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Abstract

Predicting the wind field around military vehicles during extended missions is crucial
to avoid detectability by infrared (IR) devices. This is a challenging task because of the
geometric complexity of the vehicles and the unpredictable nature of wind direction,
which can shift abruptly and have a significant impact on the flow field and heat transfer.
Computational fluid dynamics (CFD) is routinely used to calculate flow fields around
ground vehicles. However, this requires extensive computational time and memory, making
it unsuitable for real-time analysis. To address these challenges, this paper focuses on
machine learning (ML) techniques for accurate wind field prediction in real time for unseen
wind directions within the sampled range. Reduced order modeling (ROM) is used for
dimensionality reduction of flow field data derived from high-fidelity CFD simulations.
ML models are trained using low-dimensional data from the ROM, and the predicted
low-dimensional data for unseen wind directions by the trained ML model is used to
reconstruct the flow field. ROM, in conjunction with ML techniques, offers a substantial
reduction in analysis time while maintaining the ability to predict the flow field accurately.
In this study, a neural network architecture with three output formulations trained using
ROM data was used for the predictions, and the accuracy of the formulations was evaluated
by comparing them with the CFD results. An optimal ML model is identified by varying
the number of hidden layers and neurons within those layers. The developed ROM- and
ML-based approach was able to predict the unseen flow field in less than a second, while a
single CFD simulation required approximately 2.6 h per wind direction.

Keywords: CFD; Proper Orthogonal Decomposition (POD); Singular Value Decompo-
sition (SVD); Reduced Order Models (ROM); surrogate modeling; ML models; ground
vehicle aerodynamics

1. Introduction

Calculating the flow fields around military vehicles under varying wind conditions
is crucial for predicting their detectability using infrared (IR) devices, particularly during
long-duration missions [1-5]. To accurately predict detectability, it is necessary to estimate
flow fields across a range of wind conditions. This modeling should account for variations
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in wind speed and direction, which can change over time. By simulating these conditions,
it becomes possible to predict how a vehicle’s visibility to IR sensors might vary through-
out a mission. This information is crucial for designing military vehicles with thermal
management systems, surface coatings, fabric covers, and exhaust treatments, reducing IR
emissions, and enhancing stealth over prolonged periods. Also, it enables engineers to op-
timize the vehicle’s design and surface materials for better heat management, ensuring that
the vehicle signature remains as low as possible even when external conditions fluctuate.

In modern warfare, where stealth and extended operational periods are essential, the
ability to remain undetected by enemy sensors is a significant advantage. Wind conditions,
which can change over time, play a significant role in vehicle signature and must be
carefully analyzed to ensure accurate prediction and mitigation of its detectability. Vehicle
signature is influenced by several factors, including the heat generated by the vehicle’s
engine, exhaust systems, and onboard electronics, as well as the heat exchange with the
surrounding environment. Wind variability, including changes in speed and direction, can
significantly affect this heat exchange. In varying wind conditions, the velocity field can
change, leading to dynamic shifts in how effectively different parts of the vehicle are cooled.
High wind speeds may enhance cooling due to convection, reducing the overall thermal
signature, while low wind speeds or variable wind directions might cause uneven heat
distribution, resulting in localized hot spots. Therefore, accurately calculating the flow field
under varying wind conditions is essential for identifying how these fluctuations impact
the vehicle’s IR signature over time, particularly during long missions where environmental
conditions can change drastically.

Traditional methods, such as CFD, can be used to predict velocity and temperature
fields around ground vehicles. CFD has significantly influenced design and simulation over
the years, standing at the forefront of modern engineering and scientific research. It offers
powerful tools for analyzing fluid flows, playing a pivotal role in understanding complex
fluid patterns and optimizing designs across various fields. Compared to traditional
experimental methods like wind tunnels, CFD is cost-effective, provides detailed flow
field data, and even generates animations of complex flow phenomena. The growing
investment in CFD technology has led to more efficient designs, making it a widely used
tool for both internal and external flow analyses. The utilization of CFD has accelerated
advancements across many industries, with diverse sectors leveraging this technology
to enhance their simulation capabilities [6-12]. In the highly competitive and fast-paced
automotive industry, for example, CFD addresses challenges related to frequent design
changes and complex geometries. By ensuring efficient turnaround times and reducing
the need for extensive prototype testing, CFD has become integral in applications ranging
from exterior aerodynamics to engine cooling and climate control [13]. It aids in optimizing
vehicle aerodynamics, enhancing fuel efficiency, and minimizing drag.

These simulations play a crucial role in the above optimization process by providing
insights into the flow field around the vehicle under various weather conditions, thereby
improving predictions of vehicle behavior [14-17]. However, despite its effectiveness, CFD
can be time-consuming and computationally intensive, especially as the complexity of
the geometry increases the demand for more CPU time and memory requirements. It is
therefore not practical for real-time applications as it needs days, weeks, or even months to
analyze a test model. This research aims to offer faster solutions for flow field predictions by
employing ROM to condense high-fidelity CFD data and utilizing various ML approaches
to predict flow fields.

ROMs are mathematical representations that capture the essential behavior of a high-
fidelity data space in a lower dimensional form, thus representing high ranking models
as simpler, low-ranking ones [18]. This reduces the computational effort required for data
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analysis. Several ROM techniques are widely used in fluid dynamics research, each serving
different purposes. Representative applications include flow field analysis based on Proper
Orthogonal Decomposition (POD) integrated with neural networks [19], identification of
transient flow structures using Dynamic Mode Decomposition (DMD) [20,21], and flow
analysis and control employing Galerkin projection methods [22]. Holemans et al. [23]
proposed a method to decrease the computational effort required for ROMs of large datasets;
using an annular swirling jet as the test case, the authors applied the Snapshot Proper
Orthogonal Decomposition (sPOD) technique to identify dominant modes and structures
for reconstructing and visualizing the data. Their study showed that within a 5% error
margin, modeling the 2D dataset required 22 times less RAM than modeling the the 3D
dataset. Other research has shown that it is possible to produce accurate results using
different ROM approaches such as constrained reduced order models (C-ROM) [24]. By
constraining the solution within user defined bounds, traditional ROMs are modified and
can therefore be applied to non-linear problems. This paper applies the Singular Value
Decomposition (SVD) algorithm to reduce the dimensionality of CFD solution data and
integrates ML techniques to enhance the process.

The rapidly emerging field of data analysis and ML is redefining engineering practice
and research across diverse disciplines [25-28]. With the ability to store large swaths of
data and the development of tools for data analysis, it is possible to use data to predict
and optimize systems in ways that were not possible before. ML algorithms can be
used to extract information from complex datasets, and the results can be used to inform
decisions about design, operation, and maintenance of complex engineering systems. In
the digital age, where data proliferation is constant, ML algorithms provide powerful
tools to sift through information and uncover hidden correlations that might otherwise
remain undetected. This capability enhances research efficiency and opens new avenues
for discovery across a broad range of scientific and engineering fields.

The integration of data science and ML is revolutionizing state-of-the-art practices in
engineering across various scientific, technological, and industrial domains. This transfor-
mation is driven by several factors: (1) the increasing volume of data; (2) advancements in
computational performance; (3) significant industry investment; (4) the development of
scalable algorithms based on statistical and applied mathematical principles; and (5) im-
provements in sensing technologies, data transfer, and storage [29]. Advances in data
quantity and quality have led to numerous breakthroughs in data science and engineering,
ushering in an era of data-intensive analysis [30-39].

ML offers diverse approaches for addressing analysis problems. The basic steps
in a ML workflow include: (1) defining the problem to be modeled; (2) gathering and
curating training data to inform the model; (3) selecting an appropriate model architecture;
(4) designing a loss function to evaluate model performance; (5) choosing and implementing
an optimization algorithm for model training; (6) evaluating the trained model on a test
dataset; and (7) using the model to make predictions on new, unseen data [29]. These steps
provide a structured approach to applying ML effectively.

Despite significant advances in ML, challenges remain, such as the substantial pro-
cessing time and computational resources required for models built on extensive datasets.
This can lead to delays or system down times, especially when real-time results are needed.
To improve efficiency and reduce computational demands, it is crucial to reduce the size of
training data. One study addressed this issue by applying dimensionality reduction tech-
niques, specifically POD and deep autoencoders, to fluid flow data [19]. CFD simulations
of a two-dimensional vehicle model generated data on temperature and flow fields, which
were then compressed using the POD method. The reduced dataset served as input for
training an artificial neural network (ANN) designed to predict the mode coefficients of
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the CFD data. The model’s predictions achieved high accuracy, with relative errors below
0.1%. This paper explores various machine learning approaches for predicting fluid flow in
three-dimensional ground vehicle geometries, evaluating several ML algorithms in terms
of efficiency and accuracy.

The approach used for this study is structured as follows: ANSYS v.R1/2023 [40],
a CFD simulation tool, is employed to create and discretize a computational domain
around a military ground vehicle using polyhedral elements. A high-fidelity flow field
around the vehicle is generated using this mesh for various wind directions, and the three
velocity components at all mesh points are extracted for further analysis. To reduce the
dimensionality of this data, POD is applied, extracting the dominant modes in the dataset.
The reduced data is then used to train and test different ML models, with the wind angle
as the input and the mode coefficients as the output. The testing data is utilized to predict
the wind field for a given wind direction, and a comparison is made with the CFD data to
assess the accuracy of the predictions. The error between the predicted and original data is
used as a metric to compare the performance of the different ML approaches. Contributions
of the paper include development of surrogate and ML models, which can predict the
flow field around a ground vehicle in less than a second. A machine learning architecture
with different output strategies is explored and an architecture sweep is also carried out to
find the best model. The key contributions of this work include the application of neural
network-based flow field reconstruction to the complex external flow field of the FED-
Alpha ground vehicle, a systematic comparison of three output formulations for model
development, and the achievement of flow field reconstruction in less than one second.

The content of this paper is organized as follows: Section 2 outlines the methodology
for high-fidelity data generation, dimensionality reduction using POD, and the details of
the three ML models employed. Section 3 presents the results and discussion, including
the validation of the numerical model used in the high-fidelity data generation. Finally,
Section 4 concludes the study and suggests directions for future research.

2. Research Approach
2.1. CED Simulation

The flow field around the test model was numerically simulated using Ansys FLUENT
software v.R1/2023 [40]. The different steps that are involved in the CFD simulation include
geometry preparation, mesh generation, and physics setup, and they are described in the
following sections.

2.1.1. Geometry Preparation

The test model for this study was the Fuel Efficiency Demonstrator Alpha (FED-Alpha)
vehicle, designed for the Next Generation NATO Reference Mobility Model [41]. Itis a
heavily fortified military vehicle that has greater fuel efficiency compared to conventional
vehicles. The original geometry included intricate details, such as protruding nuts and
bolts, drive trains, and gears, as shown in Figure 1. However, these fine details are not
necessary for CFD simulation and increase computational resource requirements. Therefore,
SpaceClaim [42] was employed to simplify the geometry by removing these finer features
and ensure that the geometry was watertight for effective meshing and CFD analysis. The
final simplified geometry is also depicted in Figure 1.

https:/ /doi.org/10.3390/computation14070145


https://doi.org/10.3390/computation14070145

Computation 2026, 14, 145

50f24

(a) Original detailed geometry (b) Simplified water-tight geometry

Figure 1. FED-Alpha vehicle geometry.

2.1.2. Mesh Generation

The computational domain for the simulation is defined as a cylindrical region with a
radius-to-length ratio of 16:1 relative to the FED-Alpha and a height-to-height ratio of 8:1,
relative to the FED-Alpha, as shown in Figure 2. Additionally, to enhance the accuracy of
the simulation and to accurately capture fine features, a cylindrical refinement region is
added around the vehicle. The ratio of the radius of the computational domain to the radius
of the refinement region is defined as 5:1 and the ratio of the height of the computational
domain to the height of the refinement region is defined as 5.5:1. This computational
domain is discretized using generalized mesh elements, with the mesh element size set
to 15 cm. An inflation layer was employed to resolve the boundary layer on the vehicle’s
surface, configured with a transition ratio of 0.272, a maximum of 15 layers, and a growth
rate of 1.15. On the vehicle surface, the default mesh element size was set to 25 mm. The
resulting mesh comprised over 11 million elements and more than 4 million nodes, with an
average y+ value of 9.04. Figure 2b,c shows the mesh on the vehicle surface and a sectional
view, highlighting the refinement region.

2.1.3. Physics Model Selection and Boundary Conditions

The wind flow is modeled using incompressible flow assumptions and the SST k-w
turbulence model to estimate eddy viscosity. The boundary conditions are defined as
follows: the ground and the sky are treated as a slip boundary and the freestream tem-
perature is set at 300 K. The angular velocity of the wheels is accounted for at 39.8 rad/s,
corresponding to a vehicle speed of 44.74 mph and a wheel radius of 0.503 m. Consequently,
the freestream velocity at the inlet is set to 44.74 mph for each wind direction.

Thermal analysis of the FED-Alpha model was conducted to calculate the temperature
distribution on the vehicle’s surface using TAITherm software from ThermoAnalytics [43].
TAITherm is an advanced tool designed for thermal analysis, focusing on modeling heat
distribution patterns across complex system components. For a comprehensive thermal
analysis, several components were added to the geometry: a simplified engine model,
exhaust passage, and airspaces for the cabin, engine, and trunk. To specify appropriate
material properties such as thermal conductivities, convective heat transfer coefficients,
and radiation emissivity and absorptivity, the geometry was divided into groups including
windows, mirrors, engine, exhaust, and wheel. The simulation assumed a vehicle speed of
44.74 mph, with coolant heat rejection set to 44.74 kW and the exhaust mass flow rate at
5 kg/min. The simulation covered an 8-h period from 6:00 AM to 2:00 PM on 19 July 1984,
with a time step of 30 min to ensure detailed analysis. The predicted surface temperature
on the vehicle is illustrated in Figure 3.
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3
Alpha vehicle at a wind angle of 55 degrees. These figures highlight the stagnation

The flow field is initialized according to the incoming wind conditions, and simulations

are run for 1000 iterations using a steady-state approximation. Figure 4 illustrates the
surface shear stress pattern and external streamlines, as well as the pressure field on the
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line on the wind-facing side of the vehicle and the complex flow patterns in the wake
behind the vehicle.

(a) Surface streamlines

(b) Streamlines around the vehicle
Figure 4. Streamlines on FED-Alpha vehicle for a wind angle of 55 degrees.

2.1.4. Parametric Study

A parametric study was conducted to collect data from various wind directions,
ranging from 0 to 180 degrees, with increments of 2 degrees, resulting in simulations for
91 different wind angles. The primary flow variables of interest, namely, the x-, y-, and
z-components of velocity are extracted from the simulations at each node in the mesh. This
data is used for the Proper Orthogonal Decomposition, which is in turn used to train and
test the machine learning models.

2.2. Proper Orthogonal Decomposition Using Singular Value Decomposition

The snapshot matrix used for POD contains the flow variable data at each node for
all the specified wind directions. The flow variables analyzed at the nodes include the x-,
y-, and z-components of velocity. Consequently, three snapshot matrices with identical
dimensions were generated. Each column in a snapshot matrix represents the velocity
components at all nodes for a particular wind direction. The mesh used for the simulations
comprised of 4,463,607 nodes, and data from 91 wind directions were used, resulting in
a snapshot matrix of size 4,463,607 x 91. In the snapshot matrix for the x-component of
velocity, each column contains the x-component of velocity at each node for a given wind
direction, while each row contains the x-components of velocity for each wind direction for
a given node.

SVD has been widely applied in various fields, such as image compression, where
it retains only the most significant values, thereby reducing storage space without com-
promising image quality [44,45]. In signal processing, SVD is used for denoising data by
isolating and removing components associated with noise, which enhances the clarity and
quality of the sound [46]. Additionally, SVD plays a crucial role in data reconstruction,
allowing for the recovery of lost or corrupted data [47].

In this research, POD is employed as a dimensionality reduction technique and SVD is
used to perform POD. Given that the data used in CFD analysis pertains to a 3D geometry,
reducing the dimensionality of this data is essential for a faster analysis. The data is repre-
sented as a snapshot matrix, which is then reduced to mode shapes and mode coefficients.
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POD is subsequently used to identify the dominant modes, which are then used to train
the ML models.

SVD is a numerically robust matrix factorization method that efficiently identifies
and extracts dominant patterns from the data [18]. One common challenge with high-
dimensional data is the significant processing time required for analysis. Large datasets
in fields such as audio, video, and image processing, as well as fluid flow simulation or
experimental data, often exhibit dominant patterns that can be effectively represented in
lower-dimensional forms. SVD provides a systematic approach to approximating data
at different levels of complexity based on these governing patterns. This data-driven
technique relies solely on patterns derived directly from the data.

The SVD is a special matrix decomposition technique for any complex matrix. For
a given complex snapshot matrix X of dimensions m x n, SVD decomposes it into three
unique matrices as

X =uxvT 1)

where U and V are unitary matrices and X is an m x n diagonal matrix with non-negative
singular values whose diagonal elements represent the eigenvalues in descending order.
Columns of U are the eigenvectors of XX, columns of V are the eigenvectors of XTX,
and V7T is the conjugate transpose for real matrices. Each column in U represents the
mode shapes, while V7 represents the mode coefficients, arranged in the order of de-
creasing significance. This indicates that the first mode contains the most energy in the
entire system. Thus, dominant modes can be identified and used to represent the entire
dataset using a reduced set of data. The cumulative energies of the modes were utilized
to ascertain the necessary number of modes to achieve high accuracy while effectively
reducing dimensionality.

2.3. Machine Learning Methods

Recently, machine learning (ML) techniques have been increasingly applied to develop
neural network models for fluid flow prediction. Trained on large datasets of flow field
information, these models can capture complex relationships between design parameters
and flow characteristics. This capability enables the development of highly accurate
surrogate models for design optimization and for predicting flow behaviour in previously
unseen configurations [48].

In this study, a Dense Neural Network (DNN) architecture is employed. A DNN
consists of multiple hidden layers in which each neuron is fully connected to all neurons
in the subsequent layer. Consequently, every neuron receives inputs from all neurons
in the preceding layer and propagates information to all neurons in the next layer. This
dense connectivity allows the network to effectively capture intricate feature interactions
and nonlinear dependencies within the data. As a result, DNNs are well suited for a
wide range of tasks, including regression, classification, and generative modeling. The
ML models were implemented using the NumPy library (version 1.22.3) and TensorFlow
library (version 2.9.0).

2.4. Model Architecture

The DNN is trained by iteratively adjusting its weights and biases to minimize a
prescribed loss function through forward propagation, loss evaluation, and backpropaga-
tion, guided by an optimization algorithm such as Adam. During forward propagation,
the input data pass through successive layers, where each neuron computes a weighted
sum of its inputs, applies a nonlinear activation function, and produces an output. The
final network output is then compared with the ground truth using a loss function that
quantifies the prediction error. Backpropagation is subsequently employed to compute
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the gradients of the loss function with respect to all trainable parameters, enabling the
optimizer to update the weights and biases in a direction that reduces the loss. This iterative
process is repeated over multiple epochs, allowing the network to progressively improve
its predictive accuracy and converge toward an optimal parameter set.

The DNN architecture used in this study consists of six hidden layers, each containing
32 neurons. A Leaky Rectified Linear Unit (Leaky-ReLU) activation function, with a« = 0.2,
is employed, and the model is trained using the mean squared error (MSE) loss function [49].
The Leaky-ReLU function mitigates the “dying ReLU” issue by allowing a small, non-zero
gradient for negative input values. To ensure reproducibility, deterministic operations
were enabled in TensorFlow, and a fixed random seed was specified for all training runs.
The models were trained for 5000 epochs without employing any early stopping criterion,
using the Adam optimizer with a learning rate of 0.001 and a batch size of four. The Adam
optimizer is widely used due to its computational efficiency and relatively low memory
requirements when handling large datasets [50]. No additional regularization techniques
were applied during training. The input layer consists of a single neuron representing the
wind angle, while the number of neurons in the output layer corresponds to the Proper
Orthogonal Decomposition (POD) mode coefficients. Prior to training, the input wind-
direction angles were normalized to the range of 0 to 1, while the POD mode coefficients
were scaled to the range of —1 to 1.

Three different model configurations are investigated, all sharing the same network
architecture but differing in the structure of the output layer. In the first approach, multiple
independent models are constructed, with the total number of models equal to the number
of POD mode coefficients used for the reconstruction of the flow field. Each model is
trained to predict a single coefficient, resulting in an output layer with one neuron per
model. In the second approach, a single model is used to predict all POD mode coefficients
simultaneously, with the output layer containing 91 neurons corresponding to the full set
of modes. In the third approach, a single model is again employed, with the output layer
including only those mode coefficients retained for flow field reconstruction. The number
of output neurons in this case varies based on the cumulative energy threshold selected for
the POD modes.

Figure 5 illustrates the overall workflow, including data reduction using Proper Or-
thogonal Decomposition (POD) via Singular Value Decomposition (SVD), machine learning
model training and testing, and reconstruction of the predicted flow field using the pre-
dicted mode coefficients. Initially, CFD simulations are performed for 91 distinct wind
directions, and the resulting flow field data are assembled into a snapshot matrix. This
matrix is then decomposed using SVD to obtain 91 spatial mode shapes and their corre-
sponding mode coefficients, which serve as the target outputs for the machine learning
model. The DNN is trained using data from 90 wind directions, while the remaining case
is reserved for testing without data leakage. The trained model predicts the mode coeffi-
cients for the unseen wind direction. In the example considered here, the first 36 predicted
mode coefficients are retained for reconstruction of the flow field. The reconstructed field
is obtained by linearly combining the corresponding 36 mode shapes weighted by their
predicted coefficients. Finally, the reconstructed field is compared with the CFD solution
for the test case, and the prediction error is quantified.
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Figure 5. Flow chart of data breakdown from SVD, ML training and testing, to field prediction.

3. Results and Discussion
3.1. CFD Model Validation

Validation of the CFD model is a critical step, particularly for ground vehicle simula-
tions where geometric complexity introduces significant challenges in accurately resolving
the flow field. Such simulations typically require substantial computational resources
due to the intricate geometry and the need for high-resolution meshes. Therefore, it is
essential to establish the reliability of the numerical model by comparing its predictions
with available experimental data.

The Ahmed Body is a widely recognized benchmark configuration for validation in
automotive aerodynamics, first introduced by Ahmed et al. [51]. Owing to its simplified
geometry, it provides an effective test case for assessing the accuracy of computational
models while still capturing key flow features relevant to real vehicles. The Ahmed Body
consists of a bluff, rectangular geometry with a slanted rear surface and sharp leading
edges. The aerodynamic characteristics are strongly influenced by the wake structure
formed behind the body, which varies with the rear slant angle. By modifying this angle,
different flow regimes can be reproduced, resulting in variations in drag and lift coeffi-
cients. Consequently, the Ahmed Body has been extensively used for validation studies in
the literature [52-55].

In the present study, the Ahmed Body with a rear slant angle of 35° is used for model
validation. The geometry has dimensions of 1044 mm in length, 389 mm in width, and
338 mm in height, as shown in Figure 6a. The body is placed within a computational
domain such that the ratio of the domain radius to the body length is 18:1, and the ratio of
the domain height to the body height is 4:1. Consistent with the FED-Alpha simulations,
mesh refinement is applied in the vicinity of the body to accurately capture near-wall and
wake flow features. The resulting mesh consists of approximately ten million elements,
with a base element size of 0.86391 m. Figure 6b presents the mesh distribution on the
symmetry plane, highlighting the refined region near the body.

For the simulation setup, the freestream velocity was specified as 20 m/s, with a
corresponding freestream temperature of 300 K. Turbulence effects were modeled using
the shear stress transport (SST) k—w model to estimate the eddy viscosity. The flow was
assumed to be incompressible, with a dynamic viscosity of 1.7894 x 10~° kg/m-s. Aerody-
namic force and moment coefficients were computed using the frontal area of the Ahmed
Body as the reference area, which was calculated to be 0.1212798 m?. The characteristic
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length was taken as 1.044 m, and the reference density was set to 1.225 kg/m?>. Based
on these parameters, the Reynolds number of the flow was approximately 1.4 x 10°. The
simulation was conducted with the Ahmed Body mounted on its supporting stilts. The pre-
dicted drag coefficient was 0.258, which is in excellent agreement with the experimentally
reported value of 0.26. This close correspondence provides confidence in the accuracy of
the numerical model, which is subsequently employed for simulating airflow around the
FED-Alpha configuration.

T 297 H
Front View

T
o
o
A

Figure 6. Geometry specification for the Ahmed Body and computational mesh used for
the simulations.

3.2. Data Generation for ML Models

The validated CFD model described in the previous section was subsequently em-
ployed to simulate the flow field around the FED-Alpha vehicle and to generate data
for further analysis. Following each simulation, velocity components at each node were
extracted throughout the computational domain. The solution data were exported from
ANSYS Fluent for all 91 wind directions and stored as individual data files. These datasets
were then assembled into a snapshot matrix, which served as the basis for computing the
POD mode shapes and their corresponding mode coefficients.

3.3. Proper Orthogonal Decomposition Results

Traditionally, the cumulative energies of the modes from POD have been used to
decide the number of modes to be considered while reducing data dimensionality for
accuracy [56-58]. In the context of field reconstruction, the term “energy” quantifies the
contribution of each mode to the overall representation of the flow field. Cumulative energy
is defined as the ratio of cumulative sum of eigenvalues up to considered mode to the sum
of all eigenvalues in the system. The cumulative energy increases as additional modes
are included, although the incremental contribution of higher-order modes progressively
diminishes. The first mode typically contains the largest share of the energy, followed by
subsequent modes with decreasing significance. Accordingly, the modes are ranked based
on their energy content, with lower-order modes playing a dominant role in accurately
reconstructing the flow field. The cumulative energy distribution of the POD modes for the
x-component of velocity is presented in Figure 7. The vertical axis represents the cumulative
energy as a percentage, while the horizontal axis denotes the number of retained modes.
As shown in Figure 7, the first few modes capture a substantial portion of the total energy,
with approximately 80% contained within the first 37 modes.

POD-based reconstruction is performed using the Singular Value Decomposition
(SVD) representation of the snapshot matrix, in which the matrix U contains the spatial
modes and the product ZV7 contains the corresponding mode coefficients. Reconstruc-
tion using a single mode is achieved by multiplying the corresponding column of U
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with its associated coefficient in V7. For example, reconstruction using the first mode
involves the product of the first column of U and the first coefficient in V1. Recon-
struction with multiple modes is obtained by summing the contributions from each
selected mode. This additive process extends to higher-order reconstructions, where the
inclusion of additional modes incrementally improves the accuracy of the reconstructed
field. The computational cost scales linearly with the number of modes retained, as each
additional mode introduces N multiplications and N additions, where N is the number
of spatial points.

100

(o)) (o]
o o

Cumulative Energy (%)
AN
o

N
o

0 20 40 60 80 100
Number of Modes

Figure 7. Cumulative energy of different modes from POD of the x-component of velocity.

To validate the POD reconstruction, the velocity component in the y-direction for a
wind angle of 0° is reconstructed using varying numbers of dominant modes and compared
with the corresponding CFD results, as shown in Figure 8. The velocity field is visualized
on the symmetry plane of the FED-Alpha vehicle, with the geometry overlaid to provide
spatial context. The CFD-predicted velocity field for the 0° wind case is presented in
Figure 8a, where the y-component of velocity ranges from —10 m/s to 35 m/s. This range is
used consistently across all subplots to facilitate direct comparison. Figure 8b—f illustrate the
contributions of the first five individual modes to the reconstructed velocity field. The first
mode shown in Figure 8b captures the most dominant flow structures, which is the mean
flow field and exhibits the largest velocity variation, while higher-order modes contribute
finer details with reduced magnitude. The lower-order modes capture the dominant global
flow response, including large-scale separation and wake behavior, whereas the higher-
order modes describe progressively finer spatial variations and localized flow features that
contribute less to the overall flow field energy. Figure 8g,h present the reconstructed flow
fields obtained using the first 5 and 10 modes, respectively. These results demonstrate
a clear improvement in reconstruction accuracy as more modes are included, with the
10-mode reconstruction showing closer agreement with the CFD solution in Figure 8a. This
behaviour highlights the effectiveness of POD in capturing the dominant flow features
with a relatively small number of modes, while additional modes enhance the fidelity of
the reconstructed field.
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(a) Actual CFD data (b) Mode 1

(c) Mode 2 (d) Mode 3

(e) Mode 4 (f) Mode 5

(g) Reconstructed field using first five (h) Reconstructed field using first ten

modes modes

Figure 8. Velocity distribution on the symmetry plane based on CFD result and reconstruction using
different modes from Proper Orthogonal Decomposition.

3.4. Machine Learning Model Results

To evaluate the accuracy of the predicted wind field, reconstructions were performed
using different numbers of POD modes corresponding to varying levels of cumulative
energy. The number of modes retained in the reconstruction was selected to increase the
prediction accuracy, with the objective of minimizing the difference between the CFD
solutions and the flow fields reconstructed using the trained machine learning model. The
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optimal number of POD modes need to be retained in the reconstruction corresponds to
the smallest error between the reconstructed flow field and the CFD data. The prediction
accuracy was quantified using three error metrics: average error, root-mean-square (RMS)
error, and maximum absolute error. These errors are defined as

(2)

where N is the total number of nodes in the computational mesh, and E; is the prediction
error associated with node i. The error E; is defined as the difference between the flow vari-
able value obtained from the CFD simulation and the corresponding value reconstructed
by the machine learning model at node i:

For the velocity components, cumulative energy levels of 10% to 90% in steps of 10%,
and 95% were considered. The number of modes required to achieve each cumulative
energy level is summarized in Table 1. As shown, approximately 80% of the total energy
for the streamwise (x), transverse (y), and vertical (z) components of velocity are captured
by 37, 36, and 41 modes respectively.

Table 1. Number of modes for different field data relative to their cumulative energy.

Number of Modes for Field Data

Cumulative Energy (%) x-Component y-Component z-Component
of Velocity of Velocity of Velocity

10 — — 1

20 2 1 2

30 3 3 3

40 4 4 5

50 7 7 9

60 13 12 15

70 22 21 26

80 37 36 41

90 59 58 63

95 73 73 76

Following the training phase, the ML models were evaluated using a test case cor-
responding to a wind angle of 56°. The predicted wind field for this case was obtained
by combining the predicted POD mode coefficients with the corresponding spatial modes.
Specifically, the predicted coefficients from the ML models were multiplied by their re-
spective mode shapes, and the contributions from all retained modes were summed to
reconstruct the flow field. The reconstructed field was then compared with the CFD so-
lution to quantify the average, root mean square (RMS), and maximum absolute errors.
The differences among the three ML model configurations are illustrated using the 80%
cumulative energy case for the x-component of velocity.

As indicated in Table 1, 80% of the total energy for this component is captured by the
first 37 POD modes. Accordingly, the output layer configurations for the three approaches
were defined based on these 37 modes. In Approach 1, 37 independent ML models were
trained, each with a single output neuron corresponding to one of the first 37 mode
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coefficients. The predicted coefficients from these individual models were then combined
to reconstruct the flow field. In Approach 2, a single ML model with 91 output neurons
was trained to predict all POD mode coefficients; however, only the first 37 coefficients
were retained for reconstruction. In Approach 3, a single ML model was trained with
37 output neurons to directly predict the required set of mode coefficients used for flow
field reconstruction.

3.4.1. Model Comparisons

The absolute, average, and root mean square (RMS) errors for flow field reconstruction
using the different ML approaches are presented in Figure 9. This figure provides a
comparative analysis of the three ML model configurations, along with the corresponding
POD-based reconstructions, for x-component of velocity. The error metrics are plotted
as functions of the cumulative energy retained in the reconstruction, enabling a direct
assessment of how reconstruction fidelity varies with the number of modes included.
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Figure 9. Graphs comparing absolute, average, and RMS errors from different ML approaches for the
x-component of velocity.

From these figures, the following inferences can be made:

1. There is a significant drop in error from 10% to 60% cumulative energy, which can be
attributed to the inclusion of more significant modes in the reconstruction. As shown
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in Table 1, the large fluctuations in the velocity field require more modes to capture
all the variations.

The graphs for absolute and RMS errors are nearly identical across all three approaches.
The lowest error is achieved at 80% cumulative energy for both RMS and absolute
errors. Therefore, the number of modes corresponding to 80% cumulative energy is
optimal for flow field prediction using the ML models.

While it might be expected that Approach 1 would yield the highest accuracy, as
it utilizes multiple ML models to predict each mode coefficient individually, the
graphs show no significant difference in error between Approach 1 and the other
two approaches. Furthermore, as will be shown later, the training time required for
Approach 1 makes it less efficient compared to Approaches 2 and 3.

It is notable that for Approaches 2 and 3, the error slightly increases as the cumulative
energy shifts from 80% to 100%. This may be because the mode coefficients for
higher modes are very close to zero. As shown in Figure 10, the eigenvalues after
37 modes, corresponding to cumulative energy greater than 80%, are significantly
small. Consequently, multiplying the mode coefficients corresponding to these mode
shapes contributes little to the reconstruction of the flow variables. However, any
inaccuracies in the prediction of these mode coefficients by the ML models may
result in non-zero values for the mode coefficients. These non-zero values are then
multiplied by the mode shapes and added to the reconstruction, causing errors in the
predicted flow field. Approach 1 uses a single output neuron per ML model, whereas
Approaches 2 and 3 have multiple output neurons.

The reconstruction plot using POD shows a steady decrease in error across all graphs,
with the error reducing to zero as the cumulative energy approaches 100%. Although
the other three plots reveal a consistent drop in errors up to around 80% cumulative
energy, the errors either increase or plateau from 80% to 100%. The reason for this is
explained in point 5 above.

0 20 40 60 80
Mode Number

Figure 10. Graph of eigenvalues from SVD against number of modes.

Similar behaviour was observed in the other components of velocities, and for concise-

ness these figures are omitted here. However, normalized values of maximum, RMS, and
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average error for all velocity components are listed in Table 2. The normalization is carried

out using the freestream velocity.

Table 2.

Error comparison for reconstructed velocity components at different cumulative-

energy levels.

x-Component of Velocity

y-Component of Velocity

z-Component of Velocity

Cumulative
Energy (%) Max Error ~ RMS Error AEerage Max Error ~ RMS Error Average Max Error ~ RMS Error Average
1ToY Error Error
20 1.3400 0.1328 0.0115 1.4034 0.2406 —0.0136 1.4150 0.1200 0.0051
30 1.3050 0.1307 0.0098 1.3028 0.1646 —0.0015 1.4002 0.1236 0.0043
40 1.2540 0.1208 0.0104 1.2735 0.1453 0.0055 1.2776 0.0859 0.0017
50 0.9797 0.0928 —0.0023 0.9727 0.1091 0.0011 1.3028 0.0713 —0.0003
60 0.6991 0.0619 —0.0002 0.8771 0.0901 —0.0009 1.0207 0.0590 —0.0003
70 0.7110 0.0516 0.0003 0.7729 0.0750 —0.0028 0.9220 0.0520 —0.0005
80 0.6525 0.0495 0.0007 0.7426 0.0729 —0.0034 0.9491 0.0559 —0.0004
90 0.8376 0.0598 0.0001 0.8258 0.0833 —0.0037 1.1072 0.0635 —0.0007
95 0.8848 0.0627 0.0000 0.9503 0.0887 —0.0040 1.1108 0.0646 —0.0006

Three-dimensional visualization of the prediction error was also performed using
ParaView (version 5.11.2) [59]. The results, presented in Figure 11, are shown as iso-
surfaces corresponding to a specified error threshold for the x-component of velocity
for ML Model Approach 2. Regions enclosed by the blue iso-surface indicate locations
where the error exceeds 5 m/s. As illustrated in Figure 11, the extent of the high-error
regions decreases progressively as additional modes are included in the reconstruction.
However, a slight increase in the error region is observed beyond 90% cumulative energy,
consistent with the trend noted in the error plots in Figure 9. Furthermore, the regions
of elevated error are primarily concentrated in the vicinity of the wake region of the
vehicle. This behaviour can be attributed to the complex separated flow structures near
the vehicle, which present greater challenges for accurate prediction. The wake region
is characterized by strong velocity gradients, flow separation, recirculation zones, and
vortical structures, which introduce significant non-linearities into the flow field. Small
variations in the predicted mode coefficients by the ML models can produce dispro-
portionately large changes in the wake dynamics, making the flow highly sensitive to
perturbations. In addition, the wake contains small-scale eddies that are more difficult
to represent accurately using a reduced set of modes and machine learning-based recon-
struction techniques. Consequently, prediction errors tend to accumulate in the wake
region, whereas the attached flow regions exhibit smoother spatial variations and are
reconstructed with higher accuracy.

3.4.2. Computational Resource Requirements

The CPU resources utilized for each component in the ML models for the x-
component of velocity are summarized in Table 3. The computations were performed
using a 2.4 GHz Intel Xeon E5-2680 processor. As shown in Table 3, Approach 1 takes
11,486 seconds to train due to the presence of multiple ML models. In contrast, Ap-
proaches 2 and 3 require significantly less time for training since each utilizes a single
ML model. Also, the CPU time for predicting the mode coefficients using the ML models
for the reconstruction of the flow field using Approaches 2 and 3 is less than 0.4 s, as
compared to close to 11 s when using Approach 1. This is much smaller than 2.6 h
required for a single CFD simulation.
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Table 3. Timing comparisons of the different ML model approaches.

Timing in Seconds

Memory Usage (GB)

SVD Training Prediction Reconstruction
Approach 1 (91 ML models)  1.08 11486 10.86 0.18 21.02
Approach 2 1.10 117.05 0.15 0.16 16.18
Approach 3 0.81 128.56 0.16 0.20 16.66

(a) 20% cumulative energy (b) 40% cumulative energy

(e) 90% cumulative energy (f) 95% cumulative energy

Figure 11. Iso-surface regions for error greater than 5 m/s for the x-component of velocity.

3.4.3. Effect of ML Architecture on Accuracy

Based on computational complexity and ease of implementation, Approach 2 was
chosen to evaluate the impact of different ML architectures on the accuracy of the predicted
flow field. Various combinations of hidden layers and the number of neurons within these
layers were tested using Approach 2 and the resulting errors in the predicted flow field were
calculated. To assess the influence of the number of hidden layers on accuracy, the number
of hidden layers was increased uniformly and ML models with two, three, four, five, six,
seven, and eight hidden layers, each containing 32 neurons, were analyzed. The ML models
were trained for 5000 epochs without early stopping criteria. Figure 12 compares the
accuracy of ML models with varying numbers of hidden layers under Approach 2. The
graphs indicate that the number of hidden layers does not significantly affect absolute and
RMS errors. However, the graph of average error against cumulative energy shows that
using six, seven, or eight hidden layers tends to reduce average errors. This suggests that
increasing the number of hidden layers can improve model accuracy, though there is an
optimal point; adding too many hidden layers may eventually lead to overfitting, reducing
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the model’s efficiency when tested on new data. Figure 12a—c highlight that six hidden
layers represent the best configuration.
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Figure 12. Graphs comparing the behaviour of errors against cumulative energy and number of
hidden layers.

Additionally, to examine the effect of the number of neurons per hidden layer, ML
models with 4, 8, 16, and 32 neurons per layer, each with a total of six hidden layers, were
explored. Errors in the predicted flow field were calculated and plotted for cumulative
energy percentages of 50%, 60%, 70%, and 80%. Figure 13 presents graphs comparing
the accuracy of different numbers of neurons within the ML model for Approach 2. As
the number of neurons increases from 4 to 16, both the RMS and absolute errors drop
significantly, indicating a corresponding improvement in model accuracy. This improve-
ment is attributed to better function approximation and more effective extraction of input
data features. However, it is crucial to note that while an initial increase in the number of
neurons in the hidden layers can yield better results, it may eventually lead to overfitting
if not properly managed. Overfitting occurs when the model becomes too specialized in
the training data, compromising its ability to generalize to unseen data and thus rendering
it ineffective. The graphs clearly show that using 32 neurons within each hidden layer
yielded the best accuracy.

The graphs of training time versus the number of hidden layers and neurons for
Approach 2, shown in Figure 14, reveal that as the complexity of the ML model increases,
there is a corresponding gradual increase in training time.
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Figure 13. Graphs comparing the behaviour of errors against cumulative energy and number
of neurons.
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Figure 14. Graphs of training time against ML model parameters.

4. Conclusions

A machine learning (ML) model with three different output formulations was de-
veloped, trained, and tested to enable faster-than-real-time prediction of the flow field
around a military vehicle for unseen wind directions. The models were evaluated based on
the errors associated with their predicted flow fields. Training data were generated from
Proper Orthogonal Decomposition (POD) of high-dimensional flow field data obtained
from computational fluid dynamics (CFD) simulations. The CFD model considered in
this study corresponds to the FED-Alpha vehicle, with simulations performed for 91 wind
directions. The resulting datasets were decomposed using Singular Value Decomposition
(SVD) into spatial mode shapes and corresponding mode coefficients, which served as
inputs for training and testing the ML model.

Several key conclusions can be drawn from this study.
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¢  First, among the three approaches investigated, Approach 2, where a single ML model
is used to predict all mode coefficients used in the reconstruction, demonstrated the
best overall performance. This approach required approximately 16 GB of memory
and was capable of predicting and reconstructing the flow field in less than one second.
In addition, the use of a single model simplifies both training and deployment.

¢ Second, it was observed that retaining modes corresponding to approximately 70-80%
cumulative energy is sufficient for accurate flow field reconstruction. Including modes
beyond this threshold, up to 100% cumulative energy, provides minimal improvement
while significantly increasing computational cost and memory requirements.

¢  Third, a parametric study of the network architecture for Approach 2 indicated that
a configuration with six hidden layers and 32 neurons per layer yields the best per-
formance. This architecture resulted in the lowest average, absolute, and root mean
square (RMS) errors among the configurations tested.

e  Finally, a significant reduction in computational time was achieved using the ML-
based approach. While a single CFD simulation required approximately 2.6 h per wind
direction, the trained ML model was able to predict and reconstruct the corresponding
flow field in less than one second. This substantial improvement demonstrates the
feasibility of real-time flow field prediction using machine learning techniques.

The models developed in this study were specifically designed for the steady external
flow field of the FED-Alpha configuration. Furthermore, the proposed methodology was
evaluated for a single wind direction as a proof-of-concept demonstration. Future work
will focus on assessing the generalizability and robustness of the approach by applying it
to a wider range of vehicle geometries, terrain conditions, wind directions, and operating
environments. In addition, more advanced neural network architectures, such as convolu-
tional neural networks (CNNs), will be investigated to improve model scalability, enhance
spatial feature extraction, and extend applicability to a broader class of flow configurations.
Such developments may also facilitate the reconstruction and analysis of unsteady flow
fields. Another promising extension of this work is the integration of the reconstructed flow
fields with thermal and infrared (IR) signature prediction methodologies, enabling rapid
estimation of vehicle thermal and IR characteristics for signature management applications.
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