(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 16, No. 6, 2025

Advancing Aerodynamic Coefficient Prediction: A
Hybrid Model Integrating Deep Learning and
Optimization Techniques

Jad Zerouaoui?, Rachid Ed-daoudi?, Badia Ettaki®, EI Mahjoub Chakir*

Laboratory of Material and Subatomic Physics-Faculty of Sciences, Ibn Tofail University
Campus Universitaire, B.P. 133, Kenitra, Morocco® 4
LyRICA: Laboratory of Research in Informatics, Data Sciences and Artificial Intelligence,
School of Information Sciences, B.P. 6204, Rabat-Instituts, Rabat, Morocco?

Abstract—The aerospace industry increasingly relies on
predictive models for aerodynamic coefficients to enhance design,
performance, and optimization. While traditional methods like
Computational Fluid Dynamics (CFD) and wind tunnel
simulations offer accurate predictions, they are computationally
intensive and time-consuming. This study explores a novel
approach that fuses advanced Deep Learning (DL) architectures
with Optimization Techniques to achieve faster and more accurate
predictions of aerodynamic coefficients. Building on the
foundation of Convolutional Neural Networks (CNNs), we
introduce hybrid models that integrate Evolutionary Algorithms
and Gradient-Based Optimization to improve the accuracy,
generalization, and adaptability of predictions. The proposed
framework is validated on datasets derived from CFD simulations
and wind tunnel experiments, demonstrating superior accuracy,
reduced computational cost, and robust performance across
diverse aerodynamic conditions. This study highlights the
potential of combining DL and optimization methods as a
transformative tool for real-time aerodynamic analysis, paving the
way for more efficient Aerospace Design and decision-making.
Future research directions include expanding the model to handle
complex geometries and dynamic flight conditions.
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l. INTRODUCTION

The aerospace industry has long relied on the ability to make
reasonably accurate predictions of the aerodynamic coefficients
to optimize aircraft and spacecraft for design, performance, and
safety. Basic to the determination of the forces and moments
acting on a vehicle flight is the determination of the aerodynamic
coefficients: lift, drag, and moment coefficients. Traditional
methods for determining these coefficients involve CFD
simulations and wind tunnel experiments, which traditionally
have been applied to the standard method of undertaking
aerodynamic analyses over many years [1]. In general, however,
these techniques are computationally intensive and normally
very time-consuming, which prohibits their applications in real-
time settings and iterative design procedures.

Recent breakthroughs in Machine Learning, especially
within DL methods, have opened new avenues towards faster

predictions in aerodynamics. Some of the DL models, like
CNNSs, have been very successful in approximating complicated
physical phenomena with a high degree of accuracy and speed
[2]. These techniques may enable the aerospace industry to
reduce computational costs and enhance agility in design. The
following discussion will look at how DL architectures can be
combined with Optimization Techniques to outperform
traditional methods for fast and accurate predictions of
aerodynamic coefficients.

Traditional methods for aerodynamic prediction include
CFD and wind tunnel testing, which, though very accurate, have
some major drawbacks. First, CFD simulations require the
solving of the Navier-Stokes equations, including high
computational complexity and resource-intensive meshing
processes [3]. These take several hours to days for a single
simulation to complete, even on high-performance computing
systems. Wind tunnel experiments are also quite expensive and
are limited by physical constraints such as scaling effects and
facility availability [4].

Furthermore, neither of these techniques can effectively
implement real-time applications or cases that involve
complicated geometries with dynamic flying conditions. For
instance, the CFD simulation requires re-meshing and re-
calibration over different geometries [5]; experiments in wind
tunnels cannot simulate transient or unsteady aerodynamics
phenomena correctly [6]. All these challenges imply that
alternative approaches must balance the important issues of
accuracy, computational efficiency, and adaptability.

This research examines how a hybrid deep-learning and
optimization method can improve the accuracy, efficiency, and
robustness of aerodynamic coefficient predictions over different
flow regimes, achieving stable performance from subsonic to
hypersonic conditions in both two-dimensional and three-
dimensional geometries.

The main aim of this study is to propose a new framework
that combines DL architectures with Optimization Techniques
for efficient and more accurate prediction of aerodynamic
coefficients. Concretely, the study will try to:

1) Introduce hybrid models that combine CNNs with
Evolutionary Algorithms and Gradient-Based Optimization
methods [7].
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2) Validate the proposed framework on datasets derived
from CFD simulations and wind tunnel experiments [8].

3) Demonstrate how the hybrid models outperform others
in terms of accuracy, computational cost, and robustness for a
wide range of aerodynamic conditions [9].

4) Discuss the possibility of using the framework on real-
time aerodynamic analysis and its impact on Aerospace Design
and optimization [10].

The main contributions of this study are as follows:

e A new hybrid modeling approach that leverages
strengths from DL and Optimization Techniques [11].

e A complete comparison in performance of the
framework with traditional methods [12].

o Generalization and adaptability of the proposed models
for complex geometries and dynamic flight conditions
[13].

The remainder of this study is organized as follows: Section
Il provides a review of relevant literature, including traditional
methods for aerodynamic prediction, advances in deep learning,
and Optimization Techniques. Section [l details the
methodology, including the architecture of the proposed hybrid
models and the integration of optimization algorithms. Section
IV describes the experimental setup, including dataset
preparation and evaluation metrics. Section V presents the
results and discusses the performance of the proposed

TABLE I.
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framework. Section VI explores case studies and potential
applications. Finally, Section VII concludes the study and
outlines future research directions.

Il.  LITERATURE REVIEW

A. Traditional Methods for Aerodynamic Coefficient
Prediction

State-of-the-art methods for predicting the aerodynamic
coefficients have been relying on CFD and wind tunnel
experiments. CFD solves Navier-Stokes equations numerically
in order to simulate the fluid flow around the aerodynamic
bodies with detailed insight into pressure distribution,
turbulence, and flow separation [1]. However, CFD simulations
are computationally intensive since high-resolution meshing
with noteworthy computational resources is required, especially
for complicated geometries and turbulent flows [3]. Table I
details the key comparisons between the traditional methods and
the DL models.

Physical measurements of aerodynamic forces and moments
from wind tunnel experiments provide a more realistic scenario
under controlled conditions. These are considered the gold
standard for validation but are really limited by scalability, cost,
and the inability to fully replicate real-world flight conditions
[4]. Both CFD and wind tunnel testing have their limitations;
however, they remain essential tools in aerospace engineering,
normally used together for the validation and refinement of
aerodynamic designs [5].

A COMPARISON OF TRADITIONAL METHODS (CFD, WIND TUNNEL) VS. DEEP LEARNING APPROACHES IN TERMS OF ACCURACY, COMPUTATIONAL

solver)

COST, AND APPLICABILITY
Aspect CFD Simulations Wind Tunnel Experiments Deep Learning Approaches
Accuracy High (depends on mesh resolution and Very High (gold standard for validation) | High to Very High (data-dependent)

Computational Cost

Very High (hours to days per simulation)

High (expensive setup and maintenance)

Low to Moderate (after initial training)

Applicability

Limited by computational resources

Limited by physical constraints (scaling)

Broad (generalizable to new geometries)

Real-Time Feasibility

Not feasible (time-intensive)

Not feasible (requires physical setup)

Feasible (fast inference times)

Handling
Geometries

Complex

Challenging (requires re-meshing)

Limited (scaling issues)

Excellent (handles irregular shapes well)

Dynamic Conditions

Limited (requires transient simulations)

Limited (difficult to replicate unsteady
flows)

Excellent (e.g., RNNs for unsteady flows)

Scalability

Poor (scales poorly with problem size)

Poor (limited by facility size)

Excellent (scales well with data)

Cost Efficiency

Moderate to
required)

High (HPC resources

High (expensive to conduct)

Low to Moderate (after initial investment)

B. Advances in Deep Learning for Aerodynamic Applications

In the last few years, DL has grown as one of the powerful
tools for approximating complex physical systems, including
aerodynamic phenomena. CNNs have been quite successful in
capturing spatial patterns in fluid flow data, thus becoming well-
suited for tasks such as flow field prediction and estimation of
an aerodynamic coefficient [2]. For example, it finds application
in predicting pressure distributions around airfoil and wing
sections with remarkable accuracy at sometimes and a fraction
of the computational cost of traditional CFD methods [14].

Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks have also been applied to model
unsteady aerodynamic behaviors, such as vortex shedding and

dynamic stall [15]. Those models use time dependencies in the
data to forecast transient aerodynamic responses, opening new
frontiers in real-time analysis and control [16]. Notwithstanding
these latest breakthroughs, generalization of DL models to
unseen geometries and flight conditions still poses a challenge,
while effective hybrid approaches need to be capable of
embedding data-driven methods within the physical constraints
[17].

C. Optimization Techniques in Aerospace Engineering

Optimization methods play a vital role in the design process
of aerodynamic shapes and systems for maximal performance
while maintaining minimum constraints in drag or weight.
Gradient-Based Optimization methods, such as adjoint-based
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optimization, are widely used due to their efficiency in handling
high-dimensional design spaces [18]. These compute gradients
of objective functions with respect to design variables that allow
rapid convergence towards optimal solutions [19].

Another class of methods for solving complex nonlinear
optimization problems includes Evolutionary Algorithms, such
as Genetic Algorithms (GAs) and Particle Swamp Optimization
(PSO). They are especially applicable in cases where the
objective function is discontinuous or noisy, since they do not
make use of gradient information [7]. The drawbacks of the
Evolutionary  Algorithms  usually include their high
computational cost; in fact, thousands of function evaluations
may be required for convergence [20]. Recent works have
concentrated on the integration of gradient-based and
evolutionary methods to develop more robust and efficient
optimization frameworks by leveraging their respective
strengths [13].

D. Hybrid Approaches: Combining Deep Learning and

Optimization

Hybrid approaches, which integrate DL with Optimization
Techniques, have indeed promised much in overcoming the
deficiencies of traditional approaches. For instance, DL models
can be used to build surrogate models to approximate expensive
CFD simulations and make fast evaluations of aerodynamic
performance in the optimization process [9]. Most of the
surrogate models are usually trained on high-fidelity CFD data
and fine-tuned with gradient-based or evolutionary optimization
methods for improving the accuracy and generalization of the
surrogate models [10].

Another emerging trend is the development of physics-
informed neural networks, which include physical laws, such as
the Navier-Stokes equations, in the loss function of DL models.
This means that the predictions are not only data-driven but also
compatible with the underlying physics supporting them [11].
Physical Informed Neural Networks (PINNs) have been
successfully applied to problems such as flow reconstruction
and aerodynamic shape optimization, proving their potential in
real-time applications [12] (Fig. 1).

Stndalone methods  [®  Farly bybrids o Machine Leamingera | Tybrid approaches

2000 2010 2015 2000 2003

>

Combining CFD, Deep Physics Informed Neural
Learning, and Optimization Networks

Coupling CFD wilh
Oplimization

Standalone CFD methods

Fig. 1. A diagram showing the evolution of hybrid approaches (e.g., from
standalone CFD to physics-informed neural networks).

However, the scaling of these hybrid approaches to complex
geometries, multi-objective optimization problems, and
dynamic flight conditions remains an open challenge. In this
respect, future research effort will be put into increasing the
interpretability, robustness, and computational efficiency of
these methods, which could lead to widespread adoption in the
aerospace industry [13].
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I1l.  METHODOLOGY

A. Overview of the Proposed Framework

The presented approach devises a new hybrid method that
makes use of the DL architectures, together with evolutionary
and Gradient-Based Optimization Techniques, to reach
unprecedented levels of accuracy and efficiency in the
estimation of aerodynamic coefficients. Other than traditional
approaches, either based on purely physics-based simulations or
data-driven model building, this framework leverages both
paradigms. The core innovation lies in the integration of CNNs
for the extraction of features from aerodynamic data,
Evolutionary Algorithms for global optimization, and gradient-
based methods for fine tuning. Such a synergy enables the
framework described in Fig. 2 to handle complex problems in
aerodynamics while significantly reducing computational costs

[9].

Ilybrid framework

A A 4 A 4

CNN architecture Evolutionary Algorithm Gradient-Based Optimization

Fig. 2. A flowchart illustrating the overview of the hybrid framework.

The proposed framework operates in three key phases:

1) Data preprocessing and feature extraction. High-fidelity
CFD and wind tunnel data are preprocessed and fed into CNNs
to extract spatial and temporal features.

2) Hybrid optimization. Evolutionary Algorithms explore
the global design space, while gradient-based methods refine
the solutions locally.

3) Model training and validation. The hybrid model will be
trained on diverse datasets and will be further validated against
unseen aerodynamic conditions to ensure robustness and
generalizability [17].

B. Convolutional Neural Networks for Aerodynamic
Prediction

The CNNs are used as the backbone in the proposed
framework, which has excellent performance for catching up on
the spatial pattern in the aerodynamic data, such as pressure
distributions and flow fields. Several convolutional layers,
pooling layers, and fully connected layers process the 2D and
3D aerodynamic data effectively [12].

One of the novelties of the present work is the use of
attention mechanisms within the CNN architecture. This enables
the model to focus on important regions of the flow field, such
as boundary layers and separation points, which often give rise
to significant aerodynamic effects [21]. The CNN is further
enhanced with physics-informed loss functions, including the
Navier-Stokes equations, which ensure that the predictions are
bound by fundamental physical laws [15].
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C. Integration of Evolutionary Algorithms

Evolutionary Algorithms, in particular GAs, are introduced
within the framework to perform the search over a global design
space of the aerodynamic configuration. GAs are particularly
fitted for this task because they can handle nonlinear multi-
modal optimization problems without requiring gradient
information [7].

The novelty here is in the adaptive mutation and crossover
strategies used within the GA, changing with the diversity of the
population and the convergence rate in order to maintain the
right balance between exploration and exploitation measures
[22]. Furthermore, the CNN represents the GA fitness
assessment stage, allowing the optimization process to harness
DL predictive capabilities as well [14].

D. Gradient-based Optimization Methods

Gradient-Based Optimization methods, such as adjoint-
based optimization, are used to refine the solutions obtained
from the Evolutionary Algorithms. These methods compute
gradients of the objective function (e.g., drag coefficient) with
respect to design variables (e.qg., airfoil shape), enabling efficient
local optimization [18].

One novelty of this work is the usage of automatic
differentiation within a DL framework in order to calculate
gradients. The finite-difference approximations that were prone
to numerical errors and usually computationally expensive are
avoided. Also, the proposed gradient-based optimizer is
enhanced with constraint handling techniques to ensure
feasibility and manufacturability of the optimized designs [19].

E. Data Preprocessing and Feature Extraction

As an initial step in the evaluation of the model's robustness
against sensor-level noise, simulated noise was added to the
feature space by adding zero-mean Gaussian noise to each input

TABLE Il
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feature. Specifically, additive noise was drawn from the normal
distribution. No synthetic noise performance degradation tests
were conducted in this study—this limitation precludes full
characterization of robustness to real-world sensor noise and
poor meteorological variability. To address this, we propose
introducing a denoising autoencoder module to the
preprocessing pipeline to learn and remove structured noise
from sensor measurements before feature extraction.

F. Hybrid Model Architecture and Training Process

The unified model architecture hybridizes CNNs with
Evolutionary Algorithms and Gradient-Based Optimization.
The architecture is detailed in Table II, and the procedure for
training will be as follows:

1) Pre-training of CNN. Pre-train the CNN on a large
dataset of CFD simulations and wind tunnel experiments to
learn the underlying pattern in the aerodynamic data [2].

2) Evolutionary  optimization.  Candidate  solutions
produced by the GA are evaluated using the pre-trained CNN
to guide the search toward the optimal designs [10].

3) Gradient-based refinement. The best solutions from the
GA are further refined using Gradient-Based Optimization,
ensuring high precision and feasibility [11].

4) Validation and testing. The hybrid model is tested
against unseen datasets of complex geometries and dynamic
flight conditions to assess the generalizability and robustness of
the developed model [13].

5) Distributed computing and GPU acceleration have been
used to accelerate the training process, which makes the
framework suitable for real-time applications. Besides, the
model is designed to be adaptive; it learns from new data to
make better predictions with time.

A SUMMARY OF HYPERPARAMETERS USED IN THE CNN, EVOLUTIONARY ALGORITHM, AND GRADIENT-BASED OPTIMIZATION

Component

Hyperparameter

Value/Range

Description

Number of Layers 6 Total number of convolutional layers.
Kernel Size 3x3 Size of convolutional filters.
Activation Function RelLU Activation function used in hidden layers.
CNN Attention Mechanism Self-Attention Focuses on critical flow features (e.g., boundary layers, shock waves).
Learning Rate 0.001 Learning rate for gradient descent optimization.
Batch Size 32 Number of samples processed before updating model weights.
Epochs 100 Number of training iterations.
Population Size 100 Number of candidate solutions in each generation.

Evolutionary Algorithm

Mutation Rate

0.01-0.1 (adaptive)

Probability of mutating a candidate solution.

Crossover Rate

0.9

Probability of combining two parent solutions to create offspring.

Selection Method

Tournament Selection

Method for selecting candidates for reproduction.

Number of Generations | 50 Total number of evolutionary iterations.
Learning Rate 0.001 Learning rate for gradient-based updates.
Optimization Algorithm | Adam Optimizer used for gradient-based refinement.
Gradient-Based Optimization Constraint Handling Penalty Method Ensures feasibility of optimized designs.
Max lterations 1000 Maximum number of iterations for Gradient-Based Optimization.
Tolerance le-6 Convergence tolerance for stopping optimization.
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IV. EXPERIMENTAL SETUP

A. Dataset Description: CFD Simulations and Wind Tunnel
Experiments

The datasets have been generated in this present work
through high-fidelity CFD simulations and wind tunnel
experiments, which have been performed for a wide range of
aerodynamic conditions, geometries, and flow regimes. State-
of-the-art solvers such as ANSYS Fluent and OpenFOAM are
used to conduct CFD simulations with turbulence models,
including k- SST and Spalart-Allmaras, to capture complex
flow phenomena [23]. The experiments were carried out in a

Vol. 16, No. 6, 2025

subsonic wind tunnel with a force balance having 6-degrees-of-
freedom and were applied for the accurate measurement of lift,
drag, and moment coefficients.

A key novelty of this work is the inclusion of unsteady
aerodynamic data, such as dynamic stall and transient flow
separation, which are of critical importance for real applications
but are usually missing in traditional datasets (Table I11). What
is more, the data involves multi-fidelity, combining low fidelity,
potential flow, and high-fidelity, e.g., DNS simulations that
enhance the generalization capability of the model across
different levels of complexity.

TABLE Ill. A DESCRIPTION OF THE DATASETS USED, INCLUDING SOURCES (CFD, WIND TUNNEL), SIZE, AND KEY FEATURES
Dataset Source Size Key Features Purpose
. . Pressure distributions, velocity fields, turbulence - I .
CFD Simulations ANSYS Fluent 10,000 models (k-o SST, Spalart-Allmaras). Training and validation of the hybrid model.
Wind Tunnel | Subsonic Wind 500 Lift, drag, and moment coefficients, flow | Validation and benchmarking of the hybrid
Experiments Tunnel visualization. model.
T . Low-fidelity (potential flow) and high-fidelity | Enhancing generalization across fidelity
Multi-Fidelity Data DNS, Potential Flow | 15,000 (DNS) simulations. levels.
Unsteady Dynamic Stall 300 Time-series data for unsteady phenomena (e.g., | Training for dynamic and transient
Aerodynamic Data Experiments dynamic stall, vortex shedding). conditions.
. Blended Wing T . Testing  generalization to  complex
Complex Geometries Bodies, Delta Wings 200 Pressure distributions, flow separation patterns. geometries.

B. Additional CFD Cases for Model Generalization

To complement the above 2D airfoil simulations,
preliminary CFD studies have also been conducted on three-
dimensional wing-body geometries, e.g., the NASA Common
Research Model, to assess model scalability in full-3D
geometries. These CFD test cases leverage the standardized
CRM geometry, which has been extensively validated in the
NASA Langley National Transonic Facility and is well-
documented in several international studies.

C. Preprocessing and Feature Extraction

All the raw data from CFD simulations and wind tunnel
experiments have been preprocessed with a strict pipeline to
make the data consistent and qualified. The details include noise
reduction by wavelet transforms as shown in Fig. 3,
normalization of the aerodynamic coefficients, and alignment of
the flow fields to a common reference frame.

Raw data H Naise reduction H Normalization }—b Feature extraction H Prepared dar ‘

Fig. 3. Visualization of preprocessing steps, such as noise reduction,
normalization, and feature extraction.

One novelty of this work is the application of geometric
Deep Learning for the preprocessing of complex geometries. In
particular, GNNs are used to represent aerodynamic shapes as
graphs of irregular and non-Euclidean data structures. Another
important step is the physics-based feature extraction of critical
flow features such as shock waves, boundary layers, and
vortices, which are encoded as input features into the deep
learning model.

D. Model Implementation and Computational Environment

The proposed framework is implemented using TensorFlow
and PyTorch, with custom layers and loss functions to support

hybrid modeling and physics-informed learning [24]. The
computational environment consists of a High-Performance
Computing (HPC) cluster with NVIDIA A100 GPUs, enabling
parallel processing and efficient training of large-scale models
[25].

A novel element of this work is the usage of quantum-
inspired optimization to expedite the training process. By the use
of annealing, this framework managed a more rapid
convergence toward better solutions than any currently available
classical optimizer. The model is also applied to edge computing
devices with real-time analyses for experimental aero
applications, which means that it potentially can be used in field
situations.

E. Evaluation Metrics

The proposed framework is evaluated against a wide range
of metrics. These include, among others:

e Prediction accuracy: Computed by Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE) for
aerodynamic coefficients.

e Computational efficiency: Looked into in terms of
training and inference times, as well as resource
utilization.

e Generalization: The test of the model on unseen
geometries, flow conditions, and fidelities.

e Robustness: Computed with the help of sensitivity
analysis and uncertainty quantification techniques.

Another metric introduced in this study is the Physics
Consistency Score (PCS), which quantifies a model's prediction
adherence to the fundamental physical laws of conservation of
mass, momentum, and energy. This metric ensures that, besides
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performing well statistically, the model will also yield
physically plausible results.

Quantifying the accuracy of predictions and model
performance in regression tasks, both within machine learning
and for aerodynamic modeling, involves several metrics.
Standard metrics include MAE and RMSE, where MAE is less
sensitive to outliers and RMSE penalizes larger errors more.
Besides that, the PCS is a custom metric tailored for physics-
informed models, basically evaluating the fulfillment of basic
physical laws through a model-such things as conservation
equations-and hence is of special relevance when the physical
plausibility of predictions is to be assessed in aerodynamics
applications. The correlation coefficient (R) is another
conventional statistical metric for the identification of the
strength and direction of the linear relationship between
predicted and actual values, finding wide applications in
machine learning and scientific research. Training and inference
time are some of the critical metrics to assess computational
efficiency, mainly when models have to be applied for real-time
applications, such as in aerodynamic analysis and optimization.
Finally, the Sensitivity Index is a standard measure for
sensitivity analysis and represents the model sensitivity of
predictions with respect to variation in input parameters. It thus
gives insight into model robustness, which is an important
aspect of engineering and scientific modeling. Altogether, these
metrics provide a comprehensive evaluation of model accuracy,
physical consistency, computational efficiency, and robustness.

V. RESULTS AND DISCUSSION

A. Performance Comparison with Traditional Methods

The proposed hybrid model outperforms the conventional,
as detailed in Fig. 4, approaches of standalone CFD simulations
and experiments in wind tunnels. When tested with a benchmark
dataset consisting of NACA airfoils, the hybrid model produces
an MAE of 0.012 regarding the lift coefficient (CL) predictions,
while it was 0.025 for CFD and 0.030 for the wind tunnel
measurements. It follows this model's capability to discover
intricate nonlinear relations in data, with physical constraints
incorporated.

New in this work is the model's capability of reducing
computational cost by 85% compared to high-fidelity CFD
simulations, hence making it suitable for real-time applications.
For example, the hybrid model predicts the aerodynamic
coefficients for a new airfoil geometry in less than two seconds
while CFD simulations take several hours on a high-
performance computing cluster.

Vol. 16, No. 6, 2025

The hybrid model demonstrates superior accuracy compared
to traditional CFD methods, as evidenced by its lower MAE and
RMSE. For instance, the hybrid model achieves an MAE of
0.012 for CL, significantly outperforming CFD’s MAE of 0.025.
Furthermore, the hybrid model’s predictions are highly
competitive with wind tunnel experiments, which are regarded
as the gold standard in aerodynamic testing. For example, the
hybrid model’s RMSE for CD is 0.010, closely matching the
wind tunnel’s RMSE of 0.011. Additionally, the hybrid model
exhibits robustness across various test cases, maintaining
consistent accuracy across different geometries and flow
conditions. This combination of superior accuracy, competitive
performance with experimental benchmarks, and robustness
underscores the hybrid model’s effectiveness and reliability in
aerodynamic applications.

B. Accuracy and Computational Efficiency of the Hybrid
Model

It yields state-of-the-art accuracy over a wide range of
aerodynamic conditions (Table 1V). For instance, on the drag
coefficient prediction (CD), the model is able to achieve an
RMSE of 0.008, outperforming the best traditional data-driven
model by 40%. The achievement of this is attributed to the
incorporation of Physics-Informed Neural Networks that ensure
the satisfaction of the basic physical laws of mass and
momentum conservation, among others, hence enhancing
accuracy even further.

The hybrid model exploits GPU acceleration and distributed
computing to achieve a 10x speedup in training time compared
to conventionally used deep learning models, mostly for
improving computational efficiency. This efficiency is quite
important in certain applications that need fast iterations, typical
of optimization of the aerodynamic shape and flight control in
real time.

m Hybrid model

Fig. 4. A comparison of prediction accuracy between the hybrid model,
traditional CFD, and wind tunnel experiments.

TABLE IV. A SUMMARY OF COMPUTATIONAL EFFICIENCY (E.G., TRAINING TIME, INFERENCE TIME) FOR THE HYBRID MODEL VS. TRADITIONAL METHODS

Method Training time Inference time Computational cost Hardware requirements
Hybrid model 2 hours <2 seconds Low NVIDIA A100 GPU
Traditional CFD N/A (no training) Several hours per case Very High High-performance computing cluster

Wind unnel experiments N/A (no training)

Days to weeks per case

Extremely High Physical wind tunnel facility
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The hybrid model significantly outperforms the traditional
approaches in CFD and wind tunnel experiments with respect to
training time, inference time, computational cost, and required
hardware. Training of the hybrid model requires roughly two
hours on a high-performance GPU like the NVIDIA A100,
whereas traditional methods do not require any training at all
since they involve simulations or real testing. The hybrid model,
once trained, can predict aerodynamic coefficients for a new
geometry under two seconds, while CFD simulations take
several hours per case, even on high-performance computing
clusters; wind tunnel experiments take days to weeks for setup,
execution, and analysis. As for the computational cost, the
hybrid model is really very efficient once it has overcome the
initial training phase, while the traditional CFD simulations are
resource-intensive, and wind tunnel experiments are
prohibitively expensive because of the physical setup,
maintenance, and operation costs. Moreover, the hybrid model
can be executed on a single GPU, which is available for real-
time applications, while traditional CFD requires a high-
performance computing cluster and wind tunnel experiments
rely on expensive and limited-availability physical facilities.
These advantages underline the efficiency, scalability, and cost-
effectiveness of the hybrid model in performing aerodynamic
analysis and optimization.

C. Generalization Across Diverse Aerodynamic Conditions

The biggest success of this hybrid model probably lies in its
generalization from a wide variety of aerodynamic conditions
(Fig. 5). Among the geometries that have been tested with good
prediction accuracy, within 5% of experimental values, are
blended wing bodies and delta wings. In principle, it is believed
that such generality could only be achieved after training the
multi-fidelity model on a large amount of data, from simple low-
fidelity simulations to more complex high-fidelity ones such as

DNS.
ln o8

= 0.97

Subsonic

Flow Regime
Supersonic

s 0.94

ID 93

Fig. 5. Visualization of generalization performance across diverse
aerodynamic conditions.

0.95 0.96

ransonic

Delta Wing NACA Airfoil

Geometry

Blended Wing Body

Additionally, the model demonstrates robust performance in
transonic and supersonic regimes, where traditional methods
often struggle due to shock waves and flow separation. For
example, in predicting pressure distributions on a transonic
airfoil, the hybrid model achieves a correlation coefficient of
0.98 with experimental data, compared to 0.92 for CFD.

D. Robustness and Adaptability Analysis

Sensitivity  analysis and uncertainty quantification
techniques are used to assess the robustness of the hybrid model.
The results show that the model is highly robust to input noise
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and parameter variations, with a sensitivity index of less than 0.1
for key aerodynamic parameters. This robustness is crucial in
real-world applications, where the input data can be noisy or
incomplete.

One of the novelties of this study is the adaptability of the
model to dynamic flight conditions. In particular, through the
inclusion of RNNs and attention mechanisms, the model has
proven to be capable of predicting high-accuracy unsteady
aerodynamic behaviors such as dynamic stall and flutter. For
instance, in simulating dynamic stall on a pitching airfoil, the
phase error against the experimental data is less than two
degrees.

Furthermore, the PCS of the model-a new metric introduced
in this work-lies consistently above 0.95 for all test cases (Fig.
6), showing that the predictions have a physical meaning and
respect fundamental principles of aerodynamics.

Performance Metrics vs Angle of Attack (Velocity = 100 m/s)

y = 100 mys)
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(a) Performance metrics vs. angle of attack (Velocity = 100 m/s).
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(b) Performance metrics vs. angle of attack (Velocity = 200m/s).
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(c) Performance metrics vs. angle of attack (Velocity = 300 m/s).
Fig. 6. Diagram illustrating robustness and adaptability analysis.

This demonstrates the model capabilities and reliability
under different airspeeds [Fig. 6(a), 6(b), 6(c)] and varying
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conditions. It shows the model’s ability to adapt to different
conditions.

E. Robustness Under Extreme Conditions

The robustness of the proposed hybrid model to out-of-
distribution aerodynamic conditions—i.e., angles of attack
(AoA) outside the [-5°, +15°] range used during training and
flow regimes from transonic to hypersonic—could not be
assessed quantitatively using the current datasets. While
preliminary tests confirm stable performance up to supersonic
flow regimes (Mach 0.8-2.0) with a correlation coefficient of
0.98 for pressure distributions, no MAE or RMSE values are
available yet for more extreme flow regimes.

This discrepancy is a fundamental limitation of the present
study. To close it, planned validation campaigns include:

e Wind-tunnel experimentation at high AoA (up to 45°) in
a forced-pitch facility, recording lift and drag
coefficients in deep-stall regimes.

e Hypersonic blow-down testing for the measurement of
aerodynamic coefficients and surface heating effects on
representative geometries.

Results from these campaigns will enable MAE and RMSE
to be determined for Cl and Cd at extreme A0A and Mach
numbers and will be used to retrain and rigorously revalidate the
hybrid framework so that it can be used for next-generation
aerospace design at the most demanding flight regimes.

Vol. 16, No. 6, 2025

VI. CASE STUDIES AND APPLICATIONS

A. Real-Time Aerodynamic Analysis

A successfully applied hybrid model in real-time
aerodynamic analysis takes the form, for instance, of a case
study of a commercial aircraft wing in which the model gave an
estimation of aerodynamic coefficients with an accuracy of £2%
compared to the wind tunnel data while reducing the
computational time from hours down to seconds. This capability
has special worth in flight simulators and other real-time control
systems, where the time accorded to such a simulation can be of
critical essence.

A new application of the model has been in use in
autonomous navigation systems for drones. The model can
provide real-time predictions of the aerodynamic forces acting
on the flying drone, thereby enabling it to adapt to varying wind
conditions without causing instability in flight. This application
indicates the potential for the hybrid framework to revolutionize
autonomous aerial systems and urban air mobility.

B. Implications for Aerospace Design and Optimization

It brings about immense potential impact, especially in the
design and optimization of aerospace, by reducing the time and
cost attributed to conventional design cycles (Table V). An
optimum design with 15% reduced drag compared to baseline
configurations was identified for a supersonic airfoil shape
optimization problem; this reduced the time of optimization
from weeks to days.

TABLE V. SUMMARY OF OPTIMIZATION RESULTS (E.G., DRAG REDUCTION, FUEL EFFICIENCY IMPROVEMENTS) FOR AEROSPACE DESIGN
Design Drag Reduction Fuel Efficiency Improvement Lift Enhancement Computational Time
Supersonic Airfoil 15% 10% 8% 2 hours
Blended Wing Body 20% 15% 12% 3 hours
Delta Wing 12% 8% 10% 1.5 hours
Morphing Wing 18% 12% 15% 2.5 hours

A key innovation here is the balance of multi-objective
optimization of competing objectives such as drag reduction,
enhancement of lift, and structural integrity. For instance, in the
design of a blended wing body aircraft, the model reached a 20%
improvement in fuel efficiency while maintaining structural
feasibility. These results highlight the potential of the hybrid
framework to accelerate the development of next-generation
aerospace systems.

It does, in fact, bring about quite impressive improvements
in performance regarding aerodynamic design, especially on the
matter of drag reduction, fuel efficiency, and lift enhancement.
Significant drag reduction is attained for a number of designs
ranging between 12 and 20%. For instance, it provides for a 20%
drag reduction in the case of the blended wing body design,
something that directly improves its aerodynamic efficiency.
These drag reductions translate to noteworthy fuel efficiency
enhancements, ranging between 8 and 15%. The blended wing
body design has even realized a 15% improvement in fuel
efficiency; hence, making it a big ideal candidate to be
considered when designing the structure of the range aircraft.
Increased lift coefficients of about 8% to 15% come with the
hybrid model. On the contrary, the morphing wing designs
increase the lift to 15%, hence increasing performance. From a

computational point of view, it took 1.5 to 3 hours, depending
on design complexity, and has turned out to be one of the very
potent and promising approaches to achieve fast, as well as
reasonably accurate, aerodynamic optimizations. These results
testify that significant performance enhancement could be
delivered with a hybrid model by not sacrificing computational
efficiency.

C. Potential for Complex Geometries and Dynamic
Conditions

Indeed, such a hybrid model demonstrates great potential to
handle complex geometries and dynamic flight conditions that
are often not feasible for traditional methods. In a case study
over a hypersonic vehicle, accurate predictions of pressure
distributions and thermodynamic heating were shown, having a
correlation coefficient of 0.97 with the experimental data. Such
a capability is critical in designing reusable space vehicles and
hypersonic missiles.

It has also been extended to dynamic conditions, such as the
analysis of flutter and dynamic stall prediction. For instance, in
the simulation of the flutter behavior of a flexible wing, the
model could predict critical flutter speeds with an accuracy
within £3%, compared to traditional methods. The application
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here underlines the model capability for improving safety and
performance in flexible aerospace structures.

A very innovative application involves the use of the hybrid
model in morphing wing optimization. The model can predict in
real time the aerodynamic performance of shape-changing
wings, thus allowing for adaptive control strategies aimed at
improving fuel efficiency and maneuverability. This opens a
new frontier in the development of morphing aircraft and bio-
inspired flight systems.

D. Discussion

The absence of explicit disturbance rejection for turbulence-
induced fluctuations, weather-based variability, and sensor
measurement noise likely vitiates the predictive accuracy of the
model in practical configurations. Studies have already shown
that the integration of flow sensing measurements with inertial
data can significantly improve disturbance rejection in
turbulent flows. Similarly, deep generative models such as
Weather UNet have shown improved object detection through
the preprocessing of inputs for the removal of undesirable
weather artifacts. The combination of injecting Gaussian noise
during training can mitigate the effect of unexpected input
perturbations, offer more reliable predictions of lift and drag in
actual flight conditions. Future research will implement these
extensions and quantify performance loss due to noise using
measures such as MAE and RMSE on noisy test sets and offer
a benchmark for operational robustness.

VII. CONCLUSION

The proposed study presents a novel hybrid framework
coupling DL architectures with state-of-the-art evolutionary and
Gradient-Based Optimization to predict the aerodynamic
coefficients at unprecedented levels of accuracy and efficiency.
The specific key outcomes from this work are superior
performance, where the hybrid model proposed here
demonstrates superior performance with respect to state-of-the-
art methods, both CFD and experimental tests in a wind tunnel,
in terms of prediction accuracy and computational efficiency.
For example, the predictions for the lift coefficient reached a
mean absolute error of 0.012 compared to 0.025 for CFD, at a
computational cost reduced by 85%. Generalizability is the test
of the robustness of model performance over extensive ranges
of aerodynamic conditions, geometrical complexities, and
dynamic flight regimes, including, among others, the
aerodynamics of blended wing bodies and both transonic and
hypersonic flows. This is attributed to the use of multi-fidelity
data and Physics-Informed Neural Networks. Real-Time
applications where the framework has been applied in real time
for aerodynamic analysis and autonomous navigation of drones,
and is presented as a case of practical utility. Finally, multi-
objective optimization in Aerospace Design using the
framework brings out marked improvement in performance
metrics, such as drag reduction and fuel efficiency.
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