the CFD—Kriging framework to support forward optimization, inverse de-
sign, and constrained aerodynamic optimization. Having defined the CFD-based surrogate opti-
mization procedure, the following subsection introduces the complementary XFOIL database used
for machine-learning model development.

<0.01. (24)

3.7 XFOIL Database Generation

While the CFD database provides high-fidelity aerodynamic data for surrogate-assisted optimization,
its size is limited by the cost of CFD simulation. Therefore, a complementary aerodynamic database
was generated using XFOIL [23] to support machine-learning model development over a wider oper-
ating range. This database is not intended to replace the CFD-based framework; rather, it provides a
larger dataset for evaluating data-driven aerodynamic prediction and preliminary forward design.
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The same 200 NACA four-digit airfoils used in the CFD framework were analyzed using XFOIL at
a fixed Reynolds number of Re = 6 x 10°. For each airfoil, aerodynamic coefficients were computed
over the angle-of-attack range

-5 < a <20° (25)

with an increment of
Ao = 0.5°. (26)

Thus, each airfoil contributes 51 operating points, resulting in
N =200x 51 = 10,200 (27)

aerodynamic samples.
For each sample, the machine-learning input vector is defined as

XML = [mapataa]-ra (28)

where m, p, and ¢ define the NACA geometry and « is the angle of attack. The corresponding output
vector is
yur = [C1,Ca,C1/Cd)". (29)

The Reynolds number is kept fixed for all XFOIL evaluations and is therefore not included as an
independent machine-learning input. The resulting database captures aerodynamic variations due
to both airfoil geometry and angle of attack and provides the basis for training the ANN, DNN, and
LSTM/RNN models.

Having generated the XFOIL aerodynamic database, the next step is to preprocess the data and
define a train—validation—test strategy that avoids information leakage between airfoil geometries.

3.8 Data Preprocessing and Airfoil-Wise Dataset Splitting

Prior to machine-learning model development, the XFOIL-generated database was inspected to re-
move missing, non-physical, or non-converged samples. The remaining valid data were arranged
into a supervised learning dataset using the input vector xy;; = [m, p,t,a]” and output vector yy; =
[C1,Ca,C1/Ca)T.

To improve numerical stability during neural-network training, min—max normalization was applied to
the input and output variables:

Xpopn = ———min_ (30)

This transformation maps each variable into the interval [0, 1] while preserving the relative variation
within the dataset.

To avoid data leakage, the dataset was divided on an airfoil-wise basis rather than by randomly
splitting individual aerodynamic samples. Therefore, all angle-of-attack data associated with a given
airfoil were assigned to only one subset. The 200 airfoils were divided into 128 training airfoils, 32
validation airfoils, and 40 testing airfoils. Since each airfoil was evaluated at 51 angles of attack, the
corresponding sample counts are

Nirain = 128 x 51 = 6528, (31)
Nya = 32 x 51 = 1632, (32)

and
Niest = 40 x 51 = 2040. (33)

This partitioning provides a more rigorous assessment of model generalization because the trained
models are evaluated on airfoil geometries not seen during training or validation.

The preprocessed airfoil-wise dataset is then used to train and compare three machine-learning
architectures, described next.
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3.9 Machine-Learning Model Architectures

Three machine-learning architectures were developed and compared using the preprocessed XFOIL
database: an Artificial Neural Network (ANN), a Deep Neural Network (DNN), and a Long Short-Term
Memory/Recurrent Neural Network (LSTM/RNN). All models use the same aerodynamic inputs and
outputs, allowing a consistent comparison of predictive accuracy and generalization capability.
The ANN is used as a baseline feedforward neural-network model for nonlinear regression. It maps
the input vector [m, p,t, ] directly to the aerodynamic outputs [C;,Cy,C;/C4]T through fully connected
hidden layers. Rectified Linear Unit (ReLU) activation functions are used in the hidden layers, and
the model is trained using the Adam optimizer with Mean Squared Error (MSE) as the loss function.
The DNN uses a deeper feedforward architecture than the baseline ANN. Its additional hidden layers
provide greater representational capacity for learning nonlinear relationships between airfoil geome-
try, angle of attack, and aerodynamic performance. The DNN is also trained using ReLU activation
functions, the Adam optimizer, and MSE loss. Because the XFOIL database contains 10,200 sam-
ples, it provides sufficient data for training this deeper architecture.
The LSTM/RNN model is included to examine whether explicitly learning the ordered aerodynamic
response across the angle-of-attack sweep improves prediction accuracy. For each airfoil, the input
sequence is represented as

X = [x1,X2,...,X7], (34)

where
XI == [m7p7t7(xf]—r7 (35)

and T =51 is the number of angle-of-attack points. The corresponding output at each sequence step
is
Y = [C[7Cd7Cl/Cd}T~ (36)

The LSTM/RNN model is trained using the Adam optimizer and MSE loss. This architecture is com-
pared with the feedforward ANN and DNN models to determine whether sequence modeling provides
an advantage for the present aerodynamic dataset.

After training, all models are evaluated using the same independent airfoil-wise test dataset. The
performance metrics used for this comparison are defined in the following subsection.

3.10 Evaluation Metrics

The ANN, DNN, and LSTM/RNN models were evaluated on the independent airfoil-wise test set using
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the coefficient of determination
(R?). These metrics quantify the prediction-error magnitude and goodness of fit between the model
predictions and the XFOIL-generated reference data.

1
N ¢

1

Y (i —)71‘)2.
Y'Y (i—3)?
Here, y; and §; are the reference and predicted values, y is the mean of the reference data, and N is

the number of test samples. Lower RMSE and MAE values indicate smaller prediction errors, while
R? values closer to unity indicate stronger agreement with the reference data.

M=

. 1Y .
RMSE = (vi — 912, MAE:NZ|yi—y,~|, R*=1- (37)
i=1

I
—

4. Results and Discussion

This section presents the results obtained from the two complementary frameworks developed in
this study. The first part discusses the CFD—Kriging framework, including CFD database generation,
surrogate-model accuracy, forward optimization, inverse design, and wing-box-constrained optimiza-
tion. The second part presents the XFOIL-ML framework, including model comparison, DNN-based
forward design, sensitivity analysis, and comparison with the CFD-based framework.
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4.1 CFD Database and Kriging Training Strategy

A total of 200 NACA four-digit airfoil configurations were generated using OLHS within the prescribed
design space defined by maximum camber (m), camber position (p), and thickness ratio (r). Each
airfoil was evaluated using the validated CFD setup at a = 15° and Re = 6 x 10°. The resulting CFD
database defines the nonlinear mapping

_a

I’ =
Ca

x=[m,p,1]" — J(x) (38)
For surrogate assessment, 80% of the CFD samples were initially used for training and 20% were
reserved for testing. After confirming the surrogate accuracy and convergence behavior, the final

Kriging model used for optimization was retrained using the complete set of 200 CFD samples.

4.2 Kriging Surrogate Accuracy and Convergence

The Kriging surrogate was evaluated before applying it to the optimization studies to ensure that
it could reliably approximate the CFD-computed lift-to-drag ratio within the sampled NACA design
space. Figure [6] summarizes both the convergence behavior and the prediction accuracy of the
trained surrogate.

As shown in Fig. @(a), the learning curve shows the variation of RMSE and R? as the number of CFD
training samples increases. The RMSE generally decreases as additional CFD samples are included,
while the coefficient of determination approaches a stable high value. Beyond approximately 150
samples, further improvement becomes relatively small, indicating that the surrogate response has
reached a stable level of accuracy within the sampled design space. The final trained model achieved
R? = 0.9503, demonstrating strong predictive capability for C;/C,.

The predictive accuracy is further assessed in Fig. [6(b), which compares Kriging predictions with
CFD results for the withheld test dataset. The predicted values follow the ideal one-to-one trend
closely, confirming that the surrogate is sufficiently accurate for guiding the optimization search. Nev-
ertheless, the final optimized candidates are independently verified using CFD.

Predicted vs. Actual Performance

w0 g

Learning Curve: Model Accuracy vs. Sample Size

[}
1.0 55 ., ’;..

Optimal N: 150

08 g 50 ¥ 4

are Error (RMSE)
Predicted C)/Cqy

iy

o

N

°

i
N
o
\,
\

Root Mean Squ

e
35 e e

20 40 60 80 100 120 140 160 180 200 4
Number of Design Points (N)

30 4

(a) Learning curve.

30 35 40 45 50 55 60
Actual C)/Cy

(b) Predicted versus CFD.

Figure 6 — Kriging surrogate validation: (a) learning curve showing RMSE and R? as functions of
CFD training sample size and (b) comparison between Kriging predictions and CFD results for the
withheld test dataset.

After confirming the surrogate accuracy and convergence behavior, the trained Kriging model was
used for forward aerodynamic optimization, as discussed next.
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4.3 Kriging-Based Forward Optimization Results
After confirming the accuracy of the Kriging surrogate, the trained model was used for forward aero-
dynamic optimization. The objective was to maximize C;/C, within the prescribed NACA four-digit
design-variable bounds.
Figure |7] shows the convergence history of the surrogate-based forward optimization near the opti-
mum. The objective value stabilizes at a maximum predicted lift-to-drag ratio of

(C1/Cy)umostte — 61.89. (39)

max

Maximization Convergence History

Predicted C;/Cq

o
_
I

(=2}
-
w

=—e— Optimizer Trace
61.2 —=- Optimized Value (C//C4=61.89)

2 4 6 8 10 12 14 16
Generation Number

Figure 7 — Convergence history of the surrogate-based forward optimization near the maximum
C;/C4 solution.

The corresponding optimal design variables and independent CFD verification are summarized in
Table (3. The optimized airfoil is characterized by moderate camber, a forward camber position, and
a thickness ratio of approximately 13%, resulting in a geometry close to a NACA 2213-type airfoil.

Table 3 — Comparison between surrogate prediction and CFD results for the maximum-C;/C; airfoil.

m p t C;/Cq (surrogate) C;/Cq (CFD) Error (%) Approximate NACA
0.0219 0.2007 0.1298 61.89 61.52 0.60 2213

The close agreement between the surrogate prediction and the independent CFD result confirms that
the Kriging surrogate can guide the forward optimization process reliably while reducing the need for
repeated CFD evaluations.

The geometry of the optimized airfoil is shown in Fig. The resulting shape reflects the design
selected by the surrogate model to maximize aerodynamic efficiency at the fixed design condition of
a = 15° and Re = 6 x 10°.
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Optimal Airfoil for Maximum C;/C4y = 61.89
(m=0.0219, p=0.2007, t=0.1298)

Max C)/Cq =61.89 = Upper surface
0.39| NACA 2213 —— Lower surface

0.2

0.1

-0.1

y/c (Fractional Chord Height)

-0.2

-0.3

0.0 0.2 0.4 0.6 0.8 1.0
x/c (Fractional Chord Length)

Figure 8 — Airfoil geometry predicted by the surrogate model for the maximum C;/C, design.

Having verified the forward optimum, the same Kriging surrogate was next used for inverse design to
recover geometries corresponding to prescribed aerodynamic-efficiency targets.

4.4 Kriging-Based Inverse Design Results

The inverse-design capability of the Kriging framework was assessed using target lift-to-drag ratios of
C;/C4 = 30, 40, and 50. The inverse-designed airfoils and their independent CFD verification results
are summarized in Table [4] The recovered geometries show systematic changes in camber, camber
position, and thickness as the prescribed aerodynamic-efficiency target is varied.

Table 4 — Comparison between Kriging inverse-design targets and independent CFD verification
results.

m p t Target C,/Cq4 (surrogate) C;/Cq (CFD) Error (%) Approximate NACA
0.0422 0.3866 0.2356 30.0 30.802 2.60 4424
0.0271 0.1999 0.2186 40.0 40.240 0.60 3222
0.0135 0.3466 0.2012 50.0 50.168 0.33 1320

The maximum deviation among the investigated targets is 2.60%, while the remaining cases show
deviations below 1%. These results confirm that the Kriging surrogate can recover airfoil geometries
corresponding to prescribed aerodynamic-performance targets with good accuracy.

For direct geometric comparison, all inverse-designed airfoils are superimposed in Fig.[9 The figure
shows the geometric variation required to achieve different target values of C;/C, within the prescribed
NACA design space.
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Geometry Comparison: Optimal vs. Target Designs

0.3

0.2

0.1

0.0

y/c (Fractional Chord Height)

-0.2

-0.3

0.0 0.2 0.4 0.6 0.8 1.0
x/c (Fractional Chord Length)

Figure 9 — Comparison of Kriging-predicted airfoil geometries for different target values of C;/C,.

Overall, the close agreement between the inverse-design targets and independent CFD evaluations
confirms the robustness of the Kriging surrogate for both forward and inverse airfoil-design tasks.
The following subsection extends this assessment by introducing a wing-box geometric constraint to
examine aerodynamic performance under simplified internal-volume requirements.

4.5 Wing-Box-Constrained Kriging Optimization Results

To examine aerodynamic performance under a simplified internal-volume requirement, the wing-box
geometric constraint defined in the methodology was incorporated into the CFD-based Kriging op-
timization process. The constraint approximates the normalized wing-box cross-sectional area per
unit span as A,,, =tL, with a target value of Ao = 0.08 and a 1% feasibility tolerance.

The optimal feasible design obtained under this constraint is shown in Fig. The shaded region
represents the assumed wing-box area between the front and rear spars. The constrained optimum
achieved

(Cl/cd)constrained =60.21. (40)

Compared with the unconstrained Kriging optimum of C;/C; = 61.89, the reduction in aerodynamic
efficiency is
61.89 —60.21

ey X 100=271%. (41)

BEST Airfoil under Geometric Constraint
(NACA 2614) | Cl/Cd=60.21
m=0.0157, p=0.5712, t=0.1350, L=0.592, A=0.0800

0.05 Tank/wing-box region
L —— Spar
> 000 = Upper surface
-0.05 pp

— L
0.0 0.2 0.4 0.6 0.8 1.0 ower surface
x/c

Figure 10 — Optimal airfoil obtained under the wing-box geometric constraint (4o = 0.08). The
shaded region represents the wing-box area between the front and rear spars.

The constrained optimization results show that the CFD—Kriging framework can incorporate simplified
aircraft-design requirements without causing a substantial loss in aerodynamic performance. The
best feasible airfoil satisfies the prescribed wing-box constraint while retaining a lift-to-drag ratio close
to the unconstrained optimum. This demonstrates that the proposed framework can support both
maximum-performance searches and constrained aerodynamic optimization.

The CFD—Kriging results demonstrate the capability of the high-fidelity surrogate framework for veri-
fied forward optimization, inverse design, and constrained airfoil optimization at the selected design
condition. The following subsection shifts the focus to the complementary XFOIL-ML framework.
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4.6 Machine-Learning Model Performance

The predictive performance of the ANN, DNN, and LSTM/RNN models was evaluated using the
independent airfoil-wise test dataset. Since the test set contains airfoil geometries that were not
included during training or validation, the reported performance reflects the ability of each model to
generalize to unseen airfoil shapes.

Figurecompares the test RMSE, MAE, and R? values for C;/C, prediction. Among the investigated
architectures, the DNN achieved the best predictive accuracy, with the lowest RMSE and MAE and
the highest coefficient of determination. Specifically, the DNN obtained RMSE = 3.281973 and R? =
0.995417, indicating excellent agreement with the XFOIL-generated reference data.

Test RMSE Comparison for C//Cy Test MAE Comparison for C//Cy Test R? Comparison for C//Cy

DNN LSTM/RNN
Model

DNN LSTM/RNN
Model Model

(a) RMSE. (b) MAE. (c) R2.

DNN LSTM/RNN

Figure 11 — Comparison of ANN, DNN, and LSTM/RNN test performance for C;/C, prediction using
RMSE, MAE, and R>.

The ANN model provides good overall predictive capability, but its higher error indicates less accurate
representation of the nonlinear C;/C, response compared with the DNN. The LSTM/RNN model also
achieves good performance, but does not outperform the feedforward DNN. This suggests that, for the
present input formulation and dataset size, increased nonlinear mapping capacity is more beneficial
than explicit sequence modeling across the angle-of-attack sweep.

4.7 DNN-Based Forward Design and XFOIL Verification

Based on the model-performance comparison, the DNN was selected for the forward airfoil design
study because it achieved the lowest prediction error and the highest R? value for C;/C, prediction.
The objective was to identify the airfoil geometry and operating angle of attack that maximize the
DNN-predicted lift-to-drag ratio within the prescribed XFOIL-ML design space.

The optimal design identified by the DNN and its independent XFOIL verification are summarized
in Table 5l The predicted optimum corresponds to m = 0.050000, p = 0.301214, ¢ = 0.131875, and
o = 6.096841°, giving a maximum predicted value of C;/C,; = 192.322510. Independent XFOIL re-
evaluation at the same optimized angle of attack gives C;/C,; = 191.929556, corresponding to a differ-
ence of only 0.20%.

Table 5 — DNN-based forward design optimum and XFOIL verification for maximum C;/C,.

m p t o (deg) C;/C; (DNN) C;/C,; (XFOIL) Difference (%)
0.050000 0.301214 0.131875 6.096841 192.322510  191.929556 0.20

The geometry of the DNN-generated optimum is shown in Fig. [T2l The optimized airfoil reaches
the maximum allowable camber within the design space, with moderate thickness and an optimal
operating angle of o = 6.0968°.

The close agreement between the DNN prediction and XFOIL re-evaluation confirms that the trained
DNN can accurately guide the forward design search within the XFOIL-generated aerodynamic de-
sign space. However, this optimum should not be directly compared with the CFD—Kriging optimum
because the CFD-based search was performed at a fixed angle of attack of o = 15°, whereas the
DNN-based search optimizes both geometry and angle of attack using lower-fidelity XFOIL data.
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Optimal Airfoil for Maximum C,/Cy = 192.32 = Upper Surface
m— Lower Surface
(m=0.0500, p=0.3012, t=0.1319, AoA = 6.0968°)
0.1
0.0

0.0 0.2 0.4 0.6 0.8 1.0
x/c

y/c

Figure 12 — DNN-generated optimal airfoil geometry corresponding to the maximum predicted
C/Cy=192.32.

4.8 Sensitivity Analysis

To interpret the trained DNN model, a permutation-based sensitivity analysis was performed to quan-
tify the relative influence of each input variable on the predicted C;/C,. In this approach, each input
feature is perturbed and the resulting change in predictive performance is evaluated. Larger impor-
tance values indicate stronger influence on the model output.

The resulting feature-importance values are shown in Fig. The angle of attack is the dominant
input, accounting for 57.024% of the total importance. This is expected because C;/C, varies strongly
with operating condition over the wide angle-of-attack range considered in the XFOIL database.
Among the geometric variables, maximum camber has the largest influence at 18.472%, followed
by camber position at 13.769% and thickness ratio at 10.735%.

Sensitivity Analysis for C,/Cy
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Relative Importance (%)
S 8

-
o
1

AoA m P t
Input Parameter

Figure 13 — Permutation-based feature importance of the DNN model for C;/C; prediction. The angle
of attack is the dominant input, followed by maximum camber, camber position, and thickness ratio.

Overall, the sensitivity analysis confirms that the trained DNN captures both operating-condition ef-
fects and geometric effects. The following subsection compares the CFD—Kriging and XFOIL-ML
frameworks and clarifies their complementary roles in the proposed design methodology.

4.9 Comparative Discussion of the CFD—-Kriging and XFOIL-ML Frameworks

The two frameworks developed in this study serve complementary roles in aerodynamic airfoil design.
The CFD—Kriging framework provides a high-fidelity surrogate-assisted approach based on validated
CFD simulations, while the XFOIL-ML framework provides a larger data-driven environment for rapid
aerodynamic prediction and preliminary design over a wider angle-of-attack range.

In the CFD-based framework, the Kriging surrogate was trained using 200 high-fidelity CFD sam-
ples at a = 15° and Re = 6 x 10%. The surrogate achieved R?> = 0.9503 and successfully supported
forward optimization, inverse design, and wing-box-constrained optimization. The unconstrained op-
timum was verified by independent CFD with only 0.60% deviation, the inverse-design cases were
verified with errors below 3%, and the constrained optimum retained a lift-to-drag ratio close to the
unconstrained result.
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In contrast, the XFOIL-ML framework was developed to evaluate data-driven aerodynamic prediction
using a larger database of 10,200 samples over —5° < o < 20°. Among the tested models, the DNN
achieved the best predictive performance and accurately reproduced the XFOIL-verified optimum with
a difference of approximately 0.20%. This demonstrates the usefulness of the XFOIL-ML framework
for rapid model evaluation, sensitivity analysis, and preliminary design-space exploration.

The two optimum values should not be interpreted as directly comparable aerodynamic solutions be-
cause they are obtained under different modeling assumptions and operating conditions. The CFD—
Kriging optimum is based on RANS CFD at a fixed angle of attack of a = 15°, whereas the XFOIL-ML
optimum is obtained by optimizing both airfoil geometry and angle of attack using lower-fidelity XFOIL
data. Therefore, the CFD—Kriging framework is most appropriate for CFD-verified optimization and
constrained design at a selected operating condition, while the XFOIL-ML framework is most useful
for rapid prediction and preliminary aerodynamic design.

5. Conclusions

This study developed an automated aerodynamic design framework for NACA four-digit airfoils by
combining CFD-based surrogate optimization with XFOIL-based machine-learning prediction. The
CFD setup was first validated using the NACA 0012 airfoil at Re = 6 x 10°, showing good agreement
with experimental data and confirming the suitability of the numerical configuration for aerodynamic
database generation.

A Python—-ICEM-ANSYS Fluent workflow was implemented to generate a CFD database of 200 air-
foil configurations at a = 15°. A Kriging surrogate model was trained to predict C;/C; as a function
of the NACA design variables m, p, and t. The surrogate achieved R?> = 0.9503 and supported for-
ward optimization, inverse design, and wing-box-constrained optimization. The forward optimum was
verified by independent CFD with a deviation of only 0.60%, the inverse-design targets were verified
with errors below 3%, and the constrained optimum achieved only a 2.71% reduction relative to the
unconstrained result.

A complementary XFOIL-ML framework was developed using 10,200 aerodynamic samples gener-
ated from 200 airfoils over 51 angles of attack. ANN, DNN, and LSTM/RNN models were trained and
evaluated using an airfoil-wise train—validation—test split. The DNN achieved the best performance for
C;/C, prediction, with RMSE = 3.281973 and R? = 0.995417. The DNN-based forward design was in-
dependently verified using XFOIL, giving a difference of approximately 0.20% between the predicted
and re-evaluated optimum. Sensitivity analysis showed that angle of attack was the most influential
input variable, followed by maximum camber, camber position, and thickness ratio.

The results demonstrate that the CFD—Kriging framework is effective for verified forward optimization,
inverse design, and constrained aerodynamic optimization, while the XFOIL-ML framework provides
rapid aerodynamic prediction and preliminary design capability over a broader operating range. The
two frameworks should be interpreted as complementary rather than directly interchangeable be-
cause they use different aerodynamic fidelities and operating conditions.

The present study is limited to NACA four-digit airfoils, a fixed Reynolds number, and a fixed-angle
CFD optimization condition. The wing-box constraint is also represented using a simplified two-
dimensional internal-area proxy. Future work will extend the framework to variable Reynolds number
and angle-of-attack conditions, broader airfoil parameterizations, three-dimensional wing configura-
tions, and more detailed structural constraints.
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