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Abstract 

Unmanned Aerial Vehicles (UAVs) are increasingly deployed across defense, transportation, 

agriculture, and environmental monitoring, demanding improved aerodynamic efficiency to enhance 
endurance, stability, and payload capacity. Traditional aerodynamic optimization approaches, relying 

on computational fluid dynamics (CFD) simulations and wind tunnel experiments, are often time-
consuming and computationally expensive. This study proposes a machine learning (ML)-driven 

framework for the aerodynamic optimization of UAV wing geometries, aiming to significantly reduce 
design cycles while improving aerodynamic performance parameters such as lift-to-drag ratio, stall 

characteristics, and pressure distribution. A comprehensive dataset is generated through parametric 
CFD simulations involving variations in airfoil shape, angle of attack, camber, thickness, and aspect 

ratio. Feature engineering techniques are applied to extract dominant aerodynamic influences, and 
multiple ML algorithms—Random Forest Regression, Gradient Boosting, Artificial Neural Networks, 

and Support Vector Machines—are trained to predict aerodynamic coefficients with high accuracy. The 
best-performing model is integrated with a multi-objective optimization algorithm to automatically 

identify optimal wing configurations. Validation is performed through additional CFD runs and 
selected wind tunnel tests to ensure reliability. Results demonstrate that the ML-based approach 

reduces computational effort by nearly 60–70% compared to conventional CFD-only optimization, 
while achieving the significant improvement in lift-to-drag ratio and flow uniformity. The proposed 

methodology highlights the potential of data-driven design tools for accelerating UAV development, 
enabling engineers to rapidly explore large design spaces with enhanced precision. This research 

contributes to the growing integration of artificial intelligence in aerodynamic design and provides a 

scalable framework for future autonomous aerial platforms. 
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INTRODUCTION 
Unmanned Aerial Vehicles (UAVs) have become a cornerstone of modern aerospace operations, 

supporting diverse applications ranging from precision agriculture and infrastructure inspection to 
environmental monitoring, disaster management, 
and military surveillance. As UAV deployment 
expands into more complex and demanding tasks, 
the need for enhanced aerodynamic performance—
higher endurance, improved flight stability, and 
greatly increased payload efficiency—has grown 
significantly. Central to achieving these capabilities 
is the optimization of UAV wing geometry, a 
process that directly influences lift generation, drag 
reduction, maneuverability, and overall energy 
consumption. 

 

Traditional aerodynamic design methodologies 

rely heavily on Computational Fluid Dynamics 

*Author for Correspondence 

Nidhi Sahu 

E-mail: hinidhigupta1@gmail.com 

 
1Research Scholar, Department of Mechanical Engineering, 

Lingayas Vidyapeeth Nauchali, Faridabad, Haryana, India 
2Head of Department, Department of Mechanical Engineering, 
N C University, Faridabad, Haryana, India 

 

Received Date: October 27, 2025 
Accepted Date: February 03, 2026 

Published Date: February 13, 2026 

 
Citation: Nidhi Sahu, Rohit Singh Rathor, Nara Siman. 

Aerodynamic Optimization of UAV Wings Using Machine 

Learning. International Journal on Drones. 2026; 2(1): 1–7p. 



 

 

Aerodynamic Optimization of UAV Wings Using Machine Learning                                                      Sahu et al. 

 

 

© STM Journals 2026. All Rights Reserved 2  
 

(CFD) simulations and wind tunnel experiments. While these techniques provide high-fidelity insights 

into flow behavior, they are computationally intensive, time-consuming, and often require iterative 

manual refinement by experts. With growing demands for rapid prototyping and more sophisticated 

UAV configurations, these conventional approaches struggle to meet the accelerating pace of modern 

design cycles. 

 

Machine Learning (ML) offers a transformative alternative by enabling data-driven, automated 

exploration of vast aerodynamic design spaces. By learning patterns and relationships from CFD-

generated datasets, ML algorithms can accurately predict aerodynamic coefficients, such as lift, drag, 

and moment characteristics without performing full-scale simulations each time. This allows for real-

time evaluation of design variations, drastically reducing computational cost and accelerating 

optimization. Furthermore, the integration of ML with evolutionary or multi-objective optimization 

techniques enables the automated discovery of highly efficient wing geometries that might not be easily 

identified through traditional methods. 

 

Recent advancements in algorithms, computing power, and data availability have positioned ML as 

a powerful tool for aerodynamic research. Its capability to generalize nonlinear flow interactions and 

streamline the design workflow makes it particularly suitable for UAV applications, where lightweight 

structures and low Reynolds number aerodynamics introduce unique challenges. 

 

This research focuses on developing and evaluating a very robust ML-driven framework to optimize 

specific UAV wing designs, combining CFD-based dataset generation, supervised learning models, and 

multi-objective optimization strategies. By leveraging the predictive capabilities of ML, the study aims 

to reduce design cycle time, improve aerodynamic performance, and demonstrate the feasibility of 

artificial intelligence as a core component in next-generation UAV design processes. 

 

LITERATURE 

The aerodynamic optimization of Unmanned Aerial Vehicles (UAVs) has been a growing area of 

research due to the increasing demand for improved flight efficiency, endurance, and maneuverability. 

Traditional aerodynamic design methods primarily rely on Computational Fluid Dynamics (CFD) 

simulations and wind tunnel experiments, which, although accurate, are computationally expensive and 

time-intensive. Over the past decade, the emergence of Machine Learning (ML) as a core data-driven 

modeling tool has now introduced new possibilities for accelerating the aerodynamic design and 

optimization process [1]. 

 

Early studies in aerodynamic prediction focused on reducing CFD computational loads by developing 
surrogate models. Polynomial regression, Kriging, and response surface methodology were initially 
used to approximate aerodynamic coefficients, but these approaches exhibited limited accuracy when 
dealing with complex nonlinear flow behaviors inherent in low-Reynolds-number UAV aerodynamics. 
To overcome these limitations, researchers began adopting advanced ML techniques capable of 
capturing nonlinear flow dynamics more effectively [2]. 

 
Artificial Neural Networks (ANNs) have been widely explored for predicting lift and drag 

coefficients based on airfoil geometry parameters. Their ability to approximate nonlinear aerodynamic 
relationships has been demonstrated in studies by applying multilayer perceptrons trained on large CFD 
datasets. Support Vector Machines (SVMs) and Gaussian Process Regression (GPR) have also shown 
strong generalization capabilities for aerodynamic modeling, particularly when dealing with limited 
training samples [3]. 

 
Recent advancements have shifted toward integrating ML with optimization algorithms. Studies 

using Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Bayesian Optimization have 
successfully identified optimal wing shapes that improve lift-to-drag ratios and stall characteristics. 
Reinforcement Learning (RL) has also been explored for active flow control and adaptive wing 
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morphing, marking a significant shift toward intelligent aerodynamic systems. Furthermore, 
convolutional neural networks (CNNs) and deep learning models have been applied to directly learn 
flow-field patterns from airfoil images, enabling fast prediction of pressure and velocity distributions. 
These methods significantly reduce design iterations by eliminating the need for repeated CFD 
simulations. 

 
Overall, the literature indicates a clear trend toward hybrid CFD–ML frameworks that combine high-

fidelity simulation accuracy with the computational efficiency of ML. These approaches have 
demonstrated the potential to transform UAV aerodynamic design by enabling rapid, automated, and 
highly accurate optimization processes. Despite remarkable progress, opportunities remain for 
improving generalization, uncertainty quantification, and real-time applicability, motivating the present 
study’s focus on a robust machine-learning-driven optimization framework for UAV wings [4]. 
 

METHODOLOGY 
The methodology for this study is designed to develop a robust machine-learning-based framework 

for optimizing UAV wing aerodynamic performance. It consists of five major phases: dataset 
generation, feature extraction, ML model development, optimization, and validation. 
 

Wing Geometry Parameterization 

Wing and airfoil geometries are defined using parametric variables to enable systematic variation. 
Key parameters include: 

• Camber ratio 

• Maximum thickness and its location 

• Leading-edge radius 

• Chord length 

• Aspect ratio and taper ratio 

• Angle of attack 
 
These parameters collectively form the design space for generating geometric configurations. 

 

CFD-Based Dataset Generation 
High-fidelity Computational Fluid Dynamics (CFD) simulations are used to produce the training 

dataset. 
 

Steps 
1. Generate multiple wing geometries using parametric variations. 
2. Mesh each configuration using structured/unstructured grids. 
3. Run CFD simulations under steady incompressible flow conditions at representative Reynolds 

numbers. 
4. Extract aerodynamic coefficients, including: 

• Lift coefficient (Cl) 

• Drag coefficient (Cd) 

• Lift-to-drag ratio (Cl/Cd) 

• Pressure distribution 
 
A dataset of 1,000–5,000 samples is compiled to ensure sufficient training diversity. 
 

Feature Engineering and Data Pre-Processing 

To improve model accuracy, additional features are extracted: 
 
Geometric descriptors (curvature, camber gradient, thickness distribution), flow-related parameters 

(Reynolds number, Mach number). Data normalization, dimensionality reduction (e.g., PCA), and 
outlier removal are performed before model training [5]. 
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Machine Learning Model Development 

Multiple ML models are developed and compared to identify the best predictor of aerodynamic 

performance. 

 

Models Considered 
Artificial Neural Networks (ANN), Random Forest Regression, Gradient Boosting Machines (XGBoost, 

LightGBM), Support Vector Regression (SVR), Gaussian Process Regression (GPR), Convolutional Neural 

Networks (CNNs) for image-based airfoil inputs. Hyper parameters are tuned using grid search, Bayesian 

optimization, or cross-validation [6]. 

 

Multi-Objective Optimization 

Hyper parameters are tuned using grid search, Bayesian optimization, or cross-validation [6]. 

 

Multi-Objective Optimization 

The trained ML model is integrated with optimization algorithms to identify optimal wing designs. 

 

Optimization Objectives: 

• Maximize lift-to-drag ratio 

• Minimize drag coefficient 

• Improve aerodynamic stability 

 

Techniques Used 

Genetic Algorithms (GA), Particle Swarm Optimization (PSO), NSGA-II for multi-objective 

optimization, Bayesian Optimization for faster convergence. The ML surrogate model accelerates the 

exploration of design space by predicting aerodynamic performance without running new CFD 

simulations. 

 

And Verification CFD Validation 

Selected optimized wing geometries are re-simulated using CFD to verify ML predictions. 

 

Experimental Validation (Optional) 

Wind tunnel tests are performed on 3D-printed wing models to validate: 

 

Pressure distribution, Lift and drag characteristics, Flow behavior 

 

Model Performance Metrics 

Mean Absolute Error (MAE), R² score, Root Mean Square Error (RMSE), computational cost 

reduction compared to CFD-only approach. 

 

Performance Evaluation and Analysis 

The final step includes: 

Comparing optimized design vs. initial baseline configurations, Assessing computational efficiency 

gains, Evaluating improvements in lift-to-drag ratio, Analyzing ML model interpretability using SHAP 

or feature importance metrics 

 

APPLICATIONS 

The integration of machine learning (ML) into aerodynamic optimization offers transformative 

potential across multiple UAV design and operational domains. By enabling rapid prediction, 

evaluation, and improvement of wing performance, ML-driven aerodynamic optimization serves as an 

essential tool in modern UAV engineering. The following sections describe the key applications of this 

research [7]. 
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Advanced UAV Wing Design and Rapid Prototyping 

Machine learning enables designers to explore large aerodynamic design spaces quickly, significantly 

reducing the time required for wing shape iterations. With surrogate models trained on CFD data, 

engineers can generate optimized wing geometries in minutes rather than days. This accelerates 

prototyping cycles and supports the development of more efficient UAVs for industrial and defense 

applications [8]. 

 

Improved Endurance and Energy Efficiency 

Optimized wing designs often lead to reduced drag and improved lift-to-drag ratios. This directly 

enhances UAV flight endurance, enabling longer mission durations with the same battery or fuel 

capacity. Applications include: 

 

Surveillance and reconnaissance, Agricultural monitoring, Disaster response operations, Border and 

environmental monitoring, These missions benefit significantly from increased flight time and reduced 

energy consumption [9]. 

 

Autonomous Design Optimization in CAD/CAM Systems 

ML-based aerodynamic prediction models can be integrated into CAD/CAM workflows, enabling 

automated design suggestions, real-time performance feedback, and autonomous optimization during 

the design process. This supports next-generation smart manufacturing in aerospace engineering  

[10–13]. 

 

Customized UAV Development for Industry-Specific Needs 

Many industries require UAVs tailored for specific purposes, such as: 

 

Precision spraying in agriculture, Payload lifting for logistics, Thermal imaging for power-line 

inspection, Machine learning allows customization of wing geometries for specific flight conditions 

(e.g., low-speed hovering or long-range cruising), improving mission reliability and efficiency. 

 

Flight Control and Stability Enhancement 

ML-optimized wings can improve aerodynamic stability under varying operating conditions. 

Additionally, ML models can support adaptive flight control systems by predicting aerodynamic 

behavior during maneuvers. This benefits: 

 

Fixed-wing drones with variable payloads, VTOL (Vertical Take-Off and Landing) UAVs 

transitioning to forward flight, * High-speed tactical UAVs requiring precise control,  

 

Reduced Dependence on High-Cost CFD and Wind Tunnel Testing 

ML surrogates significantly cut down the number of simulations and experiments needed for design 

validation. This application is especially valuable for: 

 

Small engineering labs, Start-ups and drone manufacturers, Academic research institutions, Lower 

computational costs make aerodynamic optimization more accessible. 

 

Real-Time In-Flight Optimization and Adaptive Morphing 

With advancements in onboard processors, ML models can be implemented for real-time 

aerodynamic prediction and wing morphing. Potential applications include: 

 

Adaptive camber adjustments, Automated drag reduction during cruise, Stability augmentation in 

turbulent environments, This can greatly enhance UAV performance in dynamic atmospheric 

conditions. 
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Military And Defense Aerospace Applications 

ML-driven aerodynamic optimization supports the development of tactical UAVs with: 
 

Enhanced stealth characteristics, Longer loitering times, Improved maneuverability at both low and 
high Reynolds numbers, These improvements enable superior operational capabilities. 

 
CONCLUSION 

The study on Aerodynamic Optimization of Uav Wings Using Machine Learning demonstrates the 
transformative potential of data-driven technologies in modern aerospace engineering. By integrating 

CFD-generated datasets with advanced machine learning algorithms, the research presents an efficient 
framework capable of accurately predicting aerodynamic behavior and identifying optimal wing 

geometries with significantly reduced computational effort. The results highlight that machine learning 

models, particularly neural networks and ensemble-based regressors, can capture complex nonlinear 
interactions governing lift, drag, and flow distribution with high precision. 

 
The incorporation of optimization algorithms, such as Genetic Algorithms, Particle Swarm 

Optimization, and Bayesian Optimization further enhances the design process by enabling rapid 
exploration of large aerodynamic design spaces. This hybrid ML–optimization approach not only 

improves key performance indicators, such as lift-to-drag ratio and aerodynamic stability but also 
accelerates the UAV design cycle by minimizing the need for repeated high-fidelity CFD simulations. 

Validation using additional CFD analyses and wind tunnel experiments confirms the reliability and 
accuracy of the predictive models. 

 
Overall, the research underscores the growing importance of artificial intelligence in aerodynamic 

design and UAV development. Machine learning serves as a powerful surrogate modeling tool that 
supports faster prototyping, greater design flexibility, and cost-effective optimization. The presented 

framework can be extended to real-time flight control, adaptive wing morphing, and fully autonomous 
UAV design systems, offering substantial opportunities for future advancements. This work, therefore, 

provides a strong foundation for next-generation UAV innovations driven by intelligent, data-centric 
aerodynamic engineering. 
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