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Abstract
Wedge tail airfoils refer to the addition of a wedge section to the tail of an airfoil. This modification has demonstrated greater
efficiency in increasing the lift forces compared to the base airfoil design. Such airfoils are particularly important in scenarios
where increased lift forces are required, such as in the fast and efficient maneuvering of marine and aerospace vehicles. This
study aimed to predict the flow fields and aerodynamic coefficients of wedge tail airfoils using a multi-head perceptron (MHP)
network and classical machine learning (ML) algorithms, including k-nearest neighbors, decision tree, and random forest.
These predictions were based on airfoil sections, x–y grid coordinates, Mach number, and angle of attack, eliminating the
need to solve the Navier–Stokes (NS) equations. The database required for training the MHP network and the ML models
were generated using the Ansys solver, which solved the NS equations. The results of the models were compared, and it
was observed that the MHP network consistently outperformed the others in terms of prediction accuracy. Additionally, the
prediction process demonstrated a significant speed improvement of 125 times compared to conventional computational fluid
dynamics techniques. Once the training was completed, the flow fields and aerodynamic coefficients for a wedge tail airfoil
could be obtained within seconds.

Keywords Wedge tail airfoil · Aerodynamics · Multi-head perceptron · Machine learning

1 Introduction

Airfoils play a critical role in various engineering applica-
tions [1, 2], particularly in the aerospace and marine fields.
In aerospace, airfoils such as ailerons, elevators, and flaps
are essential control surfaces on aircraft wings, enabling the
adjustment of lift and drag forces and facilitating directional
movement [3–5]. Similarly, in marine engineering, airfoils
serve as control surfaces on rudders and fins, allowing for
precise maneuvering of ships and submarines, with the ship
rudder being a prominent example [6–9]. The growing imple-
mentation of the Energy Efficiency Design Index (EEDI) to
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reduce carbon dioxide emissions and promote environmental
sustainability has emphasized the importance of maneuver-
ability at low speeds in the marine industry. In this context,
marine rudders play a crucial role [10]. Developing high-lift
rudders, such as those incorporating wedge tail airfoil pro-
files, has provenbeneficial formaneuvering in shallowwaters
and at low speeds [11]. These rudders generate high-lift
coefficients but also introduce additional drag [12]. Previ-
ous studies have shown that incorporating wedge tails into
NACA airfoil sections can lead to improved lift coefficients
[10, 13].

The analysis of flow fields and aerodynamic coefficients
of wedge tail airfoils holds significant importance due to
its practical implications. Traditionally, such analyses have
relied on wind tunnel tests and computational fluid dynam-
ics (CFD) techniques. Wind tunnel tests, which require
prior experience, are known for their high costs and time-
consuming nature, typically conducted in the final stages of
airfoil design and analysis. On the other hand, advancements
in hardware have led to faster processing times in CFD,
enabling computational experiments for airfoil design and
analysis. However, in caseswhere extensive iterations of flow
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solutions are necessary, using Navier–Stokes (NS) solvers
can significantly extend the overall design time [14, 15]. Fur-
thermore, expertise in the field is required to employ CFD
techniques effectively. Nevertheless, data-driven approaches
such as machine learning and deep learning have gained
popularity due to their ability to learn from complex data
and provide accurate predictions [16]. These approaches
offer advantages over traditional methods by reducing the
reliance on wind tunnel tests and mitigating the computa-
tional burdens associated with CFD techniques. Previous
studies, as shown in Table 1, have effectively utilized data-
driven approaches to predict flow fields and aerodynamic
coefficients of airfoils.

However, the focus was primarily on standard airfoils,
neglecting investigation into specialized designs like wedge
tail airfoils. This study aimed to expedite the analysis of
wedge tail airfoils by predicting their flow fields and aerody-
namic coefficients through machine learning. Notably, prior
studies heavily relied on various neural network architec-
tures. However, it is essential to analyze the effectiveness of
classical machine learning algorithms in these cases, as they
are easier to implement than neural networks. Therefore, this
study utilizes classical machine learning algorithms, namely
k-nearest neighbors (KNN), decision tree (DT), and random
forest (RF), to predict flowfields, namely pressure (P), veloc-
ity magnitude (U ), velocity component in the x-direction
(Ux ), and y-direction (Uy), as well as aerodynamic coeffi-
cients, specifically lift coefficient (CL) and drag coefficient
(CD). These predictions are then compared to those made by
the multi-head perceptron (MHP) network. The algorithms
receive inputs including airfoil sections (A), x–y grid coordi-
nates (X , Y ), and flow conditions such as Mach number (M)
and angle of attack (α). This rich input enables the models to
estimate the flow fields and aerodynamic coefficients accu-
rately. The trainingprocess focuses onmakingpoint-by-point
predictions, with particular attention given to achieving high
accuracy in the boundary regions of the airfoils. To evaluate
the performance and accuracy of the trained models, they
are tested on new airfoil cases that were not included in the
training phase.

2 Airfoil Sections

The airfoil sections used in this study were based on NACA
0012, NACA 0015, NACA 0018, and NACA 0021 airfoil
profiles. In order to create the airfoil sections, the shape
of the airfoil profiles was modified by incorporating a con-
cave shape at the 0.95c position, with a tail wedge thickness
of 0.1c, where c represents the chord length of the airfoil.
An illustration of the modified airfoil sections is showed in
Fig. 1.

3 Dataset Generation

The dataset used in this study was generated through 2D
RANS-CFD simulations using ANSYS for wedge tail air-
foils. The simulations covered a range of Mach numbers
(0.06 ≤ M ≤ 0.3) with a step size of 0.06 and angle of
attack (−5◦ ≤ α ≤ 5◦) with a step size of 1◦. To focus on the
performance of the wedge tail, the dataset generation specif-
ically targeted the trailing section of the airfoils, as shown
in Fig. 2, only the flow field of the mesh around the wedge
tail of the airfoils is selected as the training and test data for
the model. Data from regions outside of this specified area
do not contribute to the training and prediction of the model.
A total of 55 cases were created for each airfoil, resulting
in a cumulative count of 220 cases across all four airfoils.
The dataset includes various features such as airfoil sections
(A), x–y grid coordinates (X , Y ), Mach number (M), angle
of attack (α), pressure (P), velocity magnitude (U ), velocity
component in the X direction (Ux), Y direction (Uy), lift
coefficient (CL), and drag coefficient (CD). The features of
the airfoil sections (A) initially consisted of the names of the
corresponding airfoils. However, these names cannot serve as
inputs formachine learningmodels, including themulti-head
perceptron (MHP) network. In order to facilitate the training
of both machine learning models and the MHP network, the
airfoil sections (A) feature was converted to numerical val-
ues using numerical encoding. Subsequently, the dataset was
divided into training and test sets. The distribution of the test
dataset is shown in Table 2. The histograms of the training
dataset are shown in Fig. 3, revealing mostly uneven value
distributions. Notably, the pressure (P) is distributed across
a broader range of values compared to the other features (U ,
Ux , Uy , CL, CD).

The correlation matrix of the entire dataset is shown in
Fig. 4, revealing that airfoil sections (A) exhibit a very
weak positive correlation with pressure (P) and the velocity
component in the X-direction (Ux ), indicatingminimal influ-
ence. Additionally, there is a very weak negative correlation
with the velocity magnitude (U ). Furthermore, there is no
correlation with the velocity component in the Y-direction
(Uy) and lift coefficient (CL). Notably, airfoil sections (A)
demonstrate a moderate negative correlation with the drag
coefficient (CD), emphasizing the potential for significant
drag reduction. Concerning grid coordinate parameters, such
as horizontal position (X ), very weak positive correlations
are observed with P , U , Ux , and Uy , with no correlations
with CL and CD. Vertical position (Y ) shows a very weak
positive correlation with P and a very weak negative cor-
relation with U , Ux , and Uy , with no apparent correlation
with CL and CD. The Mach Number (M) exhibits a mod-
erate negative correlation with P and a moderate positive
correlation with U , accompanied by a very weak positive
correlation on Ux . No correlation is observed with Uy , and
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Fig. 1 Geometry of the a NACA 0012—wedge at 0.1c, bNACA 0015—wedge at 0.1c, c NACA 0018—wedge at 0.1c and d NACA 0021—wedge
at 0.1c airfoil sections

Fig. 2 Airfoil trailing edge
portion used in generating the
dataset

Table 2 Sample distribution of the test dataset

Airfoil sections Mach number (M) Angle of attack (α)

Flow field prediction Aerodynamic coefficients prediction

NACA 0012—wedge at 0.1c 0.06 − 5 [− 5, 5] (� α = 1)

NACA 0015—wedge at 0.1c 0.12 − 3 [− 5, 5] (� α = 1)

NACA 0018—wedge at 0.1c 0.18 3 [− 5, 5] (� α = 1)

NACA 0021—wedge at 0.1c 0.24 5 [− 5, 5] (� α = 1)

there is a very weak negative correlation with CL. A fairly
strong negative correlation is evident with CD, highlighting
significant drag reduction at higher Mach Numbers. In con-
trast, the angle of attack (α) shows no correlation with P ,U ,
andUx , with a very weak negative correlation onUy andCD.
However, it demonstrates a perfect positive correlation with
CL, suggesting a significant increase in lift at high angles
of attack. Since experimental data for the wedge tail airfoils
was unavailable, the simulation results were validated using
NACA 0012, NACA 0015, NACA 0018, and NACA 0021
airfoils. A detailed discussion of the RANS-CFD analysis is
provided in the subsequent sections.

4 RANS-CFD Analysis

To investigate the flowfields and aerodynamic characteristics
of the wedge tail airfoils, simulations were conducted using
the Reynolds-Averaged Navier–Stokes (RANS) method in a
two-dimensional domain. The simulations covered a range
of Mach numbers (0.06 ≤ M ≤ 0.3) and angles of attack
(−5◦ ≤ α ≤ 5◦). The commercial CFD software ANSYS
Fluent was utilized to perform the simulations, and high-
quality meshes were generated using ANSYS Mechanical.
To validate the accuracy of the RANS method, 2D NACA
0012, NACA 0015, NACA 0018, and NACA 0021 airfoil
sections with a chord length (c) of 0.1524 m were employed.

123



Arabian Journal for Science and Engineering (2024) 49:11397–11423 11403

Fig. 3 Histograms of the training dataset

This selection of airfoil sections aligns with the experimental
setup conducted by Sheldahl et al. [32].

4.1 Governing Equations

The equations governing fluid flow problems are derived
from physical laws and can be expressed mathematically. In

particular, the equations for mass and momentum conserva-
tion are essential for describing fluid flow in any given case.
These equations can be represented as follows [33]:

∂ρ

∂t
+ ∇ · (ρ �u) = Sm, (1)

∂

∂t
(ρ �u) + ∇ · (ρ �u�u) = −∇ p + ∇ · (τ̄ ) + ρ �g + �F, (2)
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Fig. 4 Correlation matrix of the dataset

where τ̄ is the stress tensor, which can be written as

τ̄ = μ

[(
∇�u + ∇�uT

)
− 2

3

]
∇ · �uI . (3)

For steady and non-compressible two-dimensional flows,
the continuity and momentum equations for viscous flow in
the x and y directions are:

∂u

∂x
+ ∂v

∂ y
= 0, (4)

ρ
Du

Dt
= −∂ p

∂x
+ ∂τxx

∂x
+ ∂τyx

∂ y
+ ρ fx , (5)

ρ
Dv

Dt
= −∂ p

∂ y
+ ∂τxy

∂x
+ ∂τyy

∂ y
+ ρ fy . (6)

In this study, the Spalart–Allmaras turbulence model
[34] has been utilized to account for turbulence effects in
the simulation. This model is a one-equation turbulence
model. The model is effective at predicting stalled flows in
boundary layers with adverse pressure gradients [35]. The

SA model consists of one equation expressed as follows
[36]:

∂(ρṽ)

∂t
+ div (ρṽUi )

= 1

σv

div

[
(μ + ρṽ)∇ṽ + ρCb2

∂ṽ

∂xi

∂ṽ

∂xi

]

+ ρCb1ṽ	̃ − ρCw1

(
ṽ

κ y

)2

fw, (7)

	̃ = 	ij + ∇
(κ y)2

fv2, (8)

where ṽ, 	̃, 	ij, and μ represent the kinematic eddy vis-
cosity, local mean vorticity, and mean vorticity tensor,
respectively. Furthermore, the wall-damping functions are
denoted as fv2 = fv2(ṽ/v) and fw. The values of σv , Cb1,
Cb2, and k are 0.67, 0.1355, 0.622, and 0.4187, respec-
tively.
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Fig. 5 Simulation of fluid flow
around an airfoil in a C-type
domain

4.2 Boundary Conditions

In this study, the computational domain featured a C-shaped
configuration. The left side of the domain represented the
inlet, where a uniform velocity was imposed. The top and
bottom walls were subjected to slip boundary conditions,
while the right side of the domain served as the outlet, with
the flow controlled by atmospheric pressure. The front and
rear domains were defined by symmetry boundary condi-
tions. The airfoil profilewallwas assigned a no-slip condition
with a zero velocity (u p = 0). Simulations were performed
considering an incompressible flow with a density of 1.225
kg/m3 and dynamic viscosity of 1.7894×10−5 kg/(ms). The
Mach numbers (M) considered ranged from 0.06 to 0.3. The
geometry of the airfoil domain and the corresponding bound-
ary conditions are shown in Fig. 5.

4.3 Mesh Generation

The accuracy of the numerical solution in CFD simulations
is heavily influenced by the size of the computational mesh.
While increasing the number of mesh nodes can enhance
accuracy, it also comes with the drawback of requiring more
computational resources and time. Consequently, the initial
step in CFD simulations involves examining the effect of
the mesh size on the solution outcomes. In this study, the
impact of the number of mesh elements on the lift coeffi-
cient (CL) and drag coefficient (CD) was investigated for the
NACA0012,NACA0015,NACA0018, andNACA0021 air-
foils. The simulations were conducted at an angle of attack
(α) of 1◦, with a corresponding Reynolds number (Re) of

0.8×105. The results of this analysis are presented in Table 3.
It was observed that a C-type grid consisting of 146,400
quadrilateral elements provided a mesh-independent solu-
tion. The mesh resolution was increased to achieve higher
computational precision in specific regions, such as around
the airfoils. The near-wall cells on the upper and lower sur-
faces of the airfoil were adjusted to achieve a desired y+
value of 1, following boundary layer theory. The Pointwise®
y+ calculator was employed for this purpose. According to
boundary layer theory, the inner parts of the boundary layer
should be resolved with a size corresponding to the y+ value.
Figure 6 illustrates the mesh around an airfoil and the asso-
ciated near-body meshes.

5 Multi-head Perceptron (MHP) Network

This study employed the multi-head perceptron (MHP) net-
work instead of the multi-layer perceptron (MLP) network
due to the significant limitations ofMLP in processing sparse
data-characterized by an uneven distribution of data points.
This uneven distribution can lead to suboptimal performance
when using standard neural network architectures like MLP.
The inefficiencies arise from difficulties in generalization
and parameter optimization in areas where data is sparse.
In cases with multiple output targets, MLP updates network
parameters in each preceding layer to enhance predictive
accuracy. Unfortunately, the presence of sparse data can lead
to unsatisfactory model fitting, necessitating a more tailored
approach. Zuo et al. [23] demonstrated the superiority of
MHP over MLP in predicting flow field patterns around air-
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Fig. 6 a Mesh around airfoil and b detail close to the airfoil

foils from sparse data.MHP excels in scenarioswithmultiple
output targets, optimizing predictive accuracy without sacri-
ficing computational efficiency. The multi-head architecture
of MHP allows it to capture diverse patterns within the data,
mitigating the shortcomings of traditional neural networks
in sparse data scenarios, making it a promising alternative
to MLP. Since this study addresses an uneven distribution
of data points, the adaptability and performance of MHP in
such settingsmake it a compelling choice. TheMHPnetwork
architecture utilized for flow fields and aerodynamic coeffi-
cients prediction is shown in Fig. 7. The prediction functions
for flow fields and aerodynamic coefficients of the MHP are
defined in Eqs. 9 and 10, respectively.

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

fMHP−P (A, X ,Y , M, α) = (P),

fMHP−U (A, X ,Y , M, α) = (U ),

fMHP−Ux (A, X ,Y , M, α) = (Ux ),

fMHP−Uy (A, X ,Y , M, α) = (Uy).

(9)

{
fMHP−CL (A, M, α) = (CL),

fMHP−CD (A, M, α) = (CD).
(10)

In the MHP prediction model, the left side of the function
represents the model itself, while the right side represents
the resulting predictions. To evaluate the performance of the
MHPnetwork andothermachine learning (ML)models,met-
rics including the R2 score, mean absolute error (MAE),
mean squared error (MSE) and, root mean squared error
(RMSE) are employed, as defined in Eqs. 11, 12, 13, and
14, respectively. These metrics serve as evaluative measures

for monitoring and assessing the accuracy of the MHP net-
works and other ML models.

R2 = 1 −
∑n

i=1(yi − ŷi )2∑n
i=1(yi − ȳ)2

(11)

MAE = 1

n

n∑
i=1

∣∣yi − ŷi
∣∣ (12)

MSE = 1

n

n∑
i=1

(yi − ŷi )
2 (13)

RMSE =
√√√√1

n

n∑
i=1

(yi − ŷi )2 (14)

Here, n represents the total number of samples. yi denotes
the actual value for the i th sample, while ŷi represents the
predicted value for the same sample. Additionally, ȳ corre-
sponds to the mean of the actual values across all samples.
Standardization is applied to all features, ensuring consistent
scaling across the dataset. The data is then split into train-
ing and validation sets using a 90–10% ratio. The weights
and biases of the multi-head perceptron (MHP) networks are
trained using the ADAM optimizer [37]. The learning rate is
set to 1×10−3 with a batch size of 128. In theMHP network,
the Rectified Linear Unit (ReLU) activation function [38] is
applied in all layers, except for the output layer, where a
linear activation function is utilized. The network configura-
tion for predicting flow fields and aerodynamic coefficients
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Fig. 7 Multi-head perceptron (MHP) network for a flow fields and b aerodynamic coefficients prediction

Table 4 MHP network with
hyperparameters

Layer type MHP

Flow fields prediction Aerodynamic coefficients prediction

Input 1 × 5 1 × 3

Hidden 10 × 256 10 × 256

Output 1 × 1 1 × 1

is determined through a systematic trial-and-error process,
revealing an optimal structure with 10 hidden layers and 256
nodes, as shown in Table 4. The training process for the flow
field prediction network spans 500 epochs,while for the aero-
dynamic coefficient prediction network, the model is trained
for 50 epochs. This choice is motivated by the limited num-
ber of data points, as further training epochs led to observed
overfitting. During these epochs, the loss functions exhibit a
convergence to a steady state, indicating satisfactory model
performance.

6 Machine Learning (ML) Models

Three machine learning (ML) models were developed using
the scikit-learn library in Python [39] to predict flow fields
(P , U , Ux , Uy) and aerodynamic coefficients (CL, CD)
based on airfoil sections (A), x–y grid coordinates (X , Y ),
Mach number (M), and angle of attack (α). The objective
was to select appropriate ML algorithms for fitting the data
in this multivariate supervised regression learning problem
[40]. The chosen ML models for this study are as follows:
decision tree regressor (DTR), k-nearest neighbors regressor
(KNNR), and random forest regressor (RFR) implemented
using the scikit-learn library.

Decision Trees (DTs) are highly adaptable algorithms for
classification and regression tasks. They exhibit versatil-
ity by accommodating multiple outputs and possessing a
hierarchical structure resembling a tree. In this structure,
nodes represent features, branches symbolize decisions, and
leaves signify outputs [41]. For this study, the Decision Tree
Regressor (DTR) implementation provided by the scikit-
learn library was employed to train, validate, and test the
simulated data of the wedge tail airfoils.

K-nearest neighbors (KNN) is a straightforward algorithm
for classifying new data based on similarity measures with
the input data. This algorithm is commonly employed in sta-
tistical estimation and pattern recognition tasks. It selects a
predetermined number of training objects closest to a new
point and uses them to predict its corresponding label. The
KNNR algorithm, a modified variant of KNN, calculates the
average of the numerical targets instead of directly assigning
a class label [41].

Random Forest (RF) is an ensemble learning technique
that builds multiple decision trees during the training pro-
cess and generates the mode of the classes (for classification
tasks), or the mean prediction (for regression tasks) based
on the individual trees outputs [41]. In this study, the RFR
estimator provided by the scikit-learn library was utilized
for training and testing the simulated datasets of the wedge
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Table 5 R2 score for training
and validation cases

Datasets Models R2

P U Ux Uy CL CD

Training MHP 0.9999 0.9996 0.9999 0.9997 0.9975 0.9937

DT 0.9906 0.9906 0.9906 0.9906 0.8774 0.8774

KNN 0.9945 0.9945 0.9945 0.9945 0.8890 0.8890

RF 0.9908 0.9908 0.9908 0.9908 0.9028 0.9028

Validation MHP 0.9996 0.9992 0.9997 0.9993 0.9968 0.9934

Table 6 MAE for training and
validation cases

Datasets Models MAE

P U Ux Uy CL CD

Training MHP 24.8540 0.2638 0.3314 0.1737 0.0154 0.0008

DT 18.7704 18.7704 18.7704 18.7704 0.0090 0.0090

KNN 16.0552 16.0552 16.0552 16.0552 0.0246 0.0246

RF 18.0777 18.0777 18.0777 18.0777 0.0073 0.0073

Validation MHP 18.7543 0.2926 0.3359 0.2712 0.0199 0.0024

Table 7 MSE for training and
validation cases

Datasets Models MSE

P U Ux Uy CL CD

Training MHP 1131.0167 0.2034 0.1530 0.0852 0.0005 8.07 × 10−7

DT 3031.3197 3031.3197 3031.3197 3031.3197 0.0002 0.0002

KNN 3169.7090 3169.7090 3169.7090 3169.7090 0.0014 0.0014

RF 2874.4347 2874.4347 2874.4347 2874.4347 0.0001 0.0001

Validation MHP 768.3647 0.2312 0.2206 0.1446 0.0006 8.48 × 10−6

tail airfoils. The selection of these machine learning (ML)
models was based on their ease of implementation using
scikit-learn and their established track record of effectively
fitting real-world data. Each model was trained individually
using the same training data and evaluated using identical
testing data. The performance of these models will be dis-
cussed in detail in the subsequent “Results and discussion”
section.

7 Results and Discussion

A set of four previously unseen wedge tail airfoil cases
are used to test the trained models. The trained multi-
head perceptron (MHP) model, decision tree (DT), k-nearest
neighbors (KNN), and random forest (RF) are employed to
make predictions for these test cases. The R2 scores, MAE,
MSE, and RMSE obtained for the training and validation
cases are shown in Tables 5, 6, 7, and 8, respectively. Table 5
for R2 score shows the exceptional performance of the MHP
across all features in the training set, achieving R2 scores
of 0.9999 for P , 0.9996 for U , 0.9999 for Ux , 0.9997 for
Uy , 0.9975 for CL, and 0.9937 for CD. Comparative analysis

Table 8 RMSE for training and
validation cases

Datasets Models RMSE
P U Ux Uy CL CD

Training MHP 33.6306 0.4510 0.3912 0.2919 0.0226 8.98 × 10−4

DT 55.0574 55.0574 55.0574 55.0574 0.0123 0.0123

KNN 56.3002 56.3002 56.3002 56.3002 0.0371 0.0371

RF 53.6138 53.6138 53.6138 53.6138 0.0109 0.0109

Validation MHP 27.7194 0.4808 0.4697 0.3803 0.0249 0.0029
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Table 9 R2 score of different
models for test airfoil cases in
flow fields prediction

Airfoil sections Algorithms R2

P U Ux Uy

NACA 0012—wedge at 0.1c MHP 0.98283 0.99763 0.99969 0.99940

DT 0.99692 0.99027 0.99564 0.99149

KNN 0.99729 0.99495 0.99876 0.99413

RF 0.99720 0.99191 0.99659 0.99208

NACA 0015—wedge at 0.1c MHP 0.99977 0.99931 0.99988 0.99968

DT 0.99787 0.98929 0.99681 0.99043

KNN 0.99981 0.99924 0.99981 0.99946

RF 0.99815 0.99059 0.99711 0.99157

NACA 0018—wedge at 0.1c MHP 0.99947 0.99891 0.99944 0.99853

DT 0.99708 0.98508 0.99532 0.98676

KNN 0.99914 0.99807 0.99952 0.99837

RF 0.99726 0.98572 0.99547 0.98788

NACA 0021—wedge at 0.1c MHP 0.99974 0.99918 0.99983 0.99921

DT 0.99572 0.97114 0.99213 0.98166

KNN 0.99461 0.98124 0.99402 0.98330

RF 0.99603 0.97190 0.99217 0.98244

Table 10 MAE score of
different models for test airfoil
cases in flow fields prediction

Airfoil sections Algorithms MAE

P U Ux Uy

NACA 0012—wedge at 0.1c MHP 13.3142 0.1862 0.1583 0.1252

DT 9.6791 0.3973 0.4347 0.4607

KNN 10.3795 0.3289 0.3349 0.3975

RF 9.2165 0.3787 0.4195 0.4463

NACA 0015—wedge at 0.1c MHP 10.0281 0.1843 0.2097 0.1698

DT 34.0623 0.9548 1.0590 1.0570

KNN 10.1936 0.2539 0.2769 0.2186

RF 31.3142 0.8922 1.0009 0.9742

NACA 0018—wedge at 0.1c MHP 30.0942 0.4421 0.6658 0.5677

DT 83.4777 1.8034 2.0848 1.7346

KNN 40.5998 0.6345 0.6200 0.5719

RF 80.4069 1.7506 2.0395 1.6537

NACA 0021—wedge at 0.1c MHP 31.7838 0.5200 0.4320 0.5189

DT 154.5756 2.9258 3.1924 2.5426

KNN 184.4831 2.5350 2.8783 2.3049

RF 145.8821 2.9639 3.2448 2.5388

with other ML models, including DT, KNN, and RF, under-
scores the superior predictive capability of the MHP. In the
validation set, theMHPmodel maintains robust performance
with R2 scores of 0.9996, 0.9992, 0.9997, 0.9993, 0.9968,
and 0.9934 for P , U , Ux , Uy , CL, and CD, respectively.
In Table 6 for MAE, it is observed that the MHP exhibits
notable discrepancies in predicting P for the training set,
yielding an MAE of 24.8540, which is higher compared to
other MLmodels achieving lower MAE values ranging from
16.0552 to 18.7704. This indicates that, in the training phase,

the performance of the MHP in predicting P falls short com-
pared to the other ML models. However, it is important to
note that the MHP excels in predicting U , Ux , Uy , CL, and
CD, as evidenced by its lowerMAEvalues of 0.2638, 0.3314,
0.1737, 0.0154, and 0.0008, respectively, when compared to
the ML models. Moving on to the validation set, consider-
ing P , the MAE value of 18.7543 indicates a comparatively
higher level of prediction error of the MHP, contrasting the
commendable accuracies demonstrated for U , Ux , Uy , CL,
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Table 11 MSE score of
different models for test airfoil
cases in flow fields prediction

Airfoil sections Algorithms MSE
P U Ux Uy

NACA 0012—wedge at 0.1c MHP 1139.7300 0.0925 0.0458 0.0293

DT 189.2337 0.3787 0.6711 0.4059

KNN 167.1017 0.1959 0.1903 0.2865

RF 171.7654 0.3161 0.5254 0.3765

NACA 0015—wedge at 0.1c MHP 187.7227 0.1090 0.0783 0.0546

DT 1738.0237 1.6335 1.9992 1.6952

KNN 152.6746 0.1171 0.1200 0.0935

RF 1503.9660 1.4386 1.8062 1.4886

NACA 0018—wedge at 0.1c MHP 1840.5396 0.3817 0.7698 0.5143

DT 10291.7779 5.2537 6.6011 4.6056

KNN 2977.6495 0.6601 0.6638 0.5721

RF 9657.3632 5.0205 6.3884 4.2019

NACA 0021—wedge at 0.1c MHP 2177.2105 0.4927 0.3603 0.4642

DT 36238.8291 17.5722 17.7895 11.0144

KNN 47413.4264 11.1920 13.4042 9.5338

RF 33679.1599 16.9466 17.6920 3.2478

Table 12 RMSE score of
different models for test airfoil
cases in flow fields prediction

Airfoil sections Algorithms RMSE

P U Ux Uy

NACA 0012—wedge at 0.1c MHP 33.7599 0.3041 0.2139 0.1713

DT 13.7562 0.6154 0.8192 0.6371

KNN 12.9268 0.4426 0.4363 0.5352

RF 13.1059 0.5623 0.7248 0.6136

NACA 0015—wedge at 0.1c MHP 13.7012 0.3301 0.2798 0.2336

DT 41.6896 1.2781 1.4139 1.3020

KNN 12.3562 0.3422 0.3465 0.3057

RF 38.7810 1.1994 1.3440 1.2201

NACA 0018—wedge at 0.1c MHP 42.9015 0.6178 0.8774 0.7171

DT 101.4484 2.2921 2.5693 2.1461

KNN 54.5678 0.8124 0.8147 0.7564

RF 98.2719 2.2407 2.5275 2.0499

NACA 0021—wedge at 0.1c MHP 46.6606 0.7019 0.6003 0.6813

DT 190.3650 4.1919 4.2178 3.3188

KNN 217.7462 3.3455 3.6612 3.0877

RF 183.5188 4.1166 4.2062 10.5483

Table 13 R2 score, MAE,
MSE, and RMSE for different
models in aerodynamic
coefficients prediction

Models CL CD

R2 MAE MSE RMSE R2 MAE MSE RMSE

MHP 0.99928 0.0082 0.0001 0.0123 0.99364 0.0008 9.91 × 10−7 0.0010

DT 0.99875 0.0128 0.0003 0.0162 0.75616 0.0052 3.80 × 10−5 0.0062

KNN 0.98706 0.0449 0.0027 0.0521 0.79102 0.0042 3.26 × 10−5 0.0057

RF 0.99902 0.0105 0.0002 0.0144 0.80659 0.0041 3.01 × 10−5 0.0055
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andCD, withMAE values of 0.2926, 0.3359, 0.2712, 0.0199,
and 0.0024, respectively.

From Table 7 for MSE, MHP emerges as a standout per-
former than ML models in the training set, with MSE values
for P ,U ,Ux ,Uy ,CL, and CD of 1131.0167, 0.2034, 0.1530,
0.0852, 0.0005, and 8.07 × 10−7, respectively. While the
MSE for P is higher, it is lower compared to other ML mod-
els. In comparison, models such as DT, KNN, RF exhibit
higher MSE values during the training phase, suggesting
relatively lower predictive accuracy. The MSE values for
these models range from 2874.4347 to 3169.7090, further
highlighting the superior performance of the MHP model.
Moving on to the validation set, theMHP exhibits substantial
predictive accuracy. However, when considering P , theMSE
value of 768.3647 indicates a comparatively higher level of
prediction error. In contrast to the commendable accuracy
demonstrated for other parameters such as U , Ux , Uy , CL,
and CD with MSE values of 0.2312, 0.2206, 0.1446, 0.0006,
and 8.48 × 10−6, respectively.

In Table 8 for RMSE, among the models evaluated, the
MHPperforms better in training set withRMSEvalues for P ,
U , Ux , Uy , CL, and CD of 33.6306, 0.4510, 0.3912, 0.2919,
0.0226, and 8.98 × 10−4, respectively. Although the RMSE
of P is higher, it is lower compared to otherMLmodels. Con-
trastingly, models such as DT, KNN, and RF exhibit higher
RMSE values during the training phase, indicative of com-
paratively lower predictive accuracy. The RMSE values for
these models range from 53.6138 to 56.3002, underscoring
the superior performance of the MHP model. Moving on to
the validation set, the MHP exhibits substantial predictive
accuracy. However, when considering P , the RMSE value of
27.7194 indicates a comparatively higher level of prediction
error. In contrast to the commendable accuracy demonstrated
for other parameters such as U , Ux , Uy , CL, and CD with
RMSE values of 0.4808, 0.4697, 0.3803, 0.0249, and 0.0029,
respectively.

The performance of different models varies across the
tested airfoil cases. In Table 9 showing the R2 scores,
notable performances were observed in predicting pressure
(P) for the NACA 0012—wedge at 0.1c and NACA 0015—
wedge at 0.1c with KNN achieving impressive R2 scores
of 0.99729 and 0.99981, respectively. Additionally, for the
NACA 0018—wedge at 0.1c, KNN exhibited a strong per-
formance in predicting Ux with an R2 score of 0.99952.
However, aside from these instances, the MHP model dis-
played superior predictive capability for other flow fields.
Transitioning to Table 10 showcasing Mean Absolute Error
(MAE), RF emerged as the better predictor for pressure (P)
in the NACA 0012—wedge at 0.1c case, demonstrating an
MAE of 9.2165. Similarly, KNN excelled in predicting Ux

for NACA 0018—wedge at 0.1c with an MAE of 0.6200.
Yet, apart from these cases, MHP exhibited superior pre-
dictive accuracy for most flow fields, albeit with relatively

higher errors in predicting pressure (P). Moving to Table 11
and considering Mean Squared Error (MSE), KNN show-
cased superior prediction for pressure (P) in NACA 0012
- wedge at 0.1c and NACA 0015—wedge at 0.1c with the
lowest MSE values of 167.1017 and 152.6746, respectively.
Moreover, KNN performed notably well in predictingUx for
NACA 0018—wedge at 0.1c with an MSE of 0.6638. How-
ever, aside from these instances, MHP demonstrated better
prediction for the majority of flow fields, despite relatively
higher errors in predicting pressure (P). Referring toTable 12
containing Root Mean Squared Error (RMSE) values, KNN
showcased superior prediction for pressure (P) in NACA
0012—wedge at 0.1c and NACA 0015—wedge at 0.1c with
the lowest RMSE values of 12.9268 and 12.3562, respec-
tively. Similarly, for NACA 0018—wedge at 0.1c, KNN
demonstrated strong performance in predicting Ux with an
RMSEof 0.8147. Nonetheless, outside these instances,MHP
consistently displayed better predictive accuracy for various
flowfields, despite somewhat higher errors in predicting pres-
sure (P). Moving on to Table 13 showing R2 score, MAE,
MSE and RMSE for aerodynamic coefficients prediction,
MHP performs better in terms of higher R2 score and lower
MAE, MAE and RMSE for predicting CL and CD.

Based on the excellent performance of the MHP network,
it is selected for further comparison with computational fluid
dynamics (CFD) results. Figure8 visually compares the CFD
andMHP results for the NACA 0015—wedge at 0.1c airfoil.
The comparison reveals significantly lower residual errors
between the two, and the predicted contour patterns of the
flow fields show good agreement with the CFD results. Fig-
ure 8c shows that the residual error range between MHP-P
and CFD-P is− 150 to 67. Histograms of the residual errors,
shown in Fig. 9, provide a better understanding of the errors.
In Fig. 9a, about 2800 error data are distributed around 0
for P , taking threshold of 0.5 that means going −0.5 and
0.5 around 0. The high residual errors in P can be attributed
to the sparsity of the training data for this parameter. How-
ever, the residual errors for other flow fields (U ,Ux , Uy) are
predominantly centered around 0. Figure8f shows that the
residual error range betweenMHP-U and CFD-U is−1.8 to
66.8. In Fig. 9b there are about 34,000 error data distributed in
the numerical range of 0, with 0.5 threshold. Figure8i shows
that the residual error range between MHP-Ux and CFD-Ux

is −3.0 to 1.8. In Fig. 9c there are about 34,500 error data
distributed in the numerical range of 0 again with threshold
0.5. Figure 8l shows that the residual error range between
MHP-Uy and CFD-Uy is −2.0 to 4.5. In Fig. 9d there are
about 35,500 error data distributed in the numerical range
of 0 with threshold 0.5. Remarkably, MHP outperforms all
other ML models in predicting the lift coefficient (CL) and
drag coefficient (CD). For the lift coefficient (CL) the other
three ML models are close to the performance of MLP net-
work, but for the drag coefficient (CD) the ML models are
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Fig. 8 Comparison of MHP and CFD results for the test case of a NACA 0015—wedge at 0.1c airfoil, operating at a Mach number (M) of 0.12
and an angle of attack (α) of − 3◦
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Fig. 9 Residual error histograms between CFD and MHP for the test case of a NACA 0015—wedge at 0.1c airfoil, operating at a Mach number
(M) of 0.12 and an angle of attack (α) of − 3◦

way behind, this is due the fact of the magnitude of the CD

values. on the other hand CL values are straight forwardly
linear, that is why the ML models did not face issue while
generalizing. Hence, MHP is selected for comparison with
CFD results. Figure 10 illustrates the comparison between
MHP and CFD results for the prediction of CL and CD for
NACA 0015—wedge at 0.1c airfoil. MHP demonstrates sat-
isfactory performance in predicting CL, but there is room for
improvement in predicting CD. The other three test airfoil
cases are provided in the “Appendix” section. where MHP
did better in predicting CL, but for the CD the MHP faced
some challenges, due to the magnitude of the CD values.

Further comparisons between CFD and MHP results
for the other three test airfoil cases are provided in the
“Appendix” section. These comparisons also reveal signif-

icantly lower residual errors between the CFD and MHP
network, and the predicted contour patterns of the flow fields
show good agreement with the CFD results. Histograms of
the residual errors are included to facilitate understanding of
these errors. Although the MHP network encountered chal-
lenges in predicting the pressure field (P),most residual error
values are centered around 0. On the other hand, the residual
errors for other flow fields (U , Ux , Uy) are predominantly
centered around 0 for the other three test airfoil cases.

From the presented results, it is observed that the trained
model shows a good performance in the prediction of the flow
fields and aerodynamic coefficients. The computational times
needed by the network training and prediction are shown in
Table 14, along with the time required for CFD simulations.
Compared to the conventional CFD methods, the current
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Fig. 10 Comparison between CFD and MHP prediction of a lift coefficient (CL) and b drag coefficient (CD) with variation of angle of attack (α)
at a Mach number (M) of 0.12 for the NACA 0015—wedge at 0.1c airfoil section

Table 14 Comparison of wall time requirement

Operation Wall time
(Intel Core i7 @ 2.90GHz)

Training: prediction network (MHP) 40h

Prediction time per airfoil case 1.39 × 10−3 h (5 s)

Ansys simulation time per case (average) 0.17 h (625s)

Prediction speed up 125 times

approach is much faster and takes only a few seconds to
predict the flow fields near the given airfoil and aerodynamic
coefficients once trained, which is 125 times faster than the
conventional CFD approach.

8 Conclusions

The objective of this study was to speed up the prediction
of flow fields, including pressure (P), velocity magnitude
(U ), velocity components in the x-direction (Ux ) and y-
direction (Uy), as well as specific aerodynamic coefficients
such as lift coefficient (CL) and drag coefficient (CD) for
wedge tail airfoils. Predictions were made using an MHP
network and classical machine learning (ML) algorithms,
namely DT, KNN, and RF. Input parameters consisted of air-
foil sections (A), x–y grid coordinates (X , Y ), Mach number
(M), and angle of attack (α). The evaluation and compari-
son of the MHP network and ML models based on the R2

score, MAE, MSE and RMSE indicated that the MHP net-
work outperformed the ML models in predicting flow fields

and aerodynamic coefficients. In addition, a comparison was
made between the MHP network and CFD methods, reveal-
ing a good agreement between the two approaches. This
favorable outcome can be attributed to using a point-by-point
prediction approach, known for its improved accuracy in the
nearby airfoil region, instead of an image-to-image predic-
tion method.

Consequently, it can be inferred that the proposed method
successfully facilitates the mapping of input features, such
as airfoil sections, coordinates, Mach number, and angle of
attack, to the desired output features of flow fields (P , U ,
Ux , Uy) and aerodynamic coefficients (CL, CD) for wedge
tail airfoils. Since this study represents the first investiga-
tion of wedge tail airfoils, it is a foundational reference for
future research endeavors involving the prediction of flow
fields and aerodynamic coefficients specific to this airfoil
configuration. Subsequent work will explore applying a con-
volutional neural network (CNN) to parameterize wedge-tail
airfoils based on input airfoil images while also considering
the extension of the study to incorporate three-dimensional
wedge-tail airfoils.

Appendix A NACA 0012 wedge at 0.1c

See Figs. 11, 12 and 13.

Appendix B NACA 0018 wedge at 0.1c

See Figs. 14, 15 and 16.
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Fig. 11 Comparison of MHP and CFD results for the test case of a NACA 0012—wedge at 0.1c airfoil, operating at a Mach number (M) of 0.06
and an angle of attack (α) of − 5◦

123



Arabian Journal for Science and Engineering (2024) 49:11397–11423 11417

Fig. 12 Residual error histograms between CFD and MHP for the test case of a NACA 0012—wedge at 0.1c airfoil, operating at a Mach number
(M) of 0.06 and an angle of attack (α) of − 5◦

Fig. 13 Comparison between CFD and MHP prediction of a lift coefficient (CL) and b drag coefficient (CD) with variation of angle of attack (α)
at a Mach number (M) of 0.06 for a NACA 0012—wedge at 0.1c airfoil
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Fig. 14 Comparison of MHP and CFD results for the test case of a NACA 0018—wedge at 0.1c airfoil, operating at a Mach number (M) of 0.18
and an angle of attack (α) of 3◦
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Fig. 15 Residual error histograms between CFD and MHP for the test case of a NACA 0018—wedge at 0.1c airfoil, operating at a Mach number
(M) of 0.18 and an angle of attack (α) of 3◦

Fig. 16 Comparison between CFD and MHP prediction of a lift coefficient (CL) and b drag coefficient (CD) with variation of angle of attack (α)
at a Mach number (M) of 0.18 for a NACA 0018—wedge at 0.1c airfoil section
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Appendix C NACA 0021 wedge at 0.1c

See Figs. 17, 18 and 19.

Fig. 17 Comparison of MHP and CFD results for the test case of a NACA 0021—wedge at 0.1c airfoil, operating at a Mach number (M) of 0.24
and an angle of attack (α) of 5◦
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Fig. 18 Residual error histograms between CFD and MHP for the test case of a NACA 0021—wedge at 0.1c airfoil, operating at a Mach number
(M) of 0.24 and an angle of attack (α) of 5◦
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Fig. 19 Comparison between CFD and MHP prediction of a lift coefficient (CL) and b drag coefficient (CD) with variation of angle of attack (α)
at a Mach number (M) of 0.24 for a NACA 0021—wedge at 0.1c airfoil section
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