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A B S T R A C T
Accurate prediction of aerodynamic coefficients is vital for enhancing airfoil performance in appli-
cations ranging from aviation and unmanned aerial vehicles to renewable energy systems. However,
the scarcity of publicly available datasets that cover diverse operating conditions, particularly at low
Reynolds numbers, limits the effectiveness and generalisation of Machine Learning (ML) models
in aerodynamic analysis. This study presents AirfoilAD, a comprehensive dataset that combines
experimental and Computational Fluid Dynamics (CFD) data across a wide range of Angles of Attack
(AoA), flow velocities, and oscillation frequencies. Using AirfoilAD, two ML algorithms, Random
Forest and XGBoost, are developed to predict the lift coefficient (𝐶𝐿) and drag coefficient (𝐶𝐷).
XGBoost achieves superior performance, with mean absolute errors below 1% and overall prediction
accuracy exceeding 98%, while Random Forest delivers comparably strong yet slightly less accurate
results. Feature importance analysis reveals AoA as the dominant factor influencing 𝐶𝐿, and velocity
as the primary driver for 𝐶𝐷. By providing a robust and versatile dataset alongside a performance
benchmark of advanced ML models, this work bridges a critical gap in aerodynamic resources and
establishes a foundation for future developments in real-time flow prediction, control, and inverse
airfoil design.

1. Introduction
Airfoils are fundamental to a wide range of aerodynamic

applications, from fixed-wing aircraft and Unmanned Aerial
Vehicles (UAVs) to wind turbines. Their performance gov-
erned by parameters such as Angle of Attack (AoA), flow
velocity, and oscillatory motion, directly affects efficiency,
stability, and overall operational capability. Even small vari-
ations in these parameters can significantly alter lift and drag
forces, influencing both design decisions and performance
optimisation [1]. Traditionally, aerodynamic evaluation re-
lies on wind tunnel experiments and high-fidelity Compu-
tational Fluid Dynamics (CFD) simulations, which, while
accurate, are often computationally expensive and time-
consuming [2]. These constraints limit their suitability for
rapid design iterations or real-time operational adjustments,
motivating the exploration of faster, data-driven alternatives
that maintain predictive accuracy while reducing computa-
tional cost.
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Machine learning (ML) emerges as a transformative tool
in this context, enabling the modelling of complex, nonlinear
aerodynamic behaviours from large datasets. ML methods
are successfully applied to predict aerodynamic coefficients
such as lift coefficient 𝐶𝐿 and drag coefficient 𝐶𝐷, as well
as to reconstruct entire flow fields under varying operational
conditions [3, 4]. However, the predictive performance and
generalisation capability of ML models depend critically on
the diversity, quality, and representativeness of the training
datasets [5]. Despite encouraging progress, many existing
datasets are limited to specific operating points or narrow
application domains, such as UAVs and small-scale sys-
tems [6, 7, 8], and often lack integration of both experimental
and simulated data, particularly for low Reynolds number
regimes [9, 10], which reduces model robustness and appli-
cability.

Recent advances in aerodynamic data modelling demon-
strate that Convolutional Neural Networks (CNNs) effi-
ciently handle high-dimensional problems, extracting fea-
tures from both shape and flow parameters while mitigat-
ing overfitting through local connectivity and parameter
sharing [11]. Comparative studies of artificial intelligence
methods reveal that techniques such as CatBoost, Extreme
Gradient Boosting, and one-dimensional CNNs achieve
prediction accuracies comparable to or exceeding traditional
surrogate models, while significantly reducing the number
of required CFD simulations [12]. Furthermore, surrogate
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regression models such as Support Vector Regression (SVR)
with radial basis kernels, show strong performance in aero-
dynamic coefficient prediction across different airfoil ge-
ometries when applied to standardised CFD databases [13].

Beyond steady-state flows, recent research addresses the
challenges of unsteady and three-dimensional aerodynamics
using advanced ML architectures. Long Short-Term Mem-
ory (LSTM) networks, for instance, model dynamic stall
phenomena with high fidelity, capturing critical physical
effects such as moment stall preceding lift stall and cycle-
to-cycle variability [14]. Similarly, Back-Propagation Neural
Networks (BPNNs) are proposed as efficient alternatives to
Reynolds-Averaged Navier–Stokes (RANS) simulations for
airfoil aerodynamic analyses, achieving near-perfect corre-
lation with CFD results under varied Reynolds numbers and
AoAs [15]. Moreover, hybrid neural network architectures
such as the Hybrid Cascade Forward Neural Network with
Elman Neural Network (HECFNN) demonstrate the ability
to enhance predictive stability and accuracy by combining
feedforward and recurrent learning capabilities [16].

These developments underscore the growing need for
comprehensive, multi-conditioned aerodynamic datasets that
integrate experimental data, high-fidelity simulations, and
unsteady flow measurements across a wide range of Reynolds
numbers, Mach numbers, and geometric configurations.
Such datasets are instrumental in enabling robust, gener-
alisable ML-based aerodynamic models that support both
steady and unsteady flow predictions, ultimately facilitating
more efficient design, optimisation, and control of aerody-
namic systems across diverse engineering domains.

This paper introduces AirfoilAD, a purpose-built aero-
dynamic dataset that integrates experimental measurements
with CFD-generated data across a wide range of flow condi-
tions, including varied AoA, frequencies, and velocities. The
proposed AirfoilAD dataset is intended to serve as a bench-
mark aerodynamic database for machine learning-based pre-
diction of lift and drag coefficients. Unlike existing datasets
that are often limited to narrow Reynolds number ranges
or purely numerical simulations, AirfoilAD integrates ex-
perimentally measured data with CFD-generated samples
under multiple operating conditions. In addition to data
publication, this study provides baseline benchmark results
using Random Forest and XGBoost models, enabling direct
performance comparison for future studies. The dataset en-
ables accurate and efficient ML-based prediction of 𝐶𝐿and
𝐶𝐷, while also supporting feature importance analysis to
identify the dominant parameters influencing aerodynamic
behaviour. The main objectives of this research are:

1. To develop and present a diverse aerodynamic dataset
covering a broad spectrum of flow parameters.

2. To benchmark the predictive performance of ad-
vanced ML algorithms, specifically Random Forest
and XGBoost, for estimating 𝐶𝐿and 𝐶𝐷.

3. To provide insights into the relative influence of key
aerodynamic variables, facilitating future integration
into aerodynamic design and control systems.

Table 1
List of abbreviations.

Abbreviations Word
𝐶𝐷 Drag Coefficient
𝐶𝐿 Lift Coefficient
ML Machine Learning
DL Deep Learning
AoA Angle of Attack
UAVs Unmanned Aerial Vehicles
CFDs Computational Fluid Dynamics
CNNs Convolutional Neural Networks
SVR Support Vector Regression
LSTM Long Short-Term Memory
BPNNs Back-Propagation Neural Networks
HECFNN Forward NN with Elman Neural Network
AI Artificial Intelligence
SVM Support Vector Machine
XGBoost Extreme Gradient Boosting
DNN Deep Neural Network
RF Random Forest
MAE Mean Absolute Error
RMSE Root Mean Square Error

The paper is structured to progress from dataset descrip-
tion and exploratory analysis to predictive modelling and
performance evaluation. The preliminary data analysis is
presented first to establish the physical relationships between
aerodynamic variables, followed by the machine learning
framework and benchmarking results. This organization en-
sures a clear linkage between experimental data, modelling
methodology, and the resulting aerodynamic interpretations.
This paper is organised as follows: Section 2 reviews related
work. Section 3 outlines preliminary concepts, providing the
foundation for the subsequent sections. Section 4 presents
the data analysis. Section 5 reports and discusses the results
of the modelling using the proposed AirfoilAD dataset and
predictive methods. Finally, Section 6 concludes the paper.
For clarity, the list of abbreviations of this paper is given in
Table 1.

2. Related Works
In recent years, there has been a surge of interest in

leveraging ML and Artificial Intelligence (AI) techniques to
predict aerodynamic performance and accelerate airfoil de-
sign processes. Several studies introduce innovative datasets
and modelling approaches, each contributing unique in-
sights and addressing specific challenges in aerodynamic
prediction. For instance, AirfRANS [17] provides a high-
fidelity CFD dataset for training Deep Learning (DL) sur-
rogates, demonstrating that DL models efficiently approx-
imate RANS solutions for airfoils, although the dataset is
limited to certain Reynolds numbers and two-dimensional
cases. Another study (2024) compares ML algorithms such
as Random Forest, Gradient Boosting, and AdaBoost for
predicting lift-to-drag ratios, finding Random Forest to be
highly accurate and Linear Regression to be the fastest,
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Ref Contribution Year Findings Limitations
[17] Introduced AirfRANS: a highfidelity

CFD dataset for training DL surro-
gates.

2022 Demonstrated DL models can ap-
proximate RANS solutions for airfoils
efficiently.

Dataset limited to certain Reynolds num-
bers and 2D airfoil cases.

[18] Compared ML algorithms (RF, GBR,
AdaBoost, etc.) for predicting lift-to-
drag ratio in airfoils.

2024 Random Forest showed the highest
accuracy among tested models; Lin-
ear Regression fastest in computa-
tion.

Performance tested only on fixed
datasets; lacks generalisation to 3D
wings.

[19] Proposed AFBench: a benchmark
dataset for airfoil inverse design using
generative models.

2024 Enabled benchmarking of generative
models for airfoil design with geomet-
ric and aerodynamic diversity.

Focused mainly on inverse design; limited
applicability for forward aerodynamic pre-
dictions.

[20] Developed Deep Lattice Cross Net-
work to predict aerodynamic forces
with monotonicity constraints.

2025 Achieved high precision predictions of
𝐶𝐿and 𝐶𝐷while maintaining physical
interpretability.

Requires large CFD datasets for training;
focused on morphing aircraft only.

[21] Reviewed ML and AI applications in
aerodynamics, including turbulence
modeling and reduced-order models.

2024 Highlighted ML integration with CFD
accelerates simulations and improves
turbulence modeling.

Lack of generalisation for ML mod-
els across different flow regimes; inter-
pretability remains a challenge.

[22] Presented a comprehensive dataset of
2900 airfoils with aerodynamic coef-
ficients for ML model training.

2024 Provided open-source dataset for low
Reynolds number applications like
UAVs and small wind turbines.

Dataset limited to 2D airfoils and low-
speed flows; does not cover dynamic stall
or unsteady aerodynamics.

Table 2
Summary of recent studies on machine learning and aerodynamic prediction.

but also highlighting limitations in generalising to three-
dimensional wing scenarios.

AFBench [18] presents a benchmark dataset for inverse
airfoil design using generative models, enabling diverse
geometric and aerodynamic analysis but focusing mainly on
inverse design tasks. A Deep Lattice Cross Network achieves
high-precision predictions of 𝐶𝐿and 𝐶𝐷 while maintain-
ing physical interpretability, though it requires large CFD
datasets and is tailored to morphing aircraft. Reviews of
ML and AI applications emphasise the integration of ML
with CFD to accelerate simulations and improve turbulence
modelling, but challenges remain regarding model general-
isation and interpretability. Furthermore, a comprehensive
dataset of 2900 airfoils [19] provides aerodynamic coef-
ficients for ML training, supporting UAV and small wind
turbine design, but it is limited to two-dimensional profiles
and low-speed flows. Finally, cross-attention and physics-
informed training frameworks [20] demonstrate superior
performance in complex aerodynamic predictions, though
they face high data requirements and computational costs.
These works collectively underscore the progress in ML-
driven aerodynamic studies while highlighting the existing
gaps. This research builds on these efforts by introducing the
AirfoilAD dataset and demonstrating its utility in predictive
modelling of aerodynamic coefficients across varying flow
conditions.

3. Preliminaries
This section provides a brief background on the prelim-

inary models used in this study.
3.1. Support vector machine

Support Vector Machine (SVM) is included in this sec-
tion to provide a methodological reference for supervised

learning techniques commonly applied in aerodynamic re-
gression problems. Although SVM is not the primary pre-
dictive model employed in this paper, its theoretical for-
mulation is presented to contextualize the machine learn-
ing landscape and to clarify the rationale behind selecting
tree-based ensemble methods for the final benchmarking.
This background supports the reproducibility of the study
by explicitly documenting the modeling considerations and
alternative approaches evaluated during the development of
the proposed framework. In general, SVM is a widely used
machine learning algorithm for classification tasks, valued
for its robustness and high accuracy. It works by identifying
an optimal hyperplane that maximises the margin between
two data classes [23]. The data points lying closest to the
hyperplane are termed support vectors. Given a training
dataset {(𝐱𝑖, 𝑦𝑖

)}𝑛
𝑖=1 where 𝐱𝑖 ∈ ℝ𝑑 and 𝑦𝑖 ∈ {−1, 1},

the objective of a linear SVM is to solve the optimisation
problem:

min
𝑤,𝑏,𝜀

1
2
‖𝑤‖

2 + 𝐶
𝑛
∑

𝑖=1
𝜀𝑖 (1)

subject to:
𝑦𝑖
(

𝑤𝑇 𝐱𝑖 + 𝑏
)

≥ 1 − 𝜀𝑖, 𝜀𝑖 ≥ 0 (2)
where 𝑤 is the weight vector, 𝑏 is the bias, 𝜀𝑖 are slack
variables allowing for misclassification, and 𝐶 is the box
constraint controlling the trade-off between margin maximi-
sation and classification error. SVMs perform either linear or
nonlinear classification based on the chosen kernel function
𝐾(𝐱𝑖, 𝐱𝑗), which implicitly maps input data into a higher-
dimensional space. Common kernels include:

• Linear: 𝐾(𝐱𝑖, 𝐱𝑗) = 𝐱𝑇𝑖 𝐱𝑗 .
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• Polynomial (quadratic, cubic): 𝐾(𝐱𝑖, 𝐱𝑗) = (𝛾𝐱𝑇𝑖 𝐱𝑗 +
𝑟)𝑑 .

• Gaussian RBF: 𝐾(𝐱𝑖, 𝐱𝑗) = exp(−𝛾‖𝐱𝑖 − 𝐱𝑗‖2).
The performance of SVMs depends heavily on three

key hyperparameters: the kernel type, the box constraint 𝐶 ,
and the multiclass strategy. The box constraint influences
the range of Lagrange multipliers, directly affecting training
time and the number of support vectors. SVMs handle multi-
class classification by decomposing the problem into binary
tasks using either the one-vs-all or one-vs-one strategy. In
one-vs-all, a classifier is trained for each class against all
others, whereas in one-vs-one, a separate classifier is trained
for every pair of classes. Despite its effectiveness, SVM can
be computationally intensive in terms of memory usage and
training time, particularly for large-scale problems. Periodic
retraining is beneficial for adapting to evolving data patterns.
Proper selection of kernel functions and careful tuning of
hyperparameters are essential for optimising classification
performance [24].
3.2. Extreme gradient boosting

Extreme Gradient Boosting (XGBoost) is a powerful
machine learning algorithm based on gradient-boosted de-
cision trees [25]. As a next-generation ensemble learning
method, XGBoost enhances model accuracy by mitigating
overfitting during training. Its effectiveness lies in its ob-
jective function, which integrates a differentiable convex
loss function with a regularisation term to control model
complexity. The general objective function used in XGBoost
is:

(𝜃) =
𝑛
∑

𝑖=1
𝑙
(

𝑦𝑖, 𝑦̂𝑖
)

+
𝐾
∑

𝑘=1
Ω
(

𝑓𝑘
) (3)

where 𝑙 (𝑦𝑖, 𝑦̂𝑖
) is the loss function measuring the difference

between the predicted value 𝑦̂𝑖 and the actual value 𝑦𝑖,
Ω
(

𝑓𝑘
)

= 𝛾𝑇 + 1
2𝜆‖𝑤‖

2 is the regularisation term, 𝑇 is the
number of leaves in the tree, 𝑤 is the vector of scores on
leaves, and 𝛾 and 𝜆 are regularisation parameters.

This formulation balances model fit and complexity,
thereby reducing overfitting and improving generalisation.
For example, Devan and Khare apply XGBoost for feature
selection in intrusion detection, analysing classification per-
formance across different feature sets. They implement a
deep neural network (DNN) classifier and compare it with
traditional shallow models. Similarly, Dhaliwal et al. [26, 27]
employ XGBoost to enhance intrusion detection systems,
evaluating its performance against other machine learning
approaches. They rank features in the NSL-KDD dataset
based on their importance scores derived from XGBoost.
3.3. Experimental uncertainty analysis

To ensure the reliability of the AirfoilAD dataset, a
rigorous uncertainty propagation study was conducted. A
dedicated experimental uncertainty table has been added,

summarizing instrument accuracies and propagated uncer-
tainties for 𝐶𝐿 and 𝐶𝐷 using the Root-Sum-Square (RSS)
method.
3.3.1. Aerodynamic coefficient definitions

The lift (𝐶𝐿) and drag (𝐶𝐷) coefficients are defined
based on the measured forces (𝐿,𝐷), air density (𝜌), free-
stream velocity (𝑉 ), and planform area (𝑆):

𝐶𝐿 = 𝐿
0.5𝜌𝑉 2𝑆

, 𝐶𝐷 = 𝐷
0.5𝜌𝑉 2𝑆

(4)

3.3.2. Uncertainty propagation (Moffat RSS method)
For a parameter 𝑋 derived from independent variables

𝑥𝑖, the combined uncertainty 𝜔𝑋 is calculated using the
Moffat RSS method:

𝜔𝑋 =

√

√

√

√

𝑛
∑

𝑖=1

(

𝜕𝑋
𝜕𝑥𝑖

𝜔𝑥𝑖

)2
(5)

Applying logarithmic differentiation to the 𝐶𝐿 and 𝐶𝐷 equa-
tions, the relative uncertainty is expressed as:

𝜔𝐶𝐿

𝐶𝐿
=

√

(𝜔𝐿
𝐿

)2
+
(𝜔𝜌

𝜌

)2
+
(

2
𝜔𝑉
𝑉

)2 (6)

The same structure applies to 𝐶𝐷. The dominant contribu-
tion arises from the velocity term due to its squared influence
in the dynamic pressure expression (𝑉 2).
3.3.3. Instrument specifications and results

The following instrument uncertainties were utilized:
velocity uncertainty (𝜔𝑉 ∕𝑉 ) of ±2.5%, force uncertainty
for both lift and drag (𝜔𝐿∕𝐿, 𝜔𝐷∕𝐷) of ±0.76%, and air
density uncertainty (𝜔𝜌∕𝜌) of ±1.0%. Table 3 summarizes
the calculated uncertainties across the tested flow regimes.
At 4 m/s, the lower dynamic pressure (𝑞 ≈ 9.6 Pa) results in
a decreased signal-to-noise ratio, leading to higher effective
uncertainty.

4. Data Analysis
The experiments were conducted in a controlled sub-

sonic wind tunnel with a turbulence intensity below 1%.
To ensure the precision of the aerodynamic measurements,
the force balance was calibrated at the National Institute of
Standards (NIS), yielding an average error of ≤ 0.76%. Flow
velocity was monitored using a Pitot-static tube with a read-
ing accuracy of ±2.5%. To account for potential measure-
ment errors, a full uncertainty propagation analysis was per-
formed using the Moffat Root-Sum-Square (RSS) method.
The combined uncertainty of 𝐶𝐿 and 𝐶𝐷 was calculated
by propagating individual uncertainties from force, velocity,
and air density measurements. The airfoil was mounted
horizontally at the center of the test section with carefully
designed end plates. This mounting configuration was op-
timized to minimize disturbance to the flow, while sup-
porting structures were aligned with the flow direction to
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Table 3
Calculated uncertainty bounds for 𝐶𝐿 and 𝐶𝐷 across different velocities.

Velocity (m/s) Reynolds Number 𝐶𝐿 Uncertainty (%) Comments
4 5.48 × 104 10.16 High dispersion (Low 𝑞)
6 8.22 × 104 8.16 Moderate dispersion
8 1.10 × 105 5.16 Stable range
10 1.37 × 105 4.16 Most stable range

𝑉 = 4 m/s 𝑉 = 6 m/s 𝑉 = 8 m/s 𝑉 = 10 m/s

AOA Lift (kg) Drag (kg) Lift (N) Drag (N) 𝐶𝐿 𝐶𝐷 AOA Lift (kg) Drag (kg) Lift (N) Drag (N) 𝐶𝐿 𝐶𝐷 AOA Lift (kg) Drag (kg) Lift (N) Drag (N) 𝐶𝐿 𝐶𝐷 AOA Lift (kg) Drag (kg) Lift (N) Drag (N) 𝐶𝐿 𝐶𝐷

0 0 0.012 0 0.118 0 0.3 0 0.002 0.042 0.02 0.412 0.022 0.467 0 0 0.044 0 0.432 0 0.275 0 0.01 0.08 0.098 0.785 0.04 0.32
0 0 0.012 0 0.118 0 0.3 0 0.002 0.04 0.02 0.392 0.022 0.445 0 0 0.044 0 0.432 0 0.275 0 0.01 0.082 0.098 0.804 0.04 0.328
0 0 0.012 0 0.118 0 0.3 0 0.002 0.042 0.02 0.412 0.022 0.467 0 0 0.044 0 0.432 0 0.275 0 0.01 0.08 0.098 0.785 0.04 0.32
0 0 0.012 0 0.118 0 0.3 0 0.002 0.04 0.02 0.392 0.022 0.445 0 0 0.044 0 0.432 0 0.275 0 0.01 0.084 0.098 0.824 0.04 0.336
0 0 0.012 0 0.118 0 0.3 0 0.002 0.04 0.02 0.392 0.022 0.445 0 0 0.044 0 0.432 0 0.275 0 0.01 0.082 0.098 0.804 0.04 0.328
2 0.014 0.008 0.137 0.078 0.35 0.2 2 0.036 0.04 0.353 0.392 0.4 0.445 2 0.012 0.05 0.118 0.491 0.075 0.313 2 0.082 0.08 0.804 0.785 0.328 0.32
2 0.01 0.008 0.098 0.078 0.25 0.2 2 0.038 0.044 0.373 0.432 0.423 0.489 2 0.014 0.05 0.137 0.491 0.088 0.313 2 0.08 0.08 0.785 0.785 0.32 0.32
2 0.01 0.008 0.098 0.078 0.25 0.2 2 0.038 0.042 0.373 0.412 0.423 0.467 2 0.012 0.05 0.118 0.491 0.075 0.313 2 0.082 0.08 0.804 0.785 0.328 0.32
2 0.01 0.008 0.098 0.078 0.25 0.2 2 0.04 0.04 0.392 0.392 0.445 0.445 2 0.014 0.05 0.137 0.491 0.088 0.313 2 0.072 0.078 0.706 0.765 0.288 0.312
2 0.01 0.008 0.098 0.078 0.25 0.2 2 0.04 0.038 0.392 0.373 0.445 0.423 2 0.012 0.05 0.118 0.491 0.075 0.313 2 0.078 0.08 0.765 0.785 0.312 0.32
4 0.014 0.008 0.137 0.078 0.35 0.2 4 0.056 0.038 0.549 0.373 0.623 0.423 4 0.014 0.044 0.137 0.432 0.088 0.275 4 0.116 0.078 1.138 0.765 0.464 0.312
4 0.014 0.008 0.137 0.078 0.35 0.2 4 0.056 0.04 0.549 0.392 0.623 0.445 4 0.014 0.044 0.137 0.432 0.088 0.275 4 0.116 0.078 1.138 0.765 0.464 0.312
4 0.014 0.008 0.137 0.078 0.35 0.2 4 0.056 0.04 0.549 0.392 0.623 0.445 4 0.016 0.048 0.157 0.471 0.1 0.3 4 0.114 0.074 1.118 0.726 0.456 0.296
4 0.014 0.008 0.137 0.078 0.35 0.2 4 0.056 0.04 0.549 0.392 0.623 0.445 4 0.016 0.05 0.157 0.491 0.1 0.313 4 0.116 0.078 1.138 0.765 0.464 0.312
4 0.014 0.008 0.137 0.078 0.35 0.2 4 0.056 0.04 0.549 0.392 0.623 0.445 4 0.018 0.048 0.177 0.471 0.113 0.3 4 0.118 0.078 1.158 0.765 0.472 0.312
6 0.02 0.008 0.196 0.078 0.501 0.2 6 0.068 0.03 0.667 0.294 0.756 0.334 6 0.088 0.068 0.863 0.667 0.551 0.425 6 0.154 0.076 1.511 0.746 0.617 0.304
6 0.02 0.008 0.196 0.078 0.501 0.2 6 0.05 0.038 0.491 0.373 0.556 0.423 6 0.084 0.068 0.824 0.667 0.526 0.425 6 0.156 0.074 1.53 0.726 0.625 0.296
6 0.02 0.01 0.196 0.098 0.501 0.25 6 0.052 0.036 0.51 0.353 0.578 0.4 6 0.084 0.07 0.824 0.687 0.526 0.438 6 0.154 0.074 1.511 0.726 0.617 0.296
6 0.02 0.01 0.196 0.098 0.501 0.25 6 0.052 0.032 0.51 0.314 0.578 0.356 6 0.084 0.07 0.824 0.687 0.526 0.438 6 0.154 0.074 1.511 0.726 0.617 0.296
6 0.018 0.01 0.177 0.098 0.45 0.25 6 0.054 0.03 0.53 0.294 0.601 0.334 6 0.088 0.07 0.863 0.687 0.551 0.438 6 0.152 0.074 1.491 0.726 0.609 0.296
8 0.024 0.008 0.235 0.078 0.601 0.2 8 0.066 0.034 0.647 0.334 0.734 0.378 8 0.112 0.072 1.099 0.706 0.701 0.45 8 0.182 0.074 1.785 0.726 0.729 0.296
8 0.024 0.008 0.235 0.078 0.601 0.2 8 0.08 0.036 0.785 0.353 0.89 0.4 8 0.114 0.074 1.118 0.726 0.713 0.463 8 0.182 0.076 1.785 0.746 0.729 0.304
8 0.026 0.008 0.255 0.078 0.651 0.2 8 0.082 0.038 0.804 0.373 0.912 0.423 8 0.116 0.076 1.138 0.746 0.726 0.475 8 0.18 0.076 1.766 0.746 0.721 0.304
8 0.026 0.008 0.255 0.078 0.651 0.2 8 0.082 0.04 0.804 0.392 0.912 0.445 8 0.116 0.074 1.138 0.726 0.726 0.463 8 0.184 0.078 1.805 0.765 0.737 0.312

Table 4
Measured aerodynamic coefficients (𝐶𝐿, 𝐶𝐷) at various angles of attack (AOA) for free stream velocities of 4, 6, 8, and 10 m/s.

reduce interference effects. Flow uniformity was verified
using a hot-wire anemometer, confirming a turbulence in-
tensity consistently below 1%. The airfoil chord and span
are both 0.2 m, giving an aspect ratio of 1. The model
was mounted using end plates to suppress spanwise flow
and reduce wingtip effects. The test section dimensions are
0.5 × 0.5 m. The calculated blockage ratio is approximately
1.9%, which is below the typical 5% acceptable threshold.
This section presents a comprehensive analysis of the dataset
and the results obtained from modelling the aerodynamic
coefficients, 𝐶𝐿 and 𝐶𝐷, using Random Forest (RF) and
XGBoost algorithms.
4.1. Dataset description

The dataset compiled in this study contains 325 experi-
mental samples of synchronized aerodynamic and flow mea-
surements for the NACA0012 airfoil in both baseline and
modified configurations. NACA0012 is one of the most ex-
tensively studied symmetric airfoils in the literature. Its aero-
dynamic characteristics, especially at low Reynolds num-
bers, are well established, which provides a reliable baseline
for validating experimental results and isolating the effects
of pulsating suction without ambiguity. It is also commonly
used as a reference airfoil in UAVs, MAVs, small wind tur-
bines, and other low-Reynolds-number applications, making
it a valuable choice for this type of aerodynamic research.
Using a single geometry allows isolating the effects of flow
parameters without confounding geometric variability. Tests
are conducted under controlled wind tunnel conditions at
free-stream velocities of 4, 6, 8, and 10 m/s, with the AoA
varied in discrete increments from 0° to 24°. For each

velocity setting, data are recorded for both lift and drag
performance, enabling a detailed evaluation of aerodynamic
behaviour across multiple flow regimes. Each velocity block
in the dataset is structured as an independent table containing
the following parameters:

1. Angle of Attack (AoA, °): Geometric angle between
the chord line of the airfoil and the oncoming airflow,
adjusted manually for each test.

2. Lift Force (kg, N): Measured using calibrated force
sensors, with values recorded in both kilograms and
Newtons.

3. Drag Force (kg, N): Measured using the same sensors,
with values recorded in both kilograms and Newtons.

4. Lift Coefficient (𝐶𝐿): Calculated from the lift force,
free-stream velocity, and air density using standard
aerodynamic equations.

5. Drag Coefficient (𝐶𝐷): Calculated from the drag force
using the same methodology.

As shown in Table 4, all measurements are time - syn-
chronised to ensure accurate correlation between aerody-
namic forces and flow conditions. Data preprocessing in-
volves outlier removal, calibration adjustments to account
for sensor drift, and normalisation of pressure-related mea-
surements relative to the atmospheric baseline. This struc-
tured dataset therefore provides a robust foundation for com-
putational validation and machine learning model develop-
ment. Its 325 samples, spanning multiple flow velocities and
AoA settings, enable the exploration of aerodynamic trends,
the identification of performance limits, and the accurate
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Figure 1: Exploratory pair plot showing distributions and relationships between key aerodynamic variables: AoA, velocity, frequency,
lift coefficient (𝐶𝐿), and drag coefficient (𝐶𝐷). Diagonal panels show variable distributions; off-diagonal panels show scatter plots
with linear trend lines included only for visual correlation guidance. This visualisation helps identify dominant parameters and
nonlinear patterns that inform subsequent machine learning modeling decisions.

prediction of lift and drag coefficients in low-Reynolds-
number regimes.

The discussion integrates visualisations and performance
metrics to evaluate the models’ effectiveness and highlight
key aerodynamic insights. Figure 1 presents a detailed
visual examination of the relationships among the principal
variables in the dataset: AoA, frequency, velocity, 𝐶𝐿,
and 𝐶𝐷. This analysis provides insight into the underlying
aerodynamic phenomena and guides subsequent modelling

decisions. Figure 1 provides an exploratory overview of
the relationships among the main variables in the Air-
foilAD dataset, including AoA, velocity, frequency, 𝐶𝐿, and
𝐶𝐷. The objective of this analysis is to identify dominant
aerodynamic parameters, examine correlation trends, and
evaluate the degree of nonlinearity prior to machine learning
modeling. The observed relationships help establish the
physical basis for selecting nonlinear predictive approaches
in the subsequent sections. The diagonal panels display
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Figure 2: 3D relationship (AoA, Velocity, and 𝐶𝐿).

the distribution of each variable. AoA exhibits a uniform
distribution across its tested range, ensuring comprehensive
coverage of operating conditions. Velocity and frequency are
discretely sampled, as evident from the histogram spikes,
which reflect the experimental design. Both 𝐶𝐿 and 𝐶𝐷display smooth distributions, with 𝐶𝐿 peaking at moderate
angles and 𝐶𝐷 concentrated at lower values, consistent with
typical aerodynamic behaviour.

The off-diagonal scatter plots illustrate bivariate rela-
tionships. A strong nonlinear positive correlation is observed
between AoA and 𝐶𝐿, consistent with aerodynamic theory,
where lift increases with AoA until stall occurs. This trend
reinforces the suitability of nonlinear models for predicting
𝐶𝐿. The relationship between AoA and 𝐶𝐷 is also positive
but less pronounced, indicating that while drag increases
with angle of attack, the effect remains moderate within
the explored range. Velocity shows a weak negative cor-
relation with 𝐶𝐿, potentially reflecting Reynolds number
effects, and a mild positive correlation with 𝐶𝐷, aligning
with expectations of increased drag at higher flow speeds.
Frequency, in contrast, exhibits no strong linear relationships
with either 𝐶𝐿 or 𝐶𝐷, suggesting that its influence may be
secondary or more complex, potentially requiring higher-
order interaction terms for accurate modelling. Overall, the
pair plot highlights the dominant role of AoA in deter-
mining aerodynamic performance, underscores the neces-
sity of nonlinear predictive models, and identifies potential
multivariate interactions. This foundational analysis justifies
the application of advanced machine learning techniques to
capture these complex relationships effectively.

The linear trend lines shown in Figure 1 are included
solely for exploratory visualisation. They indicate the gen-
eral direction of correlation between variables and are not
intended to represent the physical aerodynamic behavior,
which is inherently nonlinear, particularly near stall con-
ditions and across varying Reynolds numbers. Figure 2,
which depicts the relationship among AOA, velocity, and
𝐶𝐿, provides a clear visualisation of how these variables

interact to define aerodynamic performance. This represen-
tation allows the identification of nonlinear trends and the
examination of multivariate effects that are not apparent
in two-dimensional projections. As shown in the plot, 𝐶𝐿increases consistently with AOA at lower angles, reflecting
the fundamental aerodynamic principle that lift grows with
an increasing angle of attack due to enhanced pressure dif-
ferentials across the airfoil. However, the data points reveal
that beyond a certain threshold in AOA, the growth of 𝐶𝐿diminishes and even slightly decreases at higher velocities,
suggesting the onset of flow separation or stall effects. This
non-monotonic behaviour underscores the complexity of
aerodynamic flow phenomena and the importance of cap-
turing nonlinearities in predictive modelling. Velocity also
exhibits an interaction effect with AOA on 𝐶𝐿. At lower
velocities, the 𝐶𝐿 values appear more sensitive to changes
in AOA, while at higher velocities the lift response is com-
paratively less pronounced. This is attributed to changes
in Reynolds number and boundary-layer characteristics at
different flow speeds. The colour gradient in the scatter plot,
ranging from purple (low 𝐶𝐿) to yellow (high 𝐶𝐿), visually
reinforces these patterns and highlights regions of maximum
lift performance. Such insights are critical for understanding
the operational envelope of the airfoil and for informing
machine learning models that aim to predict 𝐶𝐿 under vary-
ing aerodynamic conditions. This visualisation therefore not
only validates expected aerodynamic relationships but also
emphasises the necessity of advanced modelling approaches
capable of handling intricate nonlinear interactions between
multiple flow parameters.

Figure 3 illustrates the relationship among frequency,
velocity, and 𝐶𝐷. It offers valuable insights into how these
parameters interact to influence aerodynamic performance.
This visualisation facilitates the detection of complex mul-
tivariate patterns that are not readily discernible in two-
dimensional graphs. In addition, it shows that 𝐶𝐷tends to in-
crease with velocity, a trend consistent with the fundamental
aerodynamic principle that drag forces rise with airspeed due
to enhanced flow resistance and pressure-drag contributions.
This effect is particularly noticeable at higher velocities,
where 𝐶𝐷 values cluster towards the upper range of the
dataset. Frequency exhibits a more nuanced influence on𝐶𝐷.
At lower frequencies, 𝐶𝐷 values appear distributed across a
relatively narrow band, whereas at higher frequencies there
is a slight dispersion, suggesting that oscillatory effects may
marginally alter the drag characteristics. These observations
imply that while frequency alone is not a dominant factor in
determining drag, it plays a secondary role in modulating
𝐶𝐷, especially when coupled with velocity changes. The
colour gradient, transitioning from purple (low 𝐶𝐷) to yel-
low (high 𝐶𝐷), underscores these trends and provides a clear
visual representation of drag variations across the experi-
mental domain. Regions with higher𝐶𝐷 are concentrated vi-
sually at the upper end of the velocity spectrum, reinforcing
the importance of accounting for dynamic flow effects at el-
evated speeds. This visualisation underscores the nonlinear
interactions between flow parameters and validates the need
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Figure 3: 3D relationship (Frequency, Velocity, and 𝐶𝐷).

Figure 4: Actual vs. predicted 𝐶𝐿.

for advanced machine learning models capable of capturing
such intricacies in predicting 𝐶𝐷 under diverse aerodynamic
conditions.

Figure 4 compares actual versus predicted 𝐶𝐿 values
using RF and XGBoost models. Both models demonstrate
high predictive accuracy, with data points clustering closely
around the identity line. XGBoost slightly outperforms RF,
exhibiting tighter grouping and reduced deviation across the
full range of 𝐶𝐿 values. This indicates its superior ability to
capture nonlinear aerodynamic relationships. The alignment
of predictions along the diagonal highlights the effectiveness
of both machine learning approaches in modelling lift coef-
ficient behaviour based on input parameters.

Figure 5 presents a scatter plot illustrating the compar-
ison between actual and predicted 𝐶𝐷 values using RF and
XGBoost models. Both models exhibit reasonable predictive
performance, with data points distributed around the identity
line. However, XGBoost predictions tend to be more con-
sistent and closer to the diagonal, particularly in regions of
moderate drag coefficients, suggesting improved handling of

Figure 5: Actual vs. predicted 𝐶𝐷.

nonlinearities. RF shows slightly greater variance, especially
at higher 𝐶𝐷 values, indicating minor underestimation in
certain cases. Overall, XGBoost demonstrates superior pre-
dictive capability for modelling drag coefficient behaviour
across varying aerodynamic conditions. Figure 5 therefore
serves not only as a comparison between predicted and mea-
sured values, but also as a validation tool for assessing model
reliability. The proximity of data points to the identity line
reflects prediction accuracy, while the dispersion around the
diagonal indicates uncertainty levels across the aerodynamic
operating range. This analysis confirms the robustness of the
proposed dataset and highlights the improved generalisation
capability of XGBoost in capturing nonlinear drag behavior.

Figure 6 presents a 3D scatter plot showing actual 𝐶𝐿values as a function of AoA and velocity, with the colour
map indicating predicted 𝐶𝐿 values from the RF model.
The visualisation highlights the model’s ability to approxi-
mate lift behaviour across different aerodynamic conditions.
The predicted colour gradient aligns closely with the actual
𝐶𝐿 distribution in most regions, indicating good agreement
between predicted and observed values. Warmer colours
(higher predicted 𝐶𝐿) correspond correctly to regions of
higher AoA and moderate velocities, consistent with the
expected aerodynamic trend of increasing lift up to a certain
angle before stall effects occur. Minor deviations appear at
extreme AoA and velocity combinations, where predicted
values slightly under- or overestimate the actual 𝐶𝐿. This
suggests that the model captures the general nonlinear re-
lationship well but may have limitations in edge cases due
to data sparsity. Overall, the plot demonstrates that RF
effectively models lift coefficient variations and provides
intuitive insight into the underlying aerodynamic behaviour.

Figure 7 presents a 3D scatter plot showing actual 𝐶𝐷values as a function of frequency and velocity, with the
colour map representing predicted 𝐶𝐷 values from the RF
model. This visualisation provides insight into how well the
model captures drag coefficient behaviour across different
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Figure 6: Actual 𝐶𝐿 with predicted RF.

Figure 7: Actual 𝐶𝐷 with predicted RF.

aerodynamic conditions. The colour gradient shows reason-
able alignment between predicted and actual 𝐶𝐷 values in
most regions. Higher predicted 𝐶𝐷 values (warmer colours)
generally correspond to higher velocity and frequency com-
binations, reflecting the expected aerodynamic behaviour in
which drag increases with flow velocity. However, some
deviations appear in regions of extreme parameter values,
where the model slightly underpredicts or overpredicts 𝐶𝐷.
These discrepancies highlight potential challenges for the RF
model in fully capturing complex nonlinear interactions and
indicate possible data sparsity in these edge regions. Overall,
the plot demonstrates the model’s capability to approximate
𝐶𝐷behaviour while also identifying areas where refinements
or more advanced models may be required to improve pre-
dictive accuracy.

Figure 8 presents a 3D scatter plot showing actual 𝐶𝐿values as a function of AoA and velocity, with the colour
map representing predicted 𝐶𝐿 values from the XGBoost
model. This visualisation highlights the model’s ability
to capture lift coefficient behaviour across varying aero-
dynamic conditions. The predicted colour gradient aligns
closely with the actual 𝐶𝐿 distribution, demonstrating excel-
lent agreement between predictions and observations. High

Figure 8: Actual 𝐶𝐿 with predicted (XGBoost).

predicted 𝐶𝐿 values (yellow hues) correspond accurately to
regions of higher AoA and moderate velocity, reflecting the
expected aerodynamic trends. Compared to RF, XGBoost
predictions display a smoother and more continuous gradi-
ent across the dataset, indicating better generalisation and
reduced deviation in edge cases. This suggests that XGBoost
possesses superior capacity to model nonlinear aerodynamic
relationships effectively. Overall, the plot confirms that XG-
Boost predicts 𝐶𝐿 highly effectively, providing robust and
accurate estimations across the explored parameter space.

Figure 9 presents a 3D scatter plot showing actual 𝐶𝐷values as a function of frequency and velocity, with the
colour map indicating predicted 𝐶𝐷 values from the XG-
Boost model. This visualisation demonstrates the model’s
capacity to replicate drag coefficient behaviour under vary-
ing flow conditions. The predicted colour gradient aligns
well with the actual 𝐶𝐷 distribution, particularly in re-
gions of moderate frequency and velocity. Higher predicted
𝐶𝐷 values (yellow shades) correspond accurately to re-
gions where increased flow resistance is expected, high-
lighting XGBoost’s ability to capture these aerodynamic
trends. Compared to RF, XGBoost predictions display a
smoother and more consistent gradient across the dataset,
indicating superior handling of nonlinear relationships and
better generalisation in sparse data regions. In summary, the
plot illustrates XGBoost’s effectiveness in modelling 𝐶𝐷,
providing precise and reliable predictions across the tested
parameter space.

Figure 10 provides a clear comparison of the perfor-
mance of RF and XGBoost models in predicting the 𝐶𝐿 and
𝐶𝐷 coefficients. The evaluation uses two key error metrics:
Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE). The results indicate that XGBoost consistently
achieves lower error values for both 𝐶𝐿 and 𝐶𝐷, demon-
strating its superior ability to model complex nonlinear aero-
dynamic relationships compared to RF. Despite the strong
predictive performance observed, machine learning and nu-
merical surrogate models present inherent limitations. Their
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Figure 9: Actual 𝐶𝐷 with predicted (XGBoost).

Figure 10: Comparison of the performance of RF and XGBoost
models in predicting the 𝐶𝐿 and 𝐶𝐷 coefficients.

accuracy and generalisation capability depend strongly on
the size, quality, and diversity of the training dataset. When
the training data are limited or cover a narrow aerodynamic
domain, model predictions may deteriorate significantly out-
side the learned operating range. In addition, purely data-
driven approaches do not inherently enforce physical con-
straints unless explicitly integrated, which may lead to non-
physical extrapolation. These limitations emphasize the im-
portance of well-structured benchmark datasets and clearly
defined applicability boundaries, as adopted in the present
study.

5. Results and Discussion Modelling for the
Proposed AirfoilAD Dataset and Predictive
Modelling
Since the objective of this paper is predictive modeling

rather than statistical hypothesis testing, model evaluation is
conducted using standard machine learning regression met-
rics. The performance of the proposed models is assessed us-
ing MAE, RMSE, and the coefficient of determination (𝑅2),
which collectively quantifies prediction accuracy, error mag-
nitude, and goodness of fit. These metrics are widely adopted

in machine learning–based aerodynamic studies and provide
an appropriate basis for comparing model performance and
generalisation capability. The proposed schematic, shown
in Figure 11, illustrates the methodology adopted to inves-
tigate the effect of pulsed suction technology on the aero-
dynamic performance of the NACA0012 airfoil, combining
laboratory experiments with machine learning models. The
workflow begins with the experimental setup, comprising a
subsonic wind tunnel equipped with a honeycomb structure
and flow straighteners to ensure uniform airflow, along with
measurement instruments such as a Pitot-static tube, digi-
tal manometer, pressure data logger, and a high-precision
force balance for lift and drag measurements. Control and
monitoring devices, including an oscilloscope and a pulse
frequency control unit, are also integrated into the setup.
This is followed by the data acquisition stage, where airflow
velocity, pressure, and aerodynamic forces are measured and
logged synchronously. The collected data then undergoes
dataset creation and processing, which involves computing
𝐶𝐿 and 𝐶𝐷, data cleaning, and calibration. In the machine
learning modelling phase, the processed dataset trains mod-
els such as Random Forest and XGBoost to predict 𝐶𝐿 and
𝐶𝐷 values. Finally, model evaluation and comparison is per-
formed, where the predicted results are benchmarked against
experimental data using evaluation metrics such as MAE,
RMSE, and 𝑅2 to assess model accuracy and reliability.
5.1. Overview

This part presents the experimental findings of the
proposed scheme and outlines the systematic methodology
followed to acquire aerodynamic performance data of the
NACA0012 airfoil. The experimental setup is prepared at
the Aerodynamics Laboratory of the Institute of Aviation
Engineering and Technology (IAET), Egypt, with a focus
on ensuring measurement accuracy and consistency from
the outset. Before initiating airflow, all measurement in-
struments are carefully calibrated and positioned. Airflow
velocity is measured using a Pitot tube anemometer, while
static and differential pressure readings are obtained via a
high-precision digital manometer. A pressure data logger
continuously monitors suction pressure during the tests.
Aerodynamic force measurements, including lift and drag,
are captured using calibrated force sensors mounted to
record the forces acting on both the baseline and modified
airfoil configurations. All instruments are synchronised to
enable accurate, time-resolved data collection. The collected
data are subsequently processed to calculate 𝐶𝐿 and 𝐶𝐷,
which serve as key performance indicators for evaluating
the impact of surface suction on the airfoil’s aerodynamic
behaviour. Algorithm 1 summarises the experimental exe-
cution steps.
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Figure 11: The proposed method architecture and the evaluation method.

Algorithm 1 Experimental Execution Steps for NACA0012
Airfoil

1: Initialize the wind tunnel at velocities: 4, 6, 8, and 10
m/s

2: Set the AoA between 0° and 24°
3: Mount the original airfoil and record force, pressure, and

velocity data
4: Replace with the modified airfoil and activate the suc-

tion system
5: Repeat measurements at identical angles
6: Analyse differences in lift and drag due to suction effects

5.2. System modelling
This section introduces the system model and provides

a comprehensive discussion of the proposed schemes. The
system is divided into functional subsystems, as outlined
below:

1. Wind Tunnel Assembly: Includes the test section and
airflow generator.

2. Airfoil-Suction Mechanism: Standard and modified
airfoil models with embedded suction ports on the
upper surface.

3. Measurement Instruments: Pitot tube, digital manome-
ter, pressure data logger, and lift/drag force sensor.

4. Control Subsystem: Electric unit for operating solenoid
valves and controlling suction timing and location.

Finally, the experiment is modelled as a repeatable series
of test runs under controlled variables (angle of attack, flow
velocity, suction activation), as shown in Algorithm 1.
5.2.1. Physical system development

The experimental setup consists of a wind tunnel with
a test section measuring 50𝑐𝑚 × 50 cm and capable of
producing airspeeds up to 35 m/s, as shown in Figure 12. A

Figure 12: The wind tunnel which is used in the experimental
setup.

centrifugal blower generates airflow through the test section.
The airfoil model is mounted horizontally, with the angle
of attack adjustable from 0° to 24°. A measuring device
with a maximum capacity of 0.40 kgf captures lift and drag
forces. Two airfoil configurations are tested: the standard
NACA0012 and a modified version with six suction lines
connected to a negative pressure chamber (−0.1 bar) through
electrically controlled solenoid valves. Table 5 summarises
the experimental setup and instrumentation.
5.2.2. Experimental procedure

Airflow is introduced at constant speeds of 4, 6, 8,
and 10 m/s. The original airfoil is first tested to establish
baseline aerodynamic characteristics. Then, the modified
airfoil with suction jets is tested under the same conditions.
Velocity is measured using a Pitot tube anemometer, as
shown in Figure 13, which serves as a key component
in determining Reynolds number and flow characteristics.
The free-stream velocity was measured using a Pitot tube
anemometer coupled with a differential manometer (model
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Component Description
Wind tunnel Subsonic open-circuit wind tunnel with 50 cm × 50 cm test section and maximum airspeed of

35 𝑚∕𝑠
Angle of attack system Adjustable mounting system (0◦ − 24◦)
Velocity measurement Pitot tube anemometer with differential manometer (R3001)
Velocity range 1 − 80 𝑚∕s
Velocity accuracy ±2.5% of reading
Velocity resolution 0.01 m∕s
Pressure measurement Digital differential manometer and Pressure data logger
Lift and drag measurement Orthogonally mounted load cells
Maximum force capacity 0.40 kgf
Suction system Six suction ports connected to negative pressure chamber (-0.1 bar)
Pulse frequency control unit Electronic solenoid valve with adjustable actuation frequency
Data acquisition Synchronized real-time data logging system

Table 5
Summary of the experimental setup and instrumentation.

R3001). The device provides measurements of air velocity,
airflow rate, and ambient air temperature, with a velocity
measurement range of 1 − 80 m/s and a resolution of 0.01
m/s. According to manufacturer specifications, the velocity
measurement accuracy is ±2.5% of reading. The instrument
allows recording of maximum, minimum, average, and rel-
ative values, ensuring reliable statistical representation of
flow conditions. Prior to testing, the system was calibrated
under laboratory conditions. Based on these specifications,
the velocity measurement system provides sufficient accu-
racy and reliability for the low-Reynolds-number experi-
ments conducted in this study. Suction pressure is recorded
using a digital manometer, as shown in Figure 14. This unit
integrates real-time pressure monitoring and data logging,
providing high-resolution measurements of suction pressure
applied through the airfoil ports, while the data logger stores
continuous readings for post-processing and performance
analysis. This setup is essential for validating the effective-
ness of suction control in modifying aerodynamic charac-
teristics. All data are synchronised and recorded digitally
to ensure accurate comparison. Finally, data from the Pitot
tube and pressure sensors are logged concurrently with force
measurements. A digital interface ensures synchronization,
enabling real-time correlation between suction pressure and
aerodynamic force changes. Figure 15 shows the lift and drag
force measuring instrument, a precision device that records
the aerodynamic forces acting on the airfoil during testing.
With a capacity of 0.40 kgf, it converts mechanical force
into readable electrical signals synchronised with airflow
parameters.
5.3. Scheme modelling

To predict the aerodynamic performance of the NACA0012
airfoil under various flow conditions, a physics-informed
semi-empirical model is formulated to estimate the 𝐶𝐿 and
𝐶𝐷. The model accounts for the effects of angle of attack
( 𝛼 ), free-stream velocity (V), Reynolds number (Re), and
suction control when applicable.So, the Reynolds number is
defined as:

Figure 13: Pitot tube anemometer.

Figure 14: Digital manometer.

Re = (𝜌Vc)∕𝜇

where 𝜌 is the air density, c is the chord length, and 𝜇 is the
dynamic viscosity of air. When suction control is applied,
the non-dimensional suction parameter 𝑆 is given by:

S =∣ p_suction ∣ ∕q, q =

0.5𝜌 V2

where 𝑝_𝑠𝑢𝑐𝑡𝑖𝑜𝑛 is the measured suction pressure, and q is
the free-stream dynamic pressure.
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Figure 15: Lift and drag force measuring instrument.

Figure 16: The flowchart of the proposed model.

The proposed AirfoilAD dataset presented in this study
is specifically designed to enable predictive modeling of
aerodynamic coefficients under diverse flow conditions. It
includes annotated data for 𝐶𝐿 and 𝐶𝐷 coefficients across
varying AOA, frequencies, and velocities. This dataset
bridges the gap in publicly available aerodynamic resources
by covering low Reynolds number regimes, which are
crucial for UAVs and small-scale applications. The dataset’s
structure supports machine learning model training and
benchmarking, enabling researchers to explore both forward
predictions and inverse airfoil design. Figure16 illustrates
the flowchart showing the process of designing and em-
ploying a machine learning model to predict aerodynamic
parameters.

To evaluate the effectiveness of the proposed AirfoilAD
dataset, two ML models, RF and XGBoost, are implemented

Model MAE (%) RMSE (%) 𝑅𝟐 Score (%)
Random Forest 1.2 1.8 97.5

XGBoost 0.9 1.4 98.3

Table 6
Performance metrics of random forest and XGBoost models
for 𝐶𝐿 prediction.

Model MAE (%) RMSE (%) 𝑅𝟐 Score (%)
Random Forest 1.0 1.6 96.8

XGBoost 0.8 1.2 97.9

Table 7
Performance metrics of random forest and XGBoost models
for 𝐶𝐷prediction.

to predict 𝐶𝐿 and 𝐶𝐷 coefficients based on flow parame-
ters. Tables 6 and 7 provide a detailed comparison of the
performance of these models. They report key error metrics
including MAE, RMSE, and 𝑅2 score, offering insights
into the predictive accuracy and generalisation capability
of each approach. The tables highlight the superior perfor-
mance of XGBoost across both coefficients and serve as a
clear quantitative benchmark for future studies. The main
strengths of the proposed AirfoilAD benchmark include:
(i) reliance on experimentally measured aerodynamic forces
rather than purely synthetic data; (ii) coverage of multiple
free-stream velocities and angles of attack, enabling analysis
across different low-Reynolds-number regimes; (iii) unified
structure suitable for both regression modeling and feature-
importance analysis; and (iv) the provision of reproducible
baseline benchmark results using widely accepted machine
learning algorithms.
5.4. Limitations of the Study

Despite the promising results obtained in this study, sev-
eral limitations should be acknowledged. First, the proposed
AirfoilAD dataset is restricted to a single symmetric airfoil
geometry (NACA0012), which may limit direct generalisa-
tion to other airfoil profiles. Second, the experimental data
were collected within a limited low-Reynolds-number range
and under controlled wind tunnel conditions, which may not
fully represent complex real-flight environments. Third, the
predictive performance of machine learning models inher-
ently depends on the size, diversity, and coverage of the
training dataset. Expanding the dataset to include additional
airfoil geometries, wider flow regimes, and unsteady aero-
dynamic conditions is expected to further enhance model
robustness and generalisation in future work.

6. Conclusion
This paper introduces a novel dataset for analysing the

aerodynamic behaviour of airfoils, focusing on the predic-
tion of 𝐶𝐿 and 𝐶𝐷 coefficients using machine learning
techniques. Through a comprehensive evaluation of Ran-
dom Forest and XGBoost models, the results demonstrate
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that both approaches effectively capture the nonlinear rela-
tionships between input parameters (AOA, frequency, and
velocity) and aerodynamic outputs. Notably, XGBoost out-
performs Random Forest across all error metrics, exhibit-
ing superior generalisation and accuracy for both 𝐶𝐿 and
𝐶𝐷 predictions. The XGBoost model achieves a MAE of
less than 1% for 𝐶𝐿and under 0.8% for 𝐶𝐷, with overall
prediction accuracies exceeding 98%, while Random For-
est demonstrates slightly higher error rates. These results
highlight the robustness of XGBoost in modelling complex
aerodynamic behaviours. Moreover, the findings confirm
the critical influence of angle of attack on lift generation
and velocity on drag behaviour, aligning with established
aerodynamic principles. The interpretations and conclusions
presented in this study are directly supported by the ex-
perimental dataset and the quantitative evaluation metrics
reported. The obtained results are therefore valid within the
investigated operating conditions, including the considered
angle-of-attack range and free-stream velocities (4−10 m/s),
and should not be generalised beyond these limits. Feature
importance analyses further reveal the limited impact of fre-
quency on model predictions within the examined parameter
range.

Data Availability Statement
The experimental dataset generated in this study, re-

ferred to as AirfoilAD, includes all measured and processed
aerodynamic variables such as angle of attack, free-stream
velocity, excitation frequency, lift force, drag force, lift co-
efficient, and drag coefficient. The complete dataset is avail-
able from the corresponding author upon reasonable request
and will be publicly released through an open-access repos-
itory following manuscript acceptance.
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