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Abstract: As the aviation industry continues to prioritize sustainability, enhancing aerodynamic 
efficiency remains a central goal in reducing environmental impact. This study employs a high-fidelity 
Computational Fluid Dynamics (CFD) approach to improve the accuracy and reliability of airfoil shape 
optimization. Although such methods come with higher computational demands, advancements in 
processing power have recently transformed CFD-based analysis into feasible technique for two-
dimensional aerodynamic optimization processes. To identify optimal airfoil configurations, two 
evolutionary algorithms are utilized: the Genetic Algorithm (GA) and the Differential Evolution 
Algorithm (DE). For clarity and straightforward interpretation, the NACA 4-digit airfoil 
parametrization method is adopted, offering an intuitive way to associate shape parameters, such as 
camber, thickness, and camber position, to their physical meaning. Additionally, a parametric analysis 
of the design space is conducted to assess the influence of each parameter and the behavior of the 
overall objective function. The paper concludes with a comparative evaluation of the optimization 
strategies, providing insight into their effectiveness in high-fidelity aerodynamic shape optimization. 

Key Words: CFD, optimization, parametric studies, Differential Evolution, NACA 4-digit 

1. INTRODUCTION 
With the rapid evolution of aviation technologies, the pursuit of high-efficiency aerodynamic 
shapes has become a central focus in modern aircraft design. Enhancing aerodynamic 
efficiency leads to reduced fuel consumption, thereby improving operational performance and 
contributing to environmental sustainability. This growing emphasis has driven significant 
research into airfoil shape optimization using a variety of optimization strategies. However, 
the overall success of such efforts is closely tied to the fidelity of the aerodynamic models 
employed. Historically, optimization studies have favored low-fidelity models, such as 
linearized potential flow solvers, mainly due to their low computational cost. While such tools 
may provide good estimations of aerodynamics characteristics under attached flow conditions 
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[1], they fall short in capturing viscous effects with sufficient accuracy [2]. This limitation can 
result in optimized shapes that do not perform as expected under more detailed analysis. As a 
result of advancements in computational resources [3], previously impractical high-fidelity 
simulations are now feasible, allowing for more precise aerodynamic evaluations without 
prohibitive time costs. To enable efficient parametric and optimization studies, various airfoil 
shape parametrization methods have been developed, offering continuous design space 
exploration. The effectiveness of these methods, however, is strongly influenced by the 
number of parameters involved. A well-designed parametrization must balance flexibility and 
simplicity, ensuring the design space is sufficiently large without becoming computationally 
inefficient [4], [5] . Existing techniques range from advanced approaches such as Class-Shape 
Transformation [7], Hicks-Henne functions [7], and Bézier curve-based methods [8], to more 
traditional ones like PARSEC [9] and NACA families [10]. This study builds on previous 
work [11] by using the NACA 4-digit parametrization, chosen for its simplicity, ease of 
interpretation, and computational efficiency. The primary goal of this research is to establish 
an automated optimization framework that integrates a high-fidelity CFD solver with an in-
house stochastic optimization algorithm. ANSYS Fluent was employed for both the 
optimization procedure and the accompanying parametric analysis. The aerodynamic 
characteristics of the resulting configurations was evaluated and compared, with findings 
discussed in detail from both the optimization procedure as well as the parametric study. 

2. METHODOLOGY 
A. Airfoil Parametrization 

The methodology employed in this study is divided into two main parts. The first part involves 
the automation of the CFD solver used to evaluate the objective function. The second part 
focuses on the optimization procedure, which is carried out using the Differential Evolution 
algorithm, followed by a parametric exploration of the design space. To facilitate better 
visualization and interpretation of the results, the NACA 4 digit parametrization method was 
selected. In this approach, the airfoil geometry is defined by three key parameters: M, the 
maximum camber as a percentage of the chord; P, the position of maximum camber in tenths 
of the chord; and T, the maximum thickness as a percentage of the chord, as illustrated in 
Figure 1. 

 
Figure 1. Representation of the NACA 4-digit airfoil parameters. 

The airfoil geometry is constructed by adding a thickness distribution function 𝑦𝑦𝑇𝑇 
perpendicular to the camber line described by the function 𝑦𝑦𝑐𝑐. The mathematical expression 
for the camber line is defined as: 

𝑦𝑦𝑐𝑐 = �

𝑀𝑀
𝑃𝑃2

(2𝑃𝑃𝑃𝑃 − 𝑥𝑥2),                               0 ≤ 𝑥𝑥 < 𝑃𝑃
𝑀𝑀

(1 − 𝑃𝑃)2
(1 − 2𝑃𝑃 + 2𝑃𝑃𝑃𝑃 − 𝑥𝑥2), 𝑃𝑃 ≤ 𝑥𝑥 ≤ 1

 (1) 
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Similarly, the thickness distribution function, 𝑦𝑦𝑇𝑇, is given by the following equation: 

𝑦𝑦𝑇𝑇 =
𝑇𝑇

0.2
(𝑎𝑎0𝑥𝑥0.5 + 𝑎𝑎1𝑥𝑥 + 𝑎𝑎2𝑥𝑥2 + 𝑎𝑎3𝑥𝑥3 + 𝑎𝑎4𝑥𝑥4) 

𝑎𝑎0 = 0.2969, 𝑎𝑎1 = −0.126, 𝑎𝑎2 = −0.3516, 𝑎𝑎3 = 0.2843, 𝑎𝑎5 = −0.1036 
(2) 

Using (1) and (2), the coordinates of the upper and lower surfaces of the airfoil are 
obtained by adding or subtracting the thickness distribution perpendicular to the camber line, 
as defined by the following expressions: 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑥𝑥𝑢𝑢 = 𝑥𝑥𝑐𝑐 − 𝑦𝑦𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑦𝑦𝑢𝑢 = 𝑦𝑦𝑐𝑐 + 𝑦𝑦𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑥𝑥𝑙𝑙 = 𝑥𝑥𝑐𝑐 + 𝑦𝑦𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑦𝑦𝑙𝑙 = 𝑦𝑦𝑐𝑐 − 𝑦𝑦𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

 

𝜃𝜃 = atan �
𝑑𝑑𝑑𝑑𝑐𝑐
𝑑𝑑𝑑𝑑

� 
(3) 

To more accurately capture the airfoil’s curvature, a cosine spacing distribution is 
employed with uniform increments of the angle β: 

𝑥𝑥 =
1 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

2
, 0 ≤ 𝛽𝛽 ≤ 𝜋𝜋 (4) 

B. Aerodynamic Evaluation 

The aerodynamic characteristics of the airfoil were evaluated through numerical simulations 
based on the Reynolds-Averaged Navier–Stokes equations, where the conservation of mass 
and momentum are expressed as follows: 

𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

(𝜌𝜌𝑢𝑢𝑖𝑖) = 0 

𝜕𝜕(𝜌𝜌𝑢𝑢𝑖𝑖𝑢𝑢𝑗𝑗)
𝜕𝜕𝑥𝑥𝑗𝑗

=
𝜕𝜕𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

+
𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

�𝜇𝜇 �
𝜕𝜕𝑢𝑢𝑖𝑖
𝜕𝜕𝑥𝑥𝑗𝑗

+
𝜕𝜕𝑢𝑢𝑗𝑗
𝜕𝜕𝑥𝑥𝑖𝑖

−
2
3
𝛿𝛿𝑖𝑖𝑖𝑖

𝜕𝜕𝑢𝑢𝑗𝑗
𝜕𝜕𝑥𝑥𝑖𝑖

�� +
𝜕𝜕 
𝜕𝜕𝑥𝑥𝑗𝑗

�−𝜌𝜌𝑢𝑢𝚤𝚤́ 𝑢𝑢𝚥́𝚥������ + 𝜌𝜌𝑓𝑓𝑏𝑏 
(5) 

where density 𝜌𝜌, pressure 𝑝𝑝, dynamic viscosity 𝜇𝜇, velocity components 𝑢𝑢𝑖𝑖,𝑢𝑢𝑗𝑗 and the Reynolds 
stress 𝜕𝜕 

𝜕𝜕𝑥𝑥𝑗𝑗
�−𝜌𝜌𝑢𝑢𝚤𝚤́ 𝑢𝑢𝚥́𝚥������ represent the unknown terms. To nonlinear term denoted by the Reynolds 

stress accounts for anisotropic turbulence, where 𝑢𝑢𝚤𝚤́ , 𝑢𝑢𝚥́𝚥 represent the fluctuating components 
of the corresponding velocities. The shear stress transport model represents a two equations 
eddy-viscosity hybrid model which combines the Wilcox 𝑘𝑘 − 𝜔𝜔 and 𝑘𝑘 − 𝜖𝜖 models using a 
blending function 𝐹𝐹1 which ensures that the appropriate model is used based on the wall 
distance. The two equations related to the turbulent kinetic energy 𝑘𝑘 and turbulent dissipation 
rate 𝜔𝜔 in the SST turbulence model are given by the following equations: 

𝜕𝜕
𝜕𝜕𝜕𝜕

(𝜌𝜌𝜌𝜌) +
𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

(𝑢𝑢𝑖𝑖𝜌𝜌𝜌𝜌) =
𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

�
𝜇𝜇𝑘𝑘𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

𝑘𝑘� + 𝑃𝑃𝑘𝑘� − 𝛽𝛽∗𝜌𝜌𝜌𝜌𝜌𝜌 

𝜕𝜕
𝜕𝜕𝜕𝜕

(𝜌𝜌𝜌𝜌) +
𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

(𝑢𝑢𝑖𝑖𝜌𝜌𝜌𝜌) =
𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

�𝜇𝜇𝜔𝜔
𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

𝜔𝜔 � + 𝛼𝛼𝛼𝛼𝑆𝑆2 − 𝛽𝛽𝛽𝛽𝜔𝜔2 +  

2𝜌𝜌(1 − 𝐹𝐹1)𝜎𝜎𝜔𝜔2
1
𝜔𝜔

𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

𝑘𝑘
𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

𝜔𝜔 

(6) 
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The blending function 𝐹𝐹1 is as follows: 

𝐹𝐹1 = 𝑡𝑡𝑡𝑡𝑡𝑡ℎ ��𝑚𝑚𝑚𝑚𝑚𝑚 �𝑚𝑚𝑚𝑚𝑚𝑚 �
√𝑘𝑘
𝛽𝛽∗𝜔𝜔𝜔𝜔

,
500𝑣𝑣∞
𝑦𝑦2𝜔𝜔 � ,

4𝜌𝜌𝜎𝜎𝜔𝜔2𝑘𝑘
𝐶𝐶𝐶𝐶

��
4

� (7) 

where 𝐶𝐶𝐷𝐷𝑘𝑘𝑘𝑘 represents the cross-diffusion term, 𝜇𝜇𝑘𝑘 and 𝜇𝜇𝜔𝜔 represents the effective velocities 
and are expressed in terms of the turbulent viscosity 𝜇𝜇𝑡𝑡 and the blending factor 𝐹𝐹2 as follows: 

𝜇𝜇𝑘𝑘 = 𝜇𝜇 + 𝜎𝜎𝑘𝑘𝜇𝜇𝑡𝑡 
𝜇𝜇𝜔𝜔 = 𝜇𝜇 + 𝜎𝜎𝜔𝜔𝜇𝜇𝑡𝑡 

𝜇𝜇𝑡𝑡 =
𝑎𝑎1𝑘𝑘

max(𝑎𝑎1𝜔𝜔, 𝑆𝑆𝐹𝐹2) 

𝐹𝐹2 = ��max�2
√𝑘𝑘
𝛽𝛽∗𝜔𝜔𝜔𝜔

,
500𝜈𝜈
𝑦𝑦2𝜔𝜔 ��

2

� 

(8) 

The operating conditions are: 𝑅𝑅𝑅𝑅 = 6 × 106, 𝑉𝑉∞ = 51 𝑚𝑚/𝑠𝑠, 𝜌𝜌 = 1.77 𝑘𝑘𝑘𝑘/𝑚𝑚3, 𝜇𝜇 =
1.645 × 10−5 𝑘𝑘𝑘𝑘 ∙ 𝑚𝑚−1 ∙ 𝑠𝑠−1, 𝛼𝛼 = 2°, and the flow is assumed to be steady, incompressible, 
and fully turbulent. A C-type computational domain was employed, as in Figure 2 , where R 
represents the design parameter of the domain, with R = 100 m used in this study. 

 
Figure 2. Representation of the C-type computational domain 

The grid was adapted with near wall mesh cell height corresponding to 𝑦𝑦+ = 1, with a 
global growth ratio of 1.1 as can be seen in Figure 3. The boundary layer is generated with an 
imposed first cell height of 1.4 × 10−5 and a number of 40 layers with a growth ratio of 1.1. 
The grid is generated using Ansys Meshing and a no-slip condition is applied on the surface 
of the airfoil. 

 
Figure 3. Computational grid layout with detailed views of the near-wall mesh refinement. 
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The automated process developed to evaluate the objective function using high-fidelity 
CFD involves several successive steps. First, the airfoil coordinates are generated using a 
MATLAB script. Then, ANSYS Workbench is called via a Windows batch file, and the Design 
Modeler module is accessed through a Python script. Within Design Modeler, a JScript routine 
is used to generate the computational domain by importing the airfoil geometry. Next, the 
geometry is passed to ANSYS Meshing, where another JScript script generates the 
computational grid. The resulting mesh is then exported in Fluent-compatible format. Finally, 
the mesh is imported into ANSYS Fluent, and a journal file is executed to perform the 
aerodynamic analysis. This script automates the simulation process and extracts the 
aerodynamic characteristics of the analyzed airfoil. A schematic overview of the automation 
workflow is presented in Figure 4. 

 
Figure 4. Logical scheme of the automation process for evaluating the objective function  

using high-fidelity CFD. 

C. Optimization Technique 

When addressing highly complex optimization problems, stochastic methods are often 
preferred due to their ability to escape local minima and explore a larger solution space, 
thereby increasing the likelihood of identifying the global solutions [12]. For this reason, a 
stochastic algorithm was chosen to implement using an in-house code due to its ability to 
properly explore a large design space. A general constrained optimization problem can be 
formulated as presented in equation (9): 

min𝑓𝑓(𝑥𝑥)  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡: 

𝑔𝑔𝑘𝑘(𝑥𝑥) ≤ 0,𝑘𝑘 = 1,𝑘𝑘����� 

ℎ𝑙𝑙(𝑥𝑥) = 0, 𝑙𝑙 = 1,𝐿𝐿�����, L < n 

𝑙𝑙𝑘𝑘 ≤ 𝑥𝑥𝑗𝑗 ≤ 𝑢𝑢𝑗𝑗, 𝑗𝑗 = 1,𝑛𝑛����� 

(9) 

where 𝑔𝑔𝑘𝑘(𝑥𝑥) is the inequality vector constraint, ℎ𝑘𝑘(𝑥𝑥) is the equality vector constraint 𝑙𝑙𝑘𝑘 ,𝑢𝑢𝑘𝑘 
represent the lower and upper boundaries of the search domain. 

A free parameter scheme was chosen where a modified fitness function is introduced 
which takes into account the original fitness function, 𝑓𝑓�𝑥𝑥𝑖𝑖,𝑔𝑔�, a constrained violation function, 
𝐺𝐺(𝑥𝑥𝑖𝑖,𝑔𝑔), and an additional penalty term 𝜃𝜃𝑔𝑔(𝑥𝑥𝑖𝑖,𝑔𝑔) that guarantees that all infeasible points will 
have worse fitness function values than any feasible ones. 
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Another benefit of the penalty term in the optimization process is that it directs the 
optimization process to a feasible region. The penalty term is expressed as follows: 

𝜃𝜃𝑔𝑔�𝑥𝑥𝑖𝑖,𝑔𝑔� = �

0 𝑖𝑖𝑖𝑖 𝑥𝑥𝑖𝑖,𝑔𝑔 ∈ Ω
−𝑓𝑓(𝑥𝑥𝑖𝑖,𝑔𝑔) 𝑖𝑖𝑖𝑖 𝑠𝑠𝑔𝑔 ∈ Ω = ∅

−𝑓𝑓�𝑥𝑥𝑖𝑖,𝑔𝑔� + max
𝑦𝑦∈𝑆𝑆𝑔𝑔∩Ω

𝑓𝑓(𝑥𝑥𝑖𝑖,𝑔𝑔) 𝑖𝑖𝑖𝑖 𝑠𝑠𝑔𝑔 ∈ Ω = ∅ 𝑥𝑥𝑖𝑖,𝑔𝑔 ∉ Ω
 (10) 

Having the optimization parameters defined in the parametrization method used to 
generate a continuous range of airfoil geometries, the mathematical formulation of the 
objective function for aerodynamic optimization, where the goal is to maximize the lift-to-
drag ratio, can be expressed as follows: 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜�𝑥𝑥𝑖𝑖 ,𝑔𝑔 � =
𝐶𝐶𝐷𝐷
𝐶𝐶𝐿𝐿

, 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡  𝑙𝑙𝑙𝑙 ≤ 𝑥𝑥𝑖𝑖 ,𝑔𝑔 ≤ 𝑢𝑢𝑢𝑢 (11) 

The main advantage over other algorithms from the same category is the low number of 
adjusting parameters needed to be tailored for the specific problem: the population size, NP, 
the scalability factor, F, and the crossover probability, CR. In our case, a free parameter 
scheme was used where the optimization is executed on a modified fitness function 𝑓𝑓�𝑥𝑥𝑖𝑖,𝑔𝑔� 
which represents the summation between the original fitness function 𝑓𝑓�𝑥𝑥𝑖𝑖,𝑔𝑔�, the constraint 
violation function 𝐺𝐺�𝑥𝑥𝑖𝑖,𝑔𝑔�, and an additional penalty term 𝜃𝜃𝑔𝑔�𝑥𝑥𝑖𝑖,𝑔𝑔�. Using a population of 
candidate solutions, the next generation is created by applying mutation defined by the 
following expression: 

𝑋𝑋�𝑖𝑖
𝑔𝑔+1 = 𝑋𝑋𝑟𝑟1

𝑔𝑔 + 𝐹𝐹�𝑋𝑋𝑟𝑟2
𝑔𝑔 − 𝑋𝑋𝑟𝑟1

𝑔𝑔 � (12) 

After that, a crossover operation followed by an elitism operator is applied to generate the 
next population and steer the individuals through the design space to the optimum solution. 
The process is repeated until the stopping criterion is met. In the Differential Evolution 
algorithm, three key parameters govern the optimization process: the mutation factor (F), 
which controls the scale of the mutation step and contributes to the exploration of the search 
space, the Crossover Rate (CR), which maintains population diversity and the Population Size 
(NP), which influences the algorithm's ability to thoroughly explore the design domain.  

The presented airfoil shape optimization procedure, using an in-house differential 
evolution code, was also compared with another evolutionary algorithm, the Genetic 
Algorithm from MATLAB’s Global Optimization Toolbox to ensure the best possible 
outcomes [13]. A general logical scheme for both the Genetic Algorithm and Differential 
Evolution is presented in Figure 5. 

Within the optimization loop, the most computationally expensive step is the evaluation 
of the objective function. However, recent advancements in computational resources, 
including multicore workstations, have significantly reduced the time required for 
aerodynamic performance evaluations using high-fidelity CFD. This improvement enables a 
more effective optimization process. The automation procedure described earlier is integrated 
within the optimization loop to perform aerodynamic performance predictions, serving as the 
objective function evaluation. 
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(a) (b) 

Figure 5. General logical scheme for Differential Evolution in-house algorithm (a) and Genetic Algorithm (b). 

3. RESULTS 
After performing the aerodynamic shape optimization to maximize the lift-to-drag ratio, the 
results are presented as follows. First, a convergence study examining the impact of population 
size on each optimization algorithm is shown to ensure result accuracy. 

Then, a comparison between the algorithms is made by analyzing the convergence of each 
parameter at the maximum population size. Finally, a parametric study of the design space is 
performed to validate the optimal values and to visualize the behavior of the objective function 
in the design space. 

As shown in Figure 6, when using the high-fidelity solver, the Genetic Algorithm 
demonstrates consistent convergence across varying population sizes, except for the smallest 
population where some variation is observed. For the largest population size, the algorithm 
reaches the optimum value by the 8th generation. These observations suggest that the objective 
function may not be highly complex. 
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(a) 

 
(b) 

Figure 6. Convergence study with respect to population size for each optimization algorithm:  
(a) Genetic Algorithm, (b) Differential Evolution, 

The convergence behavior of both algorithms for each optimization variable is illustrated 
in Figure 7. The results indicate that the maximum camber (M) and the maximum thickness 
(T) converged to identical values for both the Differential Evolution and Genetic Algorithm. 
However, the position of the maximum camber (P) differed between the two approaches.  

 

 

 
(a) (b) 

 
(c) 

Figure 7. Convergence plots of each optimization variable: (a) maximum camber (M), (b) position of maximum 
camber (P), and (c) maximum thickness (T), for both optimization algorithms. 

A convergence plot of the aerodynamic performance versus iteration number is presented 
in Figure 8. The results indicate that both the Genetic Algorithm and Differential Evolution 
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converged within the same basin of attraction, with slight differences in the position of the 
maximum value obtained. This suggests that the design space may contain multiple basins of 
convergence or local optima. Despite the small difference in predicted performance, the error 
between the two algorithms is negligible, indicating that both successfully identified the 
optimal region. Moreover, due to the elitism strategy used in DE, the algorithm does not 
explicitly preserve the best candidate from one generation to the next, allowing the solution to 
evolve more naturally. While this may lead to slower convergence, it improves the algorithm’s 
ability to explore complex design spaces thoroughly. 

 
Figure 8. Vortex generators positions for every case 

To further validate the results, Figure 9 presents a three-dimensional parametric study. 
The maximum thickness T is plotted on the X-axis, the maximum camber M on the Y-axis, 
and the aerodynamic performance on the Z-axis. The color-coded planes represent varying 
values of the position of maximum camber (P), ranging from 20% to 60% of the chord length. 
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(b) (c) 

Figure 9. 3D parametric study of lift-to-drag ratio: (a) versus thickness (T), camber (M), and camber position 
(P); (b) versus M and P at T = 8; (c) versus T and P at M = 4. 

The surfaces obtained using the high-fidelity solver exhibit a quasi-parallel and well-
structured behavior, indicating a smooth and predictable objective function landscape. This 
characteristic explains why, during the optimization process with the high-fidelity solver, the 
Genetic Algorithm (GA) was able to consistently reach the optimum within the same 
maximum number of generations across all population sizes, except for the smallest one. In 
contrast, the Differential Evolution (DE) algorithm demonstrated a different behavior: it 
showed improved performance with smaller population sizes when dealing with complex 
problem spaces, while it required larger populations to converge effectively in simpler 
scenarios. These observations suggest that DE may be more suitable for complex optimization 
problems due to its efficient exploration capabilities and lower computational demands, 
whereas GA may be more effective for simpler problems where rapid convergence is desirable. 
In addition, the parametric study highlights the influence of each design parameter on 
aerodynamic performance. Increasing the airfoil thickness generally results in a decrease in 
the lift-to-drag ratio, likely due to increased drag. In contrast, increasing the maximum camber 
improves the lift-to-drag ratio, indicating that greater curvature enhances lift generation. 
Moreover, shifting the position of the maximum camber toward the trailing edge also tends to 
increase the lift-to-drag ratio, suggesting aerodynamic benefits for this type of airfoils.  

5. CONCLUSIONS 
The importance of using a high-fidelity solver in airfoil shape optimization is emphasized 
through both optimization and parametric studies. An in-house optimization framework based 
on the Differential Evolution algorithm was developed to carry out the optimization process. 
To ensure the reliability of the results, a second well-established optimization method, the 
Genetic Algorithm from MATLAB’s Global Optimization Toolbox, was also employed for 
comparison. The second part of this work focuses on parametric analyses that provide insight 
into the behavior of the objective function and the influence of design variables. Although the 
use of a high-fidelity solver involves increased computational effort, the resulting parametric 
surfaces allow for a clearer understanding of the design space and the identification of optimal 
configurations. The NACA 4-digit airfoil parametrization was selected for demonstration 
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purposes due to its simplicity and interpretability. However, the validated methodology 
presented in this study can be extended to more advanced parametrization techniques such as 
Class-Shape Transformation or Hicks-Henne bump functions. Additionally, the fully 
automated process developed for high-fidelity aerodynamic performance evaluation using 
Fluent offers a robust foundation for future research, including the optimization of high-lift 
devices or airfoils operating in transonic regimes. To further improve efficiency, future work 
could explore hybrid optimization strategies that combine stochastic and deterministic 
methods to accelerate convergence while maintaining solution quality. 
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