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Resumo

O avanço das capacidades computacionais permitiu uma análise e iteraçãomais eficiente

do desenho de perfis alares. Consequentemente, tornou-se possível alargar o espaço de de-

senho e explorar novas geometrias e configurações. No entanto, o estado atual ainda não

permite uma otimização “premir e correr”. As novas capacidades simplesmente transportam

a abordagem tentativa-erro, anteriormente utilizada para a geometria, para a formulação do

problema de otimização.

O objetivo deste trabalho é estudar a formulação de um problema de otimização e propor

uma nova metodologia que melhor traduza os requisitos da aeronave para o desempenho do

perfil alar. O novo objetivo, baseado no Aircargo Challenge 2022, é implementado através

da modificação de uma ferramenta existente.

Este programa tem implementado uma otimização multiponto com restrições para mel-

horar o desempenho do perfil alar da aeronave. A otimização é baseada na técnica de gra-

diente livre denominada Particle Swarm Optimization (PSO), utilizando a parametrização

B-spline e um método de interação acoplado viscoso/invíscido.

A nova função objetivo, adicionada ao programa, estima o desempenho da aeronave de-

senvolvida para a competição, tal como o peso á descolagem, a velocidade de subida, e a

velocidade máxima de cruzeiro e de volta. As estimativas proveem de um método que ex-

trapola as características do perfil alar, analisados através de uma sequência de condições

de voo, para o desempenho da aeronave. Uma penalização é depois adicionada à pontuação,

caso alguma das restrições impostas não seja cumprida, e a soma usada como valor da função

objetivo.

A dissertação inclui dois casos de estudo. No primeiro, o otimizador PSO é avaliado

através do efeito que algumas das suas configurações têmna exploração do espaço de resulta-

dos e no perfil alar resultante. O estudo concluiu que a opção ”exhaustive” obtémosmelhores

emais consistentes resultados entre as configurações estudadas. Para alémde fornecemuma

estimativa da variação do perfil alar e da pontuação entre as diferentes otimizações. Em ter-

mos da função objetivo, este caso também revela a tendência para o aumento da carga útil

transportada, a fim de obter uma pontuação de voo mais elevada na competição.

No segundo caso de estudo é analisado o comportamento da nova função objetivo com

diferentes condições iniciais. Esta investigação revelou as mesmas tendências em termos de

pontuação e validou/refutou algumas das decisões da equipa ACC2022.
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Abstract

The advancement of computational capabilities has allowed for more efficient analysis

and iteration of airfoil designs. Consequently, it has become possible to expand the design

space and explore new geometries and configurations. However, the current state does not

allow for a press-and-run optimization. The new capabilities have simply carried over the

trial-and-error approach, previously used for the geometry, to the formulation of the opti-

mization problem.

The goal of this work is to study the formulation of an optimization problem and propose

a new methodology that better portrays the aircraft’s requirements for airfoil performance.

The new objective, based on the Aircargo Challenge 2022, is implemented by modifying an

existing tool.

This software has implemented a constraint multi-point optimization to improve the air-

craft’s airfoil performance. The optimization is based on the free-gradient technique called

Particle SwarmOptimization (PSO), usingB-spline parametrization and a coupled viscous/in-

viscid interaction method.

The new objective function, added to this program, estimates the performance of the air-

craft developed for the competition, such as lift-off weight, the climb speed, and the maxi-

mum cruise and turn velocity. The estimations are done using a method that extrapolates

the characteristics of the airfoil, analyzed through a sequence of operating points, into the

aircraft’s performance. A penalty is then added to the score if any of the restrictions imposed

are not met, and the sum is used as the objective function value.

The dissertation includes two case studies. First, the PSO optimizer is evaluated through

the effect of some of its settings on design space exploration and the resulting airfoil. The

study concluded that the exhaustive option obtains the best andmost consistent results among

the settings studied. These results also provide an estimation of the airfoil and the score vari-

ance across different optimizations. Furthermore, in terms of the objective function, this

case also reveals the tendency to increase the payload carried in order to obtain a higher

flight score in the competition.

In the second case study, the behavior of the new objective function under different initial

conditions is analyzed. This investigation revealed the same trends in terms of scoring and

validated/refuted some of the ACC2022 team’s decisions.
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Chapter 1

Introduction

This chapter presents an introduction to the thesis, addressing the formulation of a low

speed airfoil optimization problem based on the Aircargo Challenge Competition 2022 air-

craft. In the following sections themotivation, the problem statement, the objectives and the

thesis outline are presented.

1.1 Context and Motivation

Over the last few years, we have witnessed a rise in the global popularity of Unmanned

Aerial Vehicles (UAV). As stated in [3], this upward trend in UAV markets is expected to

persist, with projections of growth from USD 14.04 billion in 2022 to USD 77 billion by

2030. The forecast justifies the increased demand for UAVs through the reduction of size

and weight, the improvement in reliability, and the integration of advanced sensors that en-

able a wider spectrum ofmissions. According to [4], UAVs are a cost-efficient solution across

various industries, reducing the manual labor and minimizing the risk of human accidents.

The key services provided byUAVs include aerial photography, product delivery, surveillance

and inspection, as well as data acquisition and analysis. 

In sum, the studies mentioned above depict a product that is integrated into numerous

sectors. This fact imposes a challenge for the UAV industry as it needs to meet a fair amount

of specific requirements, depending on the application.

In the development of new UAVs, the aerodynamic performance is a key factor for meet-

ing the necessary requirements. This performance, in both fixed and rotary wing vehicles, is

widely influenced by the airfoil design. However, as the unique sets of requirements increase

with the rising diversity of UAV applications, advancing methods to automate the airfoil de-

sign optimization represents an economical path to reach an optimal solution. With a focus

on low speed or low Reynolds numbers optimizations for fixed wings UAVs, which represent

a considerable part of the market.

It is not difficult to see how the engineering process has changedwith the improvement of

computational simulations, such as computational fluid dynamics (CFD), to perform aero-

dynamics analysis. Paper [5] gives a review of how the improvement in computational sim-

1



ulations can be combined with evolutionary algorithms (EAs) to create a robust solution for

the automation of airfoil optimizations.

However, although the automation of airfoil optimization removes the cut-and-try ap-

proach in geometry, this approach is not eliminated from airfoil design. Asmentioned in [6],

it instead transfers that iterative component to the formulation of the optimization problem.

This emphasizes the importance of the optimization problem formulation and the necessity

to understand how the problem formulation affects the solution.

1.2 Problem statement

TheAircargo Challenge Competition (ACC) is a biannual competition for engineering stu-

dents, where the students have only 10months to design, build, and fly an unmanned aircraft.

The rest of the time is devoted to the organizing team, the winner of the previous edition, to

develop the set of requirements and rules that the competing teamsmust follow. This allows

for the consideration of new objectives for each edition, hopefully challenging each team to

think differently every year.

The 2022 edition of ACC introduces, for the first time, a simulation of a real-life problem

as the main goal for the teams to solve. The competition aimed to simulate a medical emer-

gency in a village, cut-off from outside contact due to an avalanche or flood, where it is neces-

sary to transport medical supplies, specifically blood bags. Thus, in this edition, the students

had to develop an aircraft that can transport as much cargo as possible, that needs minimum

distance to take off, that can quickly attain a safe altitude, and can cover the greatest possible

distance in 2 minutes. Also, it must require little space to transport and minimum time to

assemble.

1. Take-off
2. Climb
3. After 60 seconds -> Climb assessment
over, start of 120 seconds distance flight

4. Fly at will
5. End of distance flight -> Distance
assessment over

6. Safe landing -> Payload assessment over

Figure 1.1: Graphic of the flight path.[1]

Outlined in the participation handbook [1], each team needs to design a fixed wing air-

craft powered by one of two possible prescribed propellers and a given common electric

motor. The aircraft must be remotely controlled by a pilot on the ground using radio con-
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trol. In terms of size restrictions, the disassembled aircraft must fit into a transportation box

with interior dimensions of 1100 x 400 x 250 mm3. When fully assembled, it must fit into a

rhombus-shaped box with an edge length of 1.5 m each and an arbitrary side angle.

Regarding the flight task, the aircraft has to take-off in a 60m grass runwaywith a chosen

payload. Following take-off, it must climb to an altitude as close as possible to 100 m within

60 seconds. Immediately after the 60 seconds, it starts the distance task where it needs to

travel as far as possible within 120 seconds. Lastly, the aircraft must perform a safe landing.

Following the tradition, the Aerospace Sciences Department (DCA), from Universidade

da Beira Interior (UBI), repeated the participation through the development of a composite

aircraft with 2.56 meters of wing span and 1.139 meters of length, Figure 1.2.

Figure 1.2: UBI’s aircraft from the 2022 edition.

Due to the features of this edition, there is not a single key factor for the design stage to

focus on. Rather, the best aircraft will be obtained through a trade-off among different flight

stages. This forces the aircraft, of this edition, to achieve an equilibrium between carrying a

great amount of payload, flying as fast as possible, and still maintaining a considerable rate

of climb.

To achieve this equilibrium, the aerodynamic optimization is one of the key components,

as it affects the overall performance of the aircraft and its ability to meet the necessary re-

quirements. Thus, the study of automated tools for the airfoil optimization can be highly

beneficial to the team, as the airfoil design plays a significant role in the aircraft optimization.

This tool would enable the change of the airfoil performance to better achieve the trade-offs

between the different flight stages, thereby enhancing the overall performance in the com-

petition.
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1.3 Objectives

The primary goal of this thesis is to research the formulation of an airfoil optimization

problem for a low-speed UAV. And then, try to develop a feasible method for optimizing an

airfoil during the project’s conceptual phase. The proposed approach aims to better trans-

late the key performance parameters into the objective function, thereby providing a more

accurate representation of trade-offs between the different flight stages. To achieve this goal,

three objectives must be fulfilled:

• Research the PSO optimization method for a deeper understanding of how different

settings, such as population size, trust factor, inertia factor, and iterations affect the

outcome. 

• Modify an existing tool for optimizing airfoils at low speeds by incorporating an ob-

jective function based on its impact on the aircraft’s performance and additionally, to

integrate performance constraints. 

• Conduct multiple optimization runs with the implemented tool, varying initial airfoils

and performance settings to understand the influence of the starting point on the final

outcome.

1.4 Thesis outline

The current thesis comprises five chapters. Chapter 1 introduces the motivation, defines

the problem, and outlines the objectives of this study. Chapter 2 provides an overview of the

theory behind airfoil design and optimization methods. Chapter 3 details the methodology

employed and the modifications made to an existing tool to implement this approach. Chap-

ter 4 discusses the study cases and presents their results. Finally, Chapter 5 summarizes the

significant findings of this research and offers suggestions for future work.
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Chapter 2

Literature Review

This chapter provides an overview of related works and introduces key concepts for this

thesis. The section 2.1 introduces the general concepts of the airfoil design and optimiza-

tion. The Section 2.2 reviews different works of airfoil optimization and highlights the slight

variations between them. Finally, Section 2.3 explores the optimization method employed.

2.1 Introduction to airfoil optimization

The methodology employed, from the beginning, in wing analysis has been to split it into

two parts. Studying the cross-section of the wing and then, adapting its performance to ac-

count for the finite wing characteristics.

The cross-section of a wing is known as an airfoil, with a standard nomenclature shown

in Figure 2.1 according to Raymer [7].

Figure 2.1: Airfoil Nomenclature.

The leading edge is the airfoil’s most forward point: the origin of the coordinate system.

And, the trailing edge, the rear end of the airfoil. The straight line that connects both edges

is defined as chord line, and its length referred as chord. In most situations, the trailing edge

is thick, hence the reference axis is located vertically in the middle of that thickness.

The upper surface defines the top curve that connects the leading and trailing edges. And,

the bottom curve, the lower surface. The front of the airfoil, when the slopes of the upper and

lower surfaces are equivalent to those of the circle, is refer as the leading edge radius.
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The thickness distribution of an airfoil is the distance between the upper and lower sur-

faces measured perpendicular to the chord line. The airfoil thickness is the airfoil’s maxi-

mum distance value. This value is generally expressed by the ratio t/c, which is the thickness

divided by the chord. The camber indicates the characteristic curvature of the airfoil. The

mean camber line is the equidistant line from both the upper and lower surfaces.

Finally, the angle of attack is defined as the angle formed between the oncoming air and

the chord line.

By changing the velocity of the incoming air over and under itself, the airfoil generates a

resultant aerodynamic force and moment per unit of span. The resultant aerodynamic force

is divided in two: the lift force, perpendicular to the oncoming air, and the drag force, parallel

to the oncoming air.

However, to evaluate and compare the airfoil performance, dimensionless coefficients are

used to separate the contributions of air density, freestream velocity, and body size. These

coefficients are calculated using the expressions 2.1.

Cl =
l

0.5ρV 2
∞c

(2.1a)

Cd =
d

0.5ρV 2
∞c

(2.1b)

Cm =
m

0.5ρV 2
∞c2

(2.1c)

The Reynolds number, represented by Equation 2.2, is another relevant criterion to as-

sess the airfoil properties. This dimensionless quantity describes the relative magnitude be-

tween inertial forces and viscous friction. And it is significant for the evaluation of the flow

separation tendencies and the nature of the flow, as low values indicate laminar flow and

high values indicate turbulent flow.

Re =
ρV∞c

µ
=

V∞c

ν
(2.2)

The last helpful parameter, to the airfoil design, is the Mach number, defined as the ratio

of the freestream velocity, V∞, to the speed of sound a, translated into Equation 2.3. This

number quantifies the compressibility effects, which become significant at Mach 0.3.
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M =
V∞
a

(2.3)

The airfoils are designed nowadays to fit the unique requirements of aircraft missions,

hence boosting the aircraft’s performance. For that, there are a number of design methods,

including direct analysis, inverse design, and numerical optimization.

Historically, the direct analysis was the first design method to be employed. In this

method, empirical studies were used to determine the aerodynamic characteristics of a pre-

defined airfoil geometry in a flow of specified Reynolds and Mach numbers.

Thebeginning of computational capabilities allowed the exploration of better approaches,

such as the inverse airfoil design method. According to Selig [8], this method involves defin-

ing the desired velocity distribution based on boundary-layer characteristics and subsequent

performance criteria, from which the airfoil geometry is then calculated. Hence, the inverse

design represents a significant advancement towards the control of the desired performance.

The advancement of computational capabilities allowed engineers to analyze and iterate

airfoil designsmore efficiently. Consequently, it was possible to expand the design space, en-

abling the exploration of new geometries and configurations. The airfoil design optimization

is typically structured as follows:

1. Formulate the problem by defining the objectives, constraints, and initial conditions;

2. Parameterize the initial airfoil geometry to determine the initial design variables;

3. Initial airfoil analysis and performance assessment;

4. Application of the optimization algorithm;

(a) Generate new design variables;

(b) Use the design variables to calculate the new airfoil geometry;

(c) Assess the new airfoil geometry performance;

(d) Check stop condition. If those conditions are not satisfied, return to 4a.

5. Output the optimal solution.

2.2 Optimization Algorithms

Even though numerical optimizations have a concrete structure, different algorithms

undergo minor variations, adjusting to distinct goals and/or conditions. These modifica-
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tions occur in four different parts of the algorithm: the objective definition, the optimization

method, the flow solver, and the airfoil parametrization.

For the first variation, the objective formulation, the algorithms are divided into two

groups: single- or multi-objective. The algorithms that use a single objective have the goal of

identifying the single optimal solution for a specified objective function while satisfying any

constraint imposed. In contrast, according to Deb [9], a multi-objective strategy finds mul-

tiple non-dominant solutions simultaneously, thus depicting the trade-offs between them.

This produces a set of pareto-optimal solutions, which must be further processed to get a

single solution. A clear distinction between the two techniques is presented in the study

[10].

Nonetheless, most of the single-objective optimizations do not use a single operating

point, as displayed in the previous study. An example of this is the work done in [11], where

a simple concept of average lift/drag ratio over various operational points is employed. This

integration of multiple operating points is important to achieve an optimized performance

across a broader range of conditions. However, most studies use different weights for each

operational point, like [12] and [13], favoring the design point over off-design points. Note

that, the relative size of the weights reflects their relevance, and their assignment is one of the

operator’smajor goals. Furthermore, to design an airfoil that is less sensitive to disturbances,

a robust optimization problem is introduced in [14], where the objective function combines

the mean value and the standard deviation of a property across a sequence of points.

The next modification occurs in the optimization method. The vast majority of the airfoil

optimization methods, according to Skinner and Zare-Behtash [15], employ metaheuristic

methods. These gradient-free approaches increase the possibility of converging to a global

optimum solution since they do not require continuity and predictability over the design

space. The two most popular kinds of these techniques are the genetic algorithms (GA) and

particle swarm optimization (PSO), which are based on naturally occurring phenomenons.

Nowadays, these methods are implemented with some alterations and are explored in more

detail in Section 2.3.

A further distinction can be seen in the flow solver used to evaluate the aerodynamic

characteristics of airfoils. These models are predominantly selected based on the flow char-

acteristics during flight. For instance, the optimization [10] adopts the coupled boundary

layer and potential flow method in the XFOIL solver [16] for investigating airfoils under low

Reynolds number conditions. Conversely, the study [17] utilizes a 2D finite volume Navier-

Stokes RANS solver [18] to evaluate aerodynamic performance in transonic flow conditions,
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aiming to diminish the drag caused by shock wakes. Additionally, [12] and [19] apply the Eu-

ler equations within STRUCT2D [20] and the Navier-Stokes equations using the NES code

[21], respectively.

The last difference is the airfoil parametrization, a technique used to describe the airfoil

shape using a set of parameters that are easily adjustable and reduce the complexity and cost

of the optimization process. Some commonmethods are Hicks-Henne functions, orthogonal

NACA functions, B-splines, class shape functions, and Bezier-PARSEC.

The Figure 2.2 provides an overview of the numerical optimization scope. Additional

examples can be extracted from the review [5].

Figure 2.2: Numerical optimization.

2.3 Particle Swarm

Most of the optimization techniques in the field of soft computing research are inspired

by the processes of natural evolution. Thismimicking of nature has led to the creation of sev-

eral evolutionary techniques, such as the genetic algorithm (GA) [22], genetic programming

(GP) [23], differential evolution (DE) [24], evolution strategy (ES) [25], and evolutionary

programming (EP) [26].

These algorithms share a common approach. A population of individuals, each repre-

senting a potential solution to the problem, undergoes ”genetic” operations such asmutation,

crossover, and reproduction according to the rule of survival of the fittest. The best solution

is discovered through the evolution across generations.
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2.3.1 Standard Particle Swarm

In 1995, Eberhart and Kennedy introduced a new optimization algorithm that defies con-

vention by simulating the social behavior of animals [27, 28, 29, 30]. This algorithm draws

inspiration from the behavior of flocks of birds, hence it received the name particle swarm

optimization (PSO). Within PSO, each individual is ”evolved” through cooperation and com-

petition among both the members of the swarm and themselves across generations. Each

particle adjusts its flight path based on its own flying experience and that of its companions.

Each particle, in the D-dimensional space, is denoted by three vectors:

1. Position,Xi = {xi,1, xi,2, ... , xi,d, ... , xi,D} - the position of the ith particle.

2. Velocity, Vi = {vi,1, vi,2, ... , vi,d, ... , vi,D} - the rate of position change. The direction

and length of the ith particle movement.

3. Personal best, Pi = {pi,1, pi,2, ... , pi,d, ... , pi,D} - the best position, in terms of objective

value, recorded of the ith particle.

The best overall position within the population is also stored and symbolized as g. The

performance of each particle position is assessed according a fitness function, that alignswith

the problem at hand. The system of Equations 2.4 expresses how the particles move through

the search space, at each iteration t.

vi,d(t+ 1) = vi,d(t) + c1 rand1() (pi,d(t)− xi,d(t)) + c2 rand2() (pg,d(t)− xi,d(t)) (2.4a)

xi,d(t+ 1) = xi,d(t) + vi,d(t+ 1) (2.4b)

In the Equation 2.4a, c1 and c2 are two positive constants and rand1() and rand2() are

functions that generates a random number between [0, 1].

Iteratively, the particles ”evolved” based on Equation 2.4b. Their new position, xi,d, is

calculated by adding the new velocity, vi,d, to their current position, xi−1,d. The velocity, in

each iteration, is derived from Equation 2.4b, which is composed of three terms. The sec-

ond term, c1 rand1() (pi,d(t) − xi,d(t)), introduces a ”cognition” component to the equation,

reflecting the particle’s own thinking with the difference between the particle’s current posi-

tion and its best position, (pi,d − xi,d). The third term, c2 rand2() (pg,d(t)− xi,d(t)), includes

a ”social” element encouraging collaboration within the particle swarm. This component is

brought into the equation through the distance from the particle’s current position to the
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population’s best position, (pg,d − xi,d). Lastly, the first term, vi,d, introduces a ”flying” com-

ponent to the equation by passing on the previous particle’s velocity to the new one, thus

maintaining the tendency to explore the search space, as explain in [30].

It becomes apparent that when the last two terms are excluded, the particles will main-

tain a steadymovement until reaching the boundary. In other words, the particles will have a

tendency to expand the search space. On contrast, in the absence of the first term, the parti-

cles’ behavior is solely defined by their current and global best positions. If particle i initially

holds the global best position, it will remain stationary until another particle finds a better

position. In this scenario, the search space contracts with each iteration.

To conclude, the first term enhances the global search capability, while the last two terms

focus on the local search ability. The trade-offs between the two search abilities are crucial

because different problems may require different balances between them.

2.3.2 Particle Swarm with Inertia Weight

Taking this into account, Shi and Eberhart introduced a fresh perspective by incorporat-

ing a new inertia weight, w, into Equation 2.4, as displayed in Equation 2.5 [31].

vi,d(t+ 1) = w vi,d(t) + c1 rand1() (pi,d(t)− xi,d(t)) + c2 rand2() (pg,d(t)− xi,d(t)) (2.5a)

xi,d(t+ 1) = xi,d(t) + vi,d(t+ 1) (2.5b)

The new inertia weight, w, balances both global and local searches, and it might be a

positive constant, as well as a positive linear or nonlinear function of time.

Figures 2.3, 2.4, and 2.5, adapted from [2], clearly illustrate the impact of control param-

eters c1, c2, and w on overall performance.

Comparing the cognitive parameter values, c1 = 0 and c1 = 3, it is clear that as c1 in-

creases, the particle’s own best position gains more significance, leading to greater explo-

ration of the design space. Conversely, the comparison of the social parameter values, c2 = 0

and c2 = 3, shows that as c2 decreases the particles can not communicate, causing them to

be trapped in their own best positions.

Finally, as seen in Figure 2.5, the inertia weight w affects the particles flying. A higher

inertia weight decreases the dependence on the initial solution and enhances exploration

capacity, while a lower inertia weight increases the exploitation capacity.

Furthermore, it is visible that the step sizes of the particles are largely reliant on the con-
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trol parameters applied. The control settings must be carefully selected to avoid divergent

behavior caused by high particle’s velocity values. According to the theoretical study of [32]

and [33], the conditions 2.6 will result in convergence behavior.

−1 < w < 1 and 0 < c1 + c2 <
24(1− w2)

7− 5w
(2.6)

Under these conditions, the standard control parameters used in literature, c = 1.49618

andw = 0.7298 [34], fit the criteria in question. However, the theoretical research conducted

to accomplish the Equation 2.6 results from the assumption that the optimization is already

stagnated.

2.3.3 Review of different inertia weights

In the optimization search algorithm, it is advantageous to prioritize exploration at the

beginning to discover a promising seed. Then, shift towards exploitation to search the area

around this seed. As stated before, the inertia weight is an important parameter to control

the exploration (global search) and exploitation (local search) by balancing their capabilities.

The goal of this section is to review several kinds of inertial weights, including linear,

nonlinear, fuzzy rules, random, and other strategy-based inertia weights, as exposed in [35].
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Figure 2.3: The performance of PSO when the cognitive constant is set to 0, 1, 2, 3, and 4.
(Adapted from [2])

Figure 2.4: The performance of PSO when the social constant is set to 0, 1, 2, 3, and 4.
(Adapted from [2])

13



Figure 2.5: The performance of PSO when the inertial weight is set to 1, 0.5, and 0. It also
adaptively decreases from 0.9 to 0.2 proportionally to the number of iterations. (Adapted
from [2])

2.3.3.1 Linear strategies to adjust inertia weight

Initially, the inertia weight was studied as a constant, as documented by [31]. In this

research, it is evident that a larger w contributes more to a global search, while a smaller w

facilitates a more local search. To achieve the equilibrium emphasized in Section 2.3.3, the

author also proposes a linearly decreasing inertia weight. Under this approach, the value ofw

linearly decreases from an initial valuewstart to a final valuewend as the number of iterations,

t, increases up to the maximum iterations, tmax:

w(t) =
tmax − t

tmax
(wstart − wend) + wend (2.7)

This new approach reveals an overall improvement in performance, as noted in [31], and

in further study [36].
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2.3.3.2 Nonlinear strategies to adjust inertia weight

Influenced by the concept of decreasing inertia weight, Chen et al. in [37] studied the

impact of two natural exponent inertia weights. This weight function has the capability to

converge faster than a linear approach. In this study, the coefficient a = 10 in Equation 2.8a

and a = 4 in Equation 2.8b.

w(t) = wend + (wstart − wend) exp

(
−t/

(
tmax

a

))
(2.8a)

w(t) = wend + (wstart − wend) exp

(
−
[
t/

(
tmax

a

)]2)
(2.8b)

Another class of three nonlinear decreasing inertia weight was tested. The class included

a parabola opening upwards, a parabola opening downwards and an exponential curve [38].

The simulations indicate thatwhile the concave-based function outperformed the linear func-

tion, the convex-based function did not surpass the performance of the linear function .

w(t) = −(wstart − wend)

(
t

tmax

)2

+ wstart (2.9a)

w(t) = (wstart − wend)

(
t

tmax

)2

+ (wend − wstart)

(
2t

tmax

)
+ wstart (2.9b)

w(t) = wend

(
wstart

wend

)1/(1+10t/tmax)

(2.9c)

The paper [39] presents two nonlinear inertia weights based on the tangent and arctan-

gent functions. The results of the paper show that the tangent function has a stronger ability

to escape local optima in later periods, while the arctangent function exhibits a faster con-

vergence rate.

w(t) = (wstart − wend) tan

[
0.875 ·

(
t

tmax

)k1
]
+ wend (2.10a)

w(t) = (wstart − wend) arctan

[
1.56 ·

(
t

tmax

)k2
]
+ wend (2.10b)

2.3.3.3 Fuzzy rules to adjust inertia weight

Innovating the inertia weight, Shi and Eberhart propose in [40] the idea of a fuzzy PSO

(FPSO). The concept of FPSO is applying an adaptive fuzzy logic controller (FLC) to dynami-
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cally change the inertia weight. The fuzzy logic controller has three variables: two inputs and

one output. The two inputs are the normalized current best performance evaluation (CBPE)

and the current inertia weight. The only output variable is the change of inertia weight (δw).

Following this thought, H. Liu and A. Abraham in [41] developed a two-input and two-

output FLC. In this FLC, the inputs are the normalized CBPE and the current velocity of

particles. The outputs are a scaling factor to control the domain of particles, ρ, and Vck,

which controls the change of the velocity threshold, vc, according to 2.11.

vc = e− [10(1 + Vck)] (2.11)

This strategy aims to encourage the lazy particles, allowing them to explore better so-

lutions. If a particle’s velocity drops below a threshold vc, a new velocity is reassigned by

2.12b.

vi,d(t+ 1) = w v̂ + c1 rand1() (pi,d(t)− xi,d(t)) + c2 rand2() (pg,d(t)− xi,d(t)) (2.12a)

v̂ =


vi,d , if |vi,d| ≥ vc

rand(−1, 1)vmax/ρ , if |vi,d| < vc

(2.12b)

Here, rand(−1, 1) represents a randomnumber uniformly distributed in the interval [−1, 1],

vc the minimum velocity threshold, and vmax the maximum velocity of the particles.

Nevertheless, both proposed strategies face a limitation. Normalizing the CBPE requires

prior information about the objective function, which can be challenging to estimate.

In reference [42], P. Yadmellat et al. introduce a fresh perspective on a FLC with three

variables. In this approach, the number of interactions, t, and the particle’s average relative

velocity, δVav, serve as inputs, while the output is the inertial weight, w.

All the FPSO methods, despite promising performance across multiple test functions,

pose difficulties in terms of implementation.

2.3.3.4 Random strategies to adjust inertia weight

Most real world applications exhibit dynamic nature. With this inmind, a random inertia

weight PSO was proposed in [43] to track and optimize these dynamic systems. The random

inertia weight is established by the following Equation 2.13:
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w = 0.5 + rand()/2 (2.13)

Here, the term rand() denotes a random number uniformly distributed between [0, 1].

The random inertia weight drives under the dilemma of deciding whether exploration (a

larger inertia weight value) or exploitation (a smaller inertia weight) will be better in a given

time.

2.3.3.5 Other strategies to adjust inertia weight

The last example is an enhanced PSO with an adaptive inertia weight. In this case, the

inertia weight adjusts dynamically in response to a regulation function.

The work [44] suggests an adaptive inertia weight that depends on the current swarm

diversity and the congregation degree. Here, the aggregation state is evaluated by computing

the mean square error (MSE) of the swarm fitness. This strategy seeks to prevent premature

convergence, as indicated by the reduction in population density.

An additional adaptive inertiaweightwas proposed in [45]. In this case, the inertiaweight

is adjusted in accordance to the evolutionary speed factor and aggregation degree. Lastly,

[46] introduced the method in which the inertia weight varies with the location and velocity.

With these improvements, the particles have a better capability to adapt to complex and non-

linear problems, granting them greater flexibility to vary the global and local search abilities,

thus avoiding the convergence into a local minimum.
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Chapter 3

Methodology

The study performed in this work expands on Palmeira’s research [47] with the computa-

tional tool XOPTFOIL [48]. This chapter describes the relevant formulation of the tool and

the modifications implemented to enable the new proposed objective. Section 3.1 outlines

the algorithm used by the tool. Chapter 3.2 describes the initial airfoil transformations and

the available parametrization approaches. Section 3.3 discusses the strategies used for airfoil

evaluation. Finally, Section 3.4 contains the formulation of the optimization algorithm.

3.1 XOPTFOIL

XOPTFOIL [48] aims to determine the airfoil design that minimizes a specific objective

function generated fromadefined set of operating points, whilemaintaining compliancewith

imposed constraints. The algorithm that drives this tool is detailed in Figure 3.1 and briefly

summarized as follows:

1. Read the input file, which contains the general settings, the airfoil coordinates file lo-

cation, parametrization options, output options, constraint options, optimization op-

tions, and XFOIL options.

2. Check if the inputs provided are appropriate, and if not, stop the optimization.

3. Load the seed airfoil coordinates, normalize the airfoil, and calculate the design vari-

ables for the specified shape functions type.

4. Calculate the seed airfoil properties under constraints and obtain the airfoil aerody-

namic properties from the XFOIL analysis for each operating point. Then, save the

values of these properties to use as references.

5. Determine the upper and lower limits for the design variables and the maximum ve-

locity from those. Then, calculate the particles’ initial design variables and velocity.

6. Tune the particle swarm and start the optimization.
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7. Compute the new design variables and the airfoil coordinates from them. Check the

constraints and analyze the operationpointswithXFOIL to calculate the objective func-

tion value.

8. Update the best individual and overall particle, if appropriate, and update each parti-

cle’s velocity.

9. Check if the population has converged or if the iteration number has reached its limit.

If not, return to 7.

Note that the description and flowchart provided have already been customized to the

application of a particular optimization approach, the PSO.

Figure 3.1: XOPTFOIL tool flowchart.

XOPTFOIL requires an input file that contains all the specifications for the intended air-

foil optimization. This file is composed of Fortran namelists that contain:

• The location where the tool will obtain its seed airfoil coordinates. These coordinates

must begin on the upper trailing edge, move towards the leading edge, and close on the

lower trailing edge. This airfoil is used as reference during the optimization;

• The options for parametrization, including the shape function type, the function pa-

rameters, and the number of design variables per surface;

• The data options that specify which data to save throughout the optimization process,

such as design coordinates, polars, pressure distribution, and boundary layer data at
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the required operation points for each improved design. Also, the constraints values,

the objective function values, and the optimization history are stored mandatorily in

each iteration. Additionally, command the amount of control information provided in

each evaluation;

• The operating conditions under which the airfoil is optimized. This includes the im-

plementation or not of flaps, the choice of the flap connection type, the optimization or

fixed positioning of the flap hinge along the chord, whether tomaintain, set, or optimize

the trailing edge value, as well as the determination of the total number of operating

points and their respective conditions:

– Aerodynamic conditions: the choice between the use of angle of attack or lift co-

efficient and their respective values (including the starting point, increment, and

endpoint for the maximum lift search), the Reynolds number, the Mach number,

and the transition criterion parameter necessary to XFOIL, Ncrit.

– The objective conditions: the optimization objective/type, the weight assigned to

each objective, the utilization of polar results from other operating points, and

the definition or optimization of the flap angle deflection or even the use of other

operating points for the flap deflection.

• The airfoil constraints, comprising the set of geometrical, aerodynamic, and flight con-

straints on the airfoil;

• The particle swarm optimization options, including the parameters for the optimiza-

tion process, such as population size, maximum iterations, speed limit, maximum iter-

ations, and particle radius before triggering a stop condition;

• The XFOIL run options for the aerodynamic calculation, such as the number of points

and paneling distributions, the freestream turbulence parameter, whether or not to

utilize the viscous mode, if to reinitialize the boundary layer, and the strategy for non-

converged cases;

• The aircraft data including the total weight, thrust function, the wing, fuselage, and tail

characteristics, as well as, the landing gear drag and additional drag components.

• The flight phases parameters, specific to the ACC competition:

– Take-off: the runway altitude and length, the rotation factor, the friction coeffi-

cient, the aircraft’s empty weight, and the reference payload weight.
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– Climb: the average altitude, the time and altitude to climb, the score function

coefficients, the acceleration activation, and the starting velocity for acceleration

without the take-off phase.

– Dash: the time to travel, the dash altitude, the reference distance traveled, the

acceleration to dash speed activation, the starting velocity to acceleration, and

extra time without climb phase.

– Turn: the activation of turn, the turn altitude, the load factor, and the maximum

leg length.

Note that, the last two points of the input data are added to the original input for set-

ting the new objective function, presented in Section 3.3.4. The XOPTFOIL algorithm with

the new objective function implemented is available in [49]. Furthermore, the aerodynamic

conditions reveal that the tool only supports the type 1 XFOIL analysis, keeping the Reynolds

number and the Mach number constant. This information is significant because when using

the angle of attack input, the lift coefficient can vary, modifying the optimization conditions.

3.2 Parametrization routine

After the input file has been read and validated, the initial airfoil coordinates are retrieved

and stored at the provided location. With the airfoil coordinates, the tool starts the execu-

tion of the initial parametrization routine. As described in Section 3.1, this method seeks to

determine the airfoil design variables for the specified shape function.

The parametrization routine comprises three distinct phases. Firstly, the airfoil is rede-

fined with the XFOIL PANGEN subroutine to generate new coordinates based on the XFOIL

paneling options.

Secondly, the airfoil is transformed to standardize its dimensions to a unit chord length

and a zero angle of attack. For that, it is first determined the trailing edge midpoint and

the leading edge coordinates. Then, the airfoil is translated so the leading edge becomes

the origin (0, 0) and scaled to achieve a unit chord length. Finally, using the coordinates of

the leading and trailing edges, the original angle of attack is determined and the airfoil is

rotated accordingly. Optionally, if a specified trailing edge thickness is set as an input value,

additional transformations are applied to adjust the upper and lower surface coordinates to

meet this requirement.

Finally, parametrization methods are employed to determine the initial design variable.

This phase is also used during the optimization process in the opposite direction to construct
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the airfoil geometry to be analyzed using XFOIL solver.

The XOPTFOIL had already implemented two methods, the Hicks-Henne functions and

orthogonal NACA functions. Palmeira [47] added three other methods: B-splines, class

shape functions, and Bezier-PARSEC 333.

3.2.1 Hicks-Henne functions

Hicks and Henne formulated the Hicks-Henne (HH) functions, consisting of linear com-

binations of sine functions added to the baseline airfoil. The resulting airfoil shape is defined

by Equation 3.1. [50]

zi = zbase,i +

Nfunctions∑
j=1

aj sin
h1,j

(
πx

log 0.5
log h2,j

base,i

)
, ∀i ∈ [1, Np] (3.1)

According to [51], each function is described by three variables: the coefficient a, the pa-

rameter h1 that regulates the function width, and the parameter h2 that specifies the position

of the base function’s maximum.

As the functions serve to disturb the initial airfoil, these parameters are considered design

variables, and the starting design parameters are zero. However, variables h1 and h2 cannot

be zero, so they are restricted to h1 ∈ [h1,min, 10] and h2 ∈ ]0, 1[.

3.2.2 Orthogonal NACA functions

The orthogonal NACA functions are an orthogonal approach proposed by Chang et al.

[52], which couple the modes generators of the NACA 4-digit airfoils and the extensions of

NACA functions for supercritical airfoils to deform the base airfoil. The airfoil shape is gen-

erated by Equation 3.2, with the expanded modes fnaca,j(x) given by Equation 3.3, and then

normalized by the maximum value of each mode.

zi = zbase,i +

Nfunctions∑
j=1

aj f̄naca,j (xbase,i) , ∀i ∈ [1, Np] (3.2)

f̄naca,j (xi) =


x

1
(j+1)/2+1

base,i − x
1

(j+1)/2

base,i if j is odd

x
j/2
base,i(1− xbase,i) if j is even

(3.3)
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As the approach transforms the basic airfoil, the coefficients aj serve as design variables.

Thus, when the coefficients are zero, the initial airfoil is obtained.

3.2.3 B-splines

The B-splines indicate a smooth curve technique that is obtained by the product of basis

functionsNi,k(t) and an array of spatially defined discrete control points Pi. [53] The Equa-

tion 3.4 establishes the B-spline curves for a planar curve, Pi ∈ R2 and C(t) ∈ R2, with n

basis functions of order k < n and scalar t ∈ [Tk−1, TNcp ].

C(t) =
n−1∑
i=0

Ni,p(t)Pi (3.4)

The B-Splines method can represent airfoils in various ways, but to meet the constraints

imposed is used two B-Splines, one for each upper and lower surfaces. For each B-spline, P0

is fixed at the leading edge (0, 0), Pn−1 is fixed at the trailing edge, and P1 is aligned vertically

with the leading edge. These applies to both upper and lower surfaces.

The tool’s algorithm offers two options for the control points’ x coordinates: free or fixed.

For the fixed option, Equation 3.5 uses a cosine distribution for the x coordinates. With the

z coordinates of control points 1 to n − 2 the only free coordinates. Thus, resulting in n − 2

design variables per surface.

P0 = (0, 0), Pi =

(
1

2

[
1− cos

(
π(i− 1)

n+ 1

)]
, ai

)
, Pn−1 = (1, zte) (3.5)

In the free variation, both coordinates are free for control points 2 to n− 2, plus z for P1,

resulting in 2(n− 3) + 1 design variables for each surface.

3.2.4 Class shape functions

The class shape functions (CSF), by Kulfan and Bussoletti [54], are the product of the

class functionC(x) and the shape function S(x). The airfoil shape, considering the geometric

constraints imposed, needs to be represented by two curves, for upper and lower surfaces, as

described in Equations 3.6a and 3.6b. An additional term is added to account for the trailing

edge thickness.
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zUp(x) = CN1
N2 (x).SUp(x) + x

zTE

2
(3.6a)

zLo(x) = CN1
N2 (x).SLo(x) + x

zTE

2
(3.6b)

The class function parameters N1 and N2 control the class in use, as shown in Equation

3.7. In the tool used, the airfoil class parameters are N1 = 0.5 and N2 = 1.

CN1
N2 (x) = xN1 (1− x)N2 (3.7)

Kulfan in [55] proposed expressingS(x) as a linear combination of Bernstein polynomials

of degree n, Bi,n(x), and coefficient ai. With the addition of a further term known as leading

edge modification (LEM) to enhance the fidelity at the leading edge, shown in Equation 3.8.

S(x) =
n∑

i=0

aiBi,n(x) + an+1x
0.5(1− x)n−0.5︸ ︷︷ ︸

LEM

(3.8)

3.2.5 Bezier-PARSEC 333

The Bezier-PARSEC 3333 (BPP) approach, presented by Derksen et al. [56], combines

the PARSEC formulation and the Bezier curves. The Bezier-PARSEC 333 defines the airfoil

through four third-degree Bezier curves, two for the camber line and two for the thickness

distribution, with Equation 3.9 describing a third-degree Bezier curve.

x(t) = xc0(1− t)3 + 3xc1t(1− t)2 + 3xc2t
2(1− t) + xc3t

3 (3.9a)

z(t) = zc0(1− t)3 + 3zc1t(1− t)2 + 3zc2t
2(1− t) + zc3t

3 (3.9b)

where t denotes the parameter that ranges from 0 at the start to 1 at the end. The curves

are generated exclusively using twelve aerodynamic parameters: the leading edge radius,

rle, the trailing camber line angle, ate, the trailing wedge angle, bte, the trailing edge vertical

displacement, zte, the leading edge direction, cle, the location of the camber crest, (xc, yc), the

curvature of the camber crest, jc, the position of the thickness crest, (xt, yt), the curvature of

the thickness crest, jt, and the half thickness of the trailing edge, zte/2.
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3.3 Airfoil evaluation

The airfoil evaluation is a crucial component of the tool, responsible for computing the

objective function’s value used to analyze the designs developed during the optimization.

Within the framework of XOPTFOIL, which is a constrainedmulti-point single-objective ap-

proach, the airfoil’s performance is assessed by a hybrid function. This function incorpo-

rates the contributions from the selected operating points as well as the penalties for non-

compliance with the constraints. The calculation of the objective value follows the scheme:

1. Calculate all geometric properties under constraint and assess the penalty value re-

sulting from the non-compliance. If the penalties value exceeds the limit, the penalty

value multiplied by the factor 106 is returned as the objective function. Otherwise, the

evaluation proceeds.

2. Assess the operating point aerodynamic characteristics with XFOIL solver.

3. Check the XFOIL analysis consistency and if necessary, repeat the analysis with slight

perturbedReynolds number. Compare the two analysis andkeep themore conservative

value.

4. Calculate the penalty values for the aerodynamic constraints based on the XFOIL re-

sults. Then, proceed in the same manner as in step 1.

5. Calculate the flight performance of an input aircraft based on the XFOIL results of the

airfoil in study.

6. Calculate the penalty value for the flight performance constraints, and follow the step

1 approach.

7. Calculate the objective function value based on the specific aerodynamic coefficients or

the flight performance score plus the total penalty value.

Note that, this scheme already incorporates the new objective function, which is the focus

of this work and will be explored in greater detail in Section 3.3.4.

3.3.1 Penalties

As previously discussed, the XOPTFOIL allows the incorporation of both geometrical and

aerodynamic constraints in the airfoil design. Additionally, it was implemented flight con-

straints to ensure a minimum performance during each flight phase. The compliance of the

constraints is ensured by a penalty system, as shown in Equation 3.10.
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Figure 3.2: Airfoil evaluation flowchart.

δi =


σi−σref,i

|σref,i| if σref,i is a upper limit

σref,i−σi

|σref,i| if σref,i is a upper limit

(3.10)

where the penalties δi, for each ith constraint, represent the relative difference between the

actual property value, σi and the specified upper or lower reference value, σref,i. Negative

penalty values indicate that the property is within limits, so they are disregarded.

As mentioned in the Section 3.3, the penalty value is assessed at each step of the airfoil

evaluation to verify if it is within the predefined limits. If the value is within limits, the eval-

uation proceeds; otherwise, the evaluation ends, and the objective value receives the penalty

value multiplied by a factor of 106, as outlined in Equation 3.11.

Obj = 106 · δi, if ∃δi > δlimit (3.11)
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The penalty limit is defined by a linearly decreasing function, with initial and final values

specified as inputs. This approach gives the algorithm greater freedom to explore initially

and then gradually forces the final designs to meet all constraints. The total penalty value

δtotal is the sum of the penalties for all constraints, Nc.

δtotal =

Nc∑
i=1

δi, if 0 < δi < δlimit (3.12)

Detailing the geometric properties under constraint, several thickness constraints are im-

posed, including maximum and minimum thickness, as well as the thickness at a specific

chord position. For each of these three thickness constraints, an acceptable range of values

is defined. In contrast, the camber line is evaluated solely based on its maximum value.

The leading and trailing edges are also properties under control. The LE is bound by the

angles of the upper and lower surfaces to determine if the LE is not too blunt or too sharp.

Additionally, the difference between these angles is evaluated to ensure that it is not wildly

distinct.

These angles are calculated from the coordinates of the first two points of each surface.

For the trailing edge (TE), two constraints are considered: the trailing edge thickness and

wedge angle. The TEwedge angle constraint is included to prevent the optimized airfoil from

converging to an excessively thin cusped aft section. For that, the usermust specify the chord

position at which the wedge angle begins to be evaluated.

Regarding surface’s constraints, it is included the number of curvature reversals on each

surface. This constraint aims to prevent the airfoil surfaces fromhaving bumps, with the user

setting the curvature radius threshold for this constraint. Additionally, the angle between

adjacent surface panels, calculated using the XFOIL routine CANG, and the growth rate of

the panels are also evaluated.

The flap properties are another set of constraints, where the algorithm verifies that vari-

ous deflections and the hinge position are within predefined ranges.

Finally, the software computes the overall geometric penalties by adding all the individual

penalties and verifying whether they remain within the penalty limits.

If the operator does not want to use a specific constraint, it can be set a high value for

maximum constraints and zero or a high negative value for the minimum constraints.

In terms of aerodynamic constraints, it is penalized the unconvergence of the aerody-

namic simulations. For this constraint, the XFOIL convergence criterion RMSBL must be

below 10−4 to consider the solver converged.
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Additionally, the user has the option to apply constraints on the minimum moment and

lift coefficients, as well as the maximum drag coefficient, for specified operating points. In

these constraints, the user can define the limits or use the seed airfoil as reference values.

As previously discussed, in addition to the geometrical and aerodynamic constraints,

flight constraints were incorporated. These constraints establish the minimum performance

requirements during the take-off, climb, cruise, and turn phases. Specifically, the constraints

specify the minimum acceptable values for the aircraft’s total weight, climb speed, cruise

speed, and turn velocity.

3.3.2 XFOIL analysis

XFOIL, used in XOPTFOIL for the flow analysis, is a collection of menu-driven routines

that perform multiple functions, such as viscous or inviscid analysis and inverse or direct

airfoil design. XFOIL, developed by Drela [16], intends to easily estimate the airfoil per-

formance at low Reynolds numbers by combining high-order panel methods with the fully-

coupled viscous/inviscid interaction method, according to documentation in [57].

In this method, the viscous solution (boundary layer, BL, and wake) is described with a

two-equation lagged dissipation integral BL and an envelope en transition criterion, taken

from the ISES code developed by Drela and Giles. This viscous solution is iterated with the

incompressible potential flow, via the surface transpiration, to properly calculate the limited

separation regions. The panel solution with the Karman-Tsien compressibility correction

obtains the total velocity at each point on the airfoil surface, and the wake is incorporated

into the viscous equations, creating anon-linear elliptic system that is solvedby a full-Newton

method.

In the en method, the transition is triggered by the log of the amplification factor of the

most-amplified frequency specified by the user, Ncrit.

XFOIL is integrated into XOPTFOIL as a set of external modules, containing the neces-

sary subroutines directly retrieved from the source code in [57]. The interaction between

XOPTFOIL and XFOIL is enabled by the presence of two modules.

The first, xfoil_inc, declares and saves theXFOIL variables, while the second, xfoil_driver,

runs the subroutines in the XFOIL modules to perform the flow analysis based on the oper-

ating points and XFOIL settings.

To perform XFOIL flow analysis, the following parameters must be loaded into the rou-

tines: the airfoil coordinates, XFOIL paneling and run options, and the aerodynamic condi-

tions and flap variables for each operating point. Specifically, for each operating point, the
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usermust set the Reynolds number, theMach number, and theNcrit, along with the type and

mode of operation point. This last setup determines whether the analysis will be in a single

operating point or in a sequence of operating points and whether each point will be run at a

constant angle of attack or lift coefficient. Furthermore, the flap angle deflection and hinge

positionmust be supplied to the routine, whether specified by the user or as design variables.

The algorithm, with this information, calculates the angle of attack, the moment, lift, and

drag coefficients, as well as XFOIL’s convergence variable RMSBL (root mean squares of the

boundary layer). If asked, the routinewill also supply the turbulent transition location for the

lower and upper surfaces. The subroutine run_xfoil, contained in the module xfoil_driver,

will be the one used to calculate these results, following the methodology below:

1. Invoke the xfoil_inic module to assign the XFOIL options values, which control the

execution of XFOIL calculations. Subsequently, use the BLPINI command to set the

boundary layer calibration parameters, and finally, assign the XFOIL paneling options

to the module variables.

2. Check if any operating point wants to assume the previous values. And if true, save the

previous characteristics at this operating point and proceed to step 5. If not, continue

with the analysis.

3. Process the airfoil geometry by assigning the airfoil coordinates. Next, use function

PANGEN to conform the airfoil coordinates to the paneling options and apply the flap

deflection into the airfoil coordinates if requested.

4. Assign the Reynolds number, Mach number, and Ncrit for each operating point. Next,

use the function COMSET to set the compressible Karma-Tsien parameter from the

freestream Mach number. Finally, check if the reinitialization option is enable and if

so, set the appropriate variables.

5. Check the type of XFOIL analysis (single or sequence):

(a) For the single-point analysis, the user selects one of three initialization options

(’none’, ’uncorvergence’ and ’

i. For the ’none’ and ’unconverge’ options, the analysis is performed without

initialization. So, depending on whether the angle of attack or the lift coeffi-

cient is provided, the functions SPECAL and SPECCL, respectively, are called

to perform the inviscid calculations. The viscous flow is then calculated using

the function VISCAL. Finally, RMSBL is used to evaluate the convergence of
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the XFOIL solver. If the analysis does not converge and the ’unconverge’ op-

tion has been selected, proceed to the next step. Otherwise, proceed to step

6.

ii. For the analysis or reanalysis with initialization is created a sequence of an-

gles of attack or lift coefficients, and then each operating point is analyzed as

described for a single point.

(b) To analyze a sequence of angles of attack, the XFOIL uses the process described

in point 5(a)ii and then saves the best value of the aerodynamic property from the

point’s sequence.

6. Verify if all operating points have been analyzed to conclude the XFOIL routine. If not,

return to step 2.

Note that only a type 1 analysis is possible in the current implementation of XFOIL, as

it requires specifying the Reynolds number, the Mach number, and the Ncrit. Also, in the

current implementation, the sequence analysis is only triggered when the goal is to search

the maximum lift coefficient.

After the XFOIL run, the results undergo a consistency check. In this check, the results of

each operating point are compared with the minimum drag or the maximum lift coefficients

values achieved so far by each operating point, multiplied by a tolerance factor introduced

by the user. The reanalysis of any operating point, i ∈ [1, Nop], is triggered if the previous

conditions, summarized in Equation 3.13, are met.


Cl,i(t) = (1− tolCl

)Clmax,i
(t)

Cd,i(t) = (1− tolCd
)Cdmin,i

(t)

, i ∈ [1, Nop] (3.13)

The consistency check involves reanalyzing the XFOIL results with a slightly perturbed

Reynolds number, set to 99.7% of the original value. The results obtained are then compared,

and the more conservative of the two runs is selected. This procedure is necessary to prevent

the optimization process from exploring singularities within the XFOIL solution that might

give artificially improved results.

3.3.3 Objective function

The airfoil performance evaluation is performed using an objective function, Obj, whose

goal is to be minimized during the optimization. This objective function is the sum of the
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relative objective values of each operating point multiplied by their respective normalized

weights plus the total penalty value, Equation 3.14. The use of relative aerodynamic objec-

tives, through the division by the reference value φi,ref , retrieves the influence of the magni-

tude of each aerodynamic objective, φi, from the function Obj.

Obj =

Nopt∑
i=1

(
w̄i

φi

φi,ref

)
+ δ (3.14)

The algorithm takes the aerodynamic objectives and their corresponding weights from

the input file. The input weights are normalized using Equation 3.15.

w̄i =
wi∑Nopt

i=1 wi

(3.15)

The algorithm includes different sorts of objectives that assignwhichproperty to improve.

Equation 3.16 shows the types of operation points and their corresponding aerodynamics

objectives (φi). The equation also displays the target property where a certain property is

aimed at a specific value.



φi =
1
Cl
, if maximize Cl

φi = Cd, if minimize Cd

φi =
Cd
Cl
, if maximize Cl

Cd

φi =
Cd

C
3
2
l

, if maximize
C

3
2
l

Cd
, ∀i ∈ [1, Nop]

φi =
1

0.5(xtrt+xtrb) , if maximize xtr

φi =
1

dCl
dα

, if maximize dCl
dα

φi =
(
proptarget−prop

prop

)2
, if target property

(3.16)

Using the seed airfoil, Equation 3.16 also produces the reference aerodynamic objective,

φi,ref . Note that, if the goal is to maximize a parameter, the operation point objective is

inverted, since the aim of the objective function is to be minimized.

For this thesis, a new objective based on how the airfoil performs in a specific aircraft is

added. This new objective presents a method to weight the relevant conditions of the case

study based on the competition’s overall score. The idea, with slight modifications, is to use
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the score as φi and the total points without bonuses as φi,ref .

3.3.4 Performance determination

The tool’s newly introduced objective is presented in this section. The proposed objec-

tive, in contrast to the current ones that focus on optimizing a predetermined equilibrium

of aerodynamic properties, aims to discover the optimum equilibrium and then optimize it.

For that purpose, a direct method to evaluate the impact of the airfoil characteristics on the

aircraft’s overall performance is applied.

The case study, as stated in Section 1.2, is divided into three flight tasks, each task receiv-

ing a maximum of 1000 points without bonus. These tasks include the take-off phase scored

by the payload, the climb phase scored by the altitude, and the cruise phase, scored by the

distance traveled. Equation 3.17 represents the proposed objective function based on this

flight path.

Obj = 1000

(
w̄take−off + w̄climb + w̄cruise

w̄take−offSpayload + w̄climbSaltitude + w̄cruiseSdistance

)
+ δ (3.17)

Taking advantage of the input weights, the operator is able to adjust the weight of each

flight phase, providing the function additional flexibility to adapt to new situations. For the

present scenario, all normalized weights are set to 1
3 .

The first goal is to maximize the payload, keeping the take-off distance within the given

limits. For that purpose, an equation relating the payload to the take-off distance is required.

According to Gudmundsson’s book [58], the kinematic relationship between acceleration,

speed, and distance is utilized to compute the take-off distance. Assuming that the ground

run begins at rest without relative wind, we obtain,

S − S0 =
V 2
f − V 2

i

2aav
⇔ sG =

V 2
LOF

2aav
(3.18)

In this case, sG symbolizes the ground run distance, VLOF the lift-off velocity, and aav the

average acceleration. To compute the acceleration during the ground run on a horizontal flat

runway, the equation of motion is applied.

dV

dt
= g

[
T

W
− D

W
− µ

(
1− L

W

)]
(3.19)
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From this equation, the acceleration during the ground run, dVdt , depends on the aircraft’s

total weight,W , thrust, T , drag, D, lift, L, and ground friction coefficient, µ. However, it is

also dependent on velocity, as thrust, drag, and lift all change with it. The average accelera-

tion is then calculated using the average velocity, Vav, given by the Equation 3.20.

Vav =

√
V 2
f + V 2

i

2
=

Vf√
2
=

VLOF√
2

(3.20)

The final velocity is the lift-off velocity, VLOF , given by the stall velocity Vs times a factor,

A1. This factor takes into consideration the distance covered during the rotation for lift-off.

VLOF = A1Vs = A1

√
2W

ρSCL,max
(3.21)

By utilizing Equations 3.21 and 3.20 to compute the average acceleration via Equation

3.19, and subsequently inserting that value into Equation 3.18, along with the employment

of adimensional coefficients for drag and lift, we derive the relation between take-off distance

and the aircraft’s total weight represented by Equation 3.22.

sG =
A2

1

(
W
S

)
ρg
[(

TV =Vav
W − µ

)
CLmax +

(
A2

1
2

)
(µCL,to − CD,to)

] (3.22)

Note that the drag and lift coefficients employed in Equation 3.22 refer to the aircraft,

not the airfoil. In Section 3.3.5, the transformation from the airfoil coefficients to the aircraft

coefficients will be explained. The payload appears in Equation 3.22, as the aircraft’s total

weight is the sum of the payload and the empty weight, which is the weight of the aircraft’s

structure and systems. Therefore, the payload is calculated using Equation 3.23.

Wpayload = W −Wempty = W − (Wsystems +Wstructure) (3.23)

The XFOIL analysis of the airfoil provides the non-dimensional characteristics of the air-

foil, so the purpose is to compute the payload using the drag and lift coefficients. However,

Equation 3.22 does not allow for the direct calculation of payload based on drag and lift co-

efficients at the required operating points and a specified take-off distance. The payload is
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then computed via an iterative approach, as seen by the flowchart in Figure 3.3.

Figure 3.3: Total weight flowchart.

The payload score is then obtain from Equation 3.24. Because of the partial scoring

method used in this competition, the aircraft payload is divided by a reference payload, cor-

responding to the higher payload carried by any team, given in Table 4.2.

Spayload = 1000
Wpayload

Wpayload,ref
(3.24)

In contrast, to the objective implied in Chapter 1.2, the second goal will not be achieved

by maximizing the altitude. According to German legislation, the aircraft cannot exceed 120

meters in height. Therefore, the organizing team developed Equation 3.25, and the purpose

of the climb phase shift to maximize the value of this equation. Equation 3.25 yields a maxi-

mum pre-score of 1203 points at 100 meters of height.

PSaltitude = −3.92e−5 h460s + 1.08e−2 h360s − 1.156 h260s + 64.2 h60s − 537 (3.25)

The final score is then calculated by dividing the pre-score by the reference altitude pre-

score, as shown in Equation 3.26. Due to the ability to calculate the highest possible altitude

pre-score, this value is used as the reference.
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Saltitude = 1000
PSaltitude

PSaltitude,ref
(3.26)

According to Gudmundsson’s book, a climb is defined as a change in potential energy per

unit of time [58]. The rate of change can be seen in Equation 3.27.

∆(PE)

∆t
= W

∆h

∆t
=>

d (PE)

dt
= WVV (3.27)

The equations of motion for an aircraft in the climb phase reveal that the productWVV

represents the difference between available power (PAV ) and the required power (PREQ) at

level flight. The vertical airspeed is subsequently determined using Equation 3.28.

VV =
PAV − PREQ

W
=

TV∞ −DV∞
W

(3.28)

Take note that thrust, T , and drag, D, vary with air density, ρ, and air density depends

on altitude. Thus, thrust and drag change with altitude. The average altitude is then used as

an approximation to compute an average vertical velocity, which allows us to calculate the

climbed height, h, using Equation 3.29.

h = VV ∆t (3.29)

Equation 3.29 states that, for a limited time period, maximizing the altitude climbed re-

quires maximizing the vertical speed. This creates the need to calculate the aircraft’s max-

imum vertical speed. The approach used to determine this value involves conducting a se-

quence of XFOIL analyses at various conditions, compute the aircraft’s lift and drag coef-

ficients at each condition, and use them to calculate the corresponding vertical velocities.

These velocities are then compared to select the maximum value and its corresponding op-

erating condition.

Knowing the highest vertical velocity, we can calculate the maximum altitude reached by

the aircraft in 60 seconds and verify if it reaches 100meters. However, the simple application

of Equation 3.29 may limit the vertical velocity to the exact minimum necessary to achieve

the desired altitude. Forgetting that, if the airplane reaches the required height before 60
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seconds, it canuse that time to accelerate to cruise speed, referred to as extra time inEquation

3.30.

textra = 60s− 100m

VV,max
(3.30)

Furthermore, the highest vertical velocity occurs at a certain horizontal speed, sowemust

consider the time it takes the aircraft to accelerate from the lift-off velocity to the horizontal

speed that leads to the maximum vertical velocity. For that, the XFOIL analysis, of a set of

operating points, is converted into the aircraft’s velocity, thrust, and drag. Then, Equation

3.31 may be used to compute the acceleration at each position using the equations of motion

for a level flight.

ai =
g

W
(Ti −Di) (3.31)

Applying a linear approximation for the acceleration, Equation 3.32, provides the time

to accelerate from one operating point to another. At the starting point, the velocity Vi−1 is

the lift-off velocity, and the acceleration, ai−1, is assumed to be the same as the first point,

ai−1 = ai.

taccel = (Vi − Vi−1)
2

(ai + ai−1)
(3.32)

Aside from attempting to achieve amore accurate portrayal of the problem, this formula-

tion assigns weight to operational points besides the maximum vertical velocity, thus trying

to prevent a singular solution according to [6]. However, this trait is optional, so the operator

can enable or disable this feature from the input file.

Equation 3.33 calculates the time necessary for the aircraft to reach 100m of height, with

the acceleration time included.

tclimb =
100m

Vv,max
+ taccel (3.33)

If the time is less than 60 seconds, the maximum score is awarded and the extra time

is computed by 3.30. In contrast, if the time exceeds 60 seconds, the altitude is calculated
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using Equation 3.34 while the score is derived through Equations 3.25 and 3.26, with the

extra time being disregarded.

h = Vv(60− taccel) (3.34)

A climb score flowchart, illustrated in the Figure 3.4, provides a comprehensive explana-

tion of the entire process of determining the climb performance.

Figure 3.4: Climb score flowchart.

Finally, the last goal is to cover as much distance as possible in 120s. According to Gud-

mundsson’s book [58], the Equation 3.35 uses the kinematic relationship between speed and

distance to calculate the distance traveled in cruise.

s =

∫ t

0
V dt (3.35)
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Equation 3.35 states that to maximize the distance traveled, the velocity must be maxi-

mized throughout all the free flight phase. However, the cruise trajectory needs to be split

into two stages, straight and turn trajectories, because of the peculiarities of the airfield de-

scribed in the handbook [1].

In the planar equations of motion for steady level flight a key baseline can be established

to compute the maximum straight velocity, as depicted in Equations 3.36.

D = T (3.36a)

L = W (3.36b)

In relation to level flight, Equations 3.36 illustrate the balance between the aircraft’s lift

and drag, which counteracts its weight and thrust forces, respectively.

To ascertain the maximum straight-line velocity from this equilibrium, the aircraft’s lift

and drag coefficients are determined through the XFOIL analysis. Taking advantage of these

coefficients alongside theweight obtained during the take-off phase, the velocity is computed

based on the lift coefficient principle. Subsequently, the aircraft’s drag and thrust forces are

assessed relative to the acquired velocity, with the maximum velocity occurring when the

drag force equals the thrust force.

Theprimary goal is then to identify the conditions atwhich the aircraft’s drag forcematches

its thrust force. To accomplish this, a series of operating points are systematically evaluated,

seeking the two nearest points to D = T . A linear approximation method is then employed

to derive the maximum velocity based on these two identified points.

Similarly, the process for determining the maximum turn velocity follows a comparable

methodology. However, it is essential to note that the equilibrium conditions during a level

turndiffer. Equations 3.37 articulate the newequations ofmotion for a flight in the horizontal

plane.

D = T (3.37a)

L cosϕ = W (3.37b)

L sinϕ =
W

g

V 2
turn

Rturn
(3.37c)

In this scenario, the lift generated by the aircraft must not only counteract its weight but

also balance the centrifugal force induced by the aircraft’s inertia during the turn. Within
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the context of Equations 3.37, the variable ϕ denotes the bank angle, Rturn signifies the turn

radius, and Vturn represents the horizontal velocity during the turn.

In the pursuit of determining the maximum turn velocity, it becomes essential to intro-

duce a new parameter that depicts the turn dynamics. This selected parameter, denoted as

the load factor n, combines the aircraft’s structural limitations into the definition of turn

dynamics. Its formulation is given by Equation 3.38.

n =
L

W
=

1

cosϕ
(3.38)

Upon the setup of the load factor by the operator, Equations 3.37a and 3.37b enable the

computation of the maximum turn velocity, employing a methodology similar to that used

to calculate the level flight velocity.

Now, the challenge shifts to quantifying the distance traveledduring both turn and straight-

line segments. By subtracting the turn radius from the maximum length of the airspace, the

distance traveled in a straight line may be calculated, allowing the definition of the complete

lap. Equation 3.39 enables the determination of the turn radius using the load factor and

turn velocity following Equation 3.37c.

Rturn =
V 2
turn

g
√
n2 − 1

(3.39)

As previously mentioned, the calculation of the straight segment length from the maxi-

mum length of the airspace can be derived from the turn radius using Equation 3.40.

lcruise = lmax − 2 Rturn (3.40)

In order to determine the distance covered within the 120 s of the cruise, an average

velocity weighted by the distance traveled in each phase during a single lap is employed by

Equation 3.41. Thismethodology eliminates the need to track the aircraft’s position through-

out a specified time period.

Vav =
lcruise Vcruise,max + 2πRturn,max Vturn

lcruise + 2Rturn
(3.41)
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Using the same approach as in the climb phase, the time that takes to accelerate from the

horizontal climb speed to the maximum velocity is estimated.

This methodology is equal to the one used for the climb phase by using a set of operating

points in XFOIL analysis to calculate the acceleration and velocity at each one, and then with

Equations 3.31 and 3.32, calculate the acceleration time.

The only variation is the application of a linear approximation for the velocity to calculate

the distance traveled during acceleration, outlined in Equation 3.42.

distaccel =
Vi + Vi−1

2
taccel (3.42)

In Equation 3.42, when i equals one, velocity Vi−1 corresponds to the climb speed. Addi-

tionally, when estimating the time using Equation 3.32 for i = 1, it is assumed that Vi = Vi−1.

The climb phase supplies the extra time available for accelerating to maximum speed,

which is unused during that phase. As a result, the acceleration time and distance are only

considered when the acceleration time exceeds this extra time. So, if the acceleration time is

less than the extra time, the acceleration stage is disregarded. In reverse, if the acceleration

time exceeds the extra time, the extra time is subtracted from the acceleration time, and

the distance traveled during this period is not considered. The system of Equations 3.43

calculates the total distance traveled.


dist = (120− (taccel − textra)) Vav + distaccel , if taccel > textra

dist = 120 Vav , if taccel ≤ textra

(3.43)

The traveled distance is evaluated to determine its corresponding score, as described by

Equation 3.44. The distance scoring is relative to the highest distance traveled by any team,

which serves as the reference distance and it is given in Table 4.2.

Sdistance = 1000
dist

distref
(3.44)

A distance traveled flowchart, illustrated in the Figure 3.5, provides a comprehensive

explanation of the entire process of determining free flight performance.
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Figure 3.5: Distance traveled flowchart.

3.3.5 Aircraft Aerodynamic Coefficients

In addition to the scores calculated, it is now described the methodology to estimate the

aircraft’s characteristics via the XFOIL analysis applied to the airfoil under assessment. A

simplified model outlined by Raymer in [7] is used to minimize the computing power and

processing speed required.

The first goal is to convert the lift coefficient of the airfoil into that of the aircraft. Knowing

thewing’s predominate role in generating lift, the contributions fromother components such

as tails and/or fuselage are disregarded as an approximation.

The wing lift coefficient, CL, is then calculated from the airfoil lift coefficient, Cl, using

the leading edge suction method and the induced angle of attack, αi, in Equations 3.45.
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
αi =

CL
πA (1 + τ)

CL = Cl cosαi

(
Sexpose

S

) (3.45)

It is worth noting that theCL equation has been adjusted to take into account the fraction

of the wing covered by the fuselage. Additionally, as an approximation, 1/ (1 + τ) will be

considered equal to the wing’s Oswald efficiency, ew.

A different approach is used to compute the maximum lift coefficient. For high aspect

ratio wings with moderate sweep and large airfoil leading edge radius, the maximum wing

lift coefficient is typically 90% of the airfoil’s maximum lift coefficient. Accounting for the

coverage of the wing by the fuselage, Equation 3.46 gives the aircraft’s maximum lift coeffi-

cient.

CL = 0.9Cl

(
Sexpose

S

)
(3.46)

The second step is to compute the aircraft’s drag coefficients using the Equation 3.47,

where the total drag is the sum of the contributions of each component of the aircraft plus a

miscellaneous drag, which allows the user to account for extra parts.

CD = CDw + CDfus
+ CDtail

+ CDlg
+ CDmisc (3.47)

In the case of low Reynolds, wing drag is divided into two components, parasite and in-

duced drag. The parasite drag is assessed using the airfoil’s drag coefficient derived from

XFOIL analysis. Meanwhile, induced drag is determined utilizing the Oswald span efficiency

method. The wing drag is then represented by Equation 3.48.

CDwing = CDparasite + CDinduced
= Cd +

C2
L

πAe
(3.48)

As the tail and fuselage are not considered to produce lift, they only cause parasite drag.

This parasite drag is computed by the component buildup method, where the flat-plate skin

friction coefficient, Cf , and the component ”form factor”, FF , which estimates the pressure

drag due to viscous separation, are calculated. The interference effects on the drag are cal-
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culated as a factor Q, thus the parasite drag is estimated by Equation 3.49.

CD =
Cf FF Q Swet

S
(3.49)

The measurement of the skin-friction drag requires the consideration of the flow condi-

tions across the aircraft’s surfaces. In a composite aircraft with a carefully design, the laminar

flow covers around 50% of the wings and tails, as well as 25% of the fuselage. Equation 3.50

describes the skin friction coefficient for laminar flow regions, whereas Equation 3.51 is used

for turbulent flow regions.

Laminar : Cf = 1.328/
√
Re (3.50)

Turbulent : Cf =
0.455

(log10Re)2.58
(3.51)

The formulations in Equations 3.50 and 3.51 are naturally dependent on the Reynolds

number,Re, which acts as an indicator for flow type. Equation 3.52 determines the Reynolds

number by dividing the product of characteristic length, l, and velocity, V , by the ratio of the

air’s density and viscosity, ν. The characteristic length, l, assumes the value of the chord, c,

for wings and tails, and the fuselage length, lfus, for the fuselage.

Re =
V l

ν
(3.52)

In instances where the skin surface is particularly rough, the flow tends to bemore turbu-

lent. This correction is done by introducing a hypothetical ”cutoff Reynolds number,” which

is calculated by Equation 3.53 using the characteristic length l and a skin-roughness param-

eter k. For a smooth molded composite, k is assumed to be 0.052× 10−5 m. If the estimated

cutoff Reynolds number is less than the actual Reynolds number, the roughness amplifies

the drag. Hence, the cutoff Reynolds number is used in Equations 3.51 and 3.50.

Rcutoff = 38.21 (l/k)1.053 (3.53)

To account for the pressure drag induced by the flow separation, the estimated flat-plate

skin-friction coefficient must be increased. This modification is done by an empirical ”form
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factor,” which is developed from a combination of theoretical and empirical findings. Equa-

tions 3.54 and 3.55 define the form factor for estimating drag in subsonic flow.

Wing and tail : FF =

[
1 +

0.6

(x/c)m

(
t

c

)
+ 100

(
t

c

)4
]

(3.54)

Fuselage : FF =

(
0.9 +

5

f1.5
+

f

400

)
(3.55)

where,

f =
l

d
=

l√
(4/π)Amax

(3.56)

The interaction among the components also increases the aircraft’s drag. This interfer-

ence drag is denoted by the symbol Q in Equation 3.49. The interference effects on tail sur-

faces range from approximately 3% for a clean V-tail to 4− 5% for a standard tail configura-

tion. Conversely, negligible interference is observed in high, mid, or well-faired low wings,

resulting in a Q factor close to 1.0. Similarly, the interference factor of the fuselage remains

low in most scenarios, hence yielding Q = 1.0.

The drag method described above is suitable for streamlined objects like wings, tails,

and fuselages. However, for objects like the landing gear, experimental data and empirical

approaches are used, where drag is expressed as the drag-to-dynamic pressure ratio (D/q),

also known as ”drag area”.

Reference [59] provides the drag coefficient, CDwheel
, based on the wheel frontal area

for a retracted wheel in the fuselage. The drag-to-dynamic pressure ratio is calculated by

multiplying the wheel area by the drag coefficient. The landing gear parasite drag coefficient

is calculated by dividing (D/q) by the wing reference area, as shown in Equation 3.57.

CDld
=

CDwheel
Swheel

S
(3.57)

The final step to solve the motion equations is to estimate the thrust, T , produced by

the propulsion system. For an electric propelled aircraft, the output thrust depends mainly

on the air density, free stream velocity, and the thrust setting, T = T (ρ, V, δ). Thus, thrust

studies are conducted through wind tunnel tests.

These tests evaluate the thrust values at different free stream velocities whilemaintaining
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constant air density and thrust settings. If assumed that the effect of air density variations

on thrust during the competition course is negligible. Then, if the atmospheric conditions

during the tests are similar to those encountered during the course, thrust data from wind

tunnel tests can be applied directly.

Also, within the competition course, each flying phase requires maximum thrust from

the propulsion system. Thus, the thrust setting is always set at full throttle. Simplifying, the

propulsion system equation to be solely dependent on the free stream velocity, T = T (V ).

The work of Zombori [60] provides the thrust data for the propulsion system used in case

studies. Figure 3.6 depicts this data.

Figure 3.6: Wind tunnel full throttle thrust as functions of the free-stream velocity.

A polynomial approximation approach is used to estimate the thrust at different free-

stream velocities. A satisfactory approximation is achieved using a second-degree polyno-

mial, presented in Equation 3.58.

T (V ) = −0.0045V 2 − 0.2554V + 14.964 (3.58)

3.4 Optimization Set Up

Particle Swarm Optimization with inertia weight (PSO-IW) is the optimization approach

used in this work and described in Section 2.3. This optimization strategy was incorporated

into the XOPTFOIL algorithm [48], with Palmeira’s slight adjustments outlined in [47]. This

section describes the implementation of the PSO in the selected tool.
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In airfoil optimization, each ith particle within the population Npop defines an airfoil

through its position vector Xi, expressed by an array of design variables. These particles,

during the optimization, iteratively evolve by the process described in Section 2.3.2 and sum-

marized by equations 2.5.

During the optimization, three distinct types of inertial weight are implemented. The

first type, designated as ”standard”, employs a linearly decreasing inertial weight strategy,

defined by the recursive Equation 3.59.

w(t+ 1) = w(t) + wrate (3.59)

In addition, the other two types, labeled ”exhaustive” and ”quick”, utilize a natural ex-

ponent inertial weight, as depicted by Equation 2.8a and described in Section 2.3.3. The

implementation of these variants also follows a recursive formula outlined by Equation 3.60.

w(t+ 1) = w(t)− wrate(w(t+ 1)− wend) (3.60)

In addition to varying the inertial distributions, the distinct settings also employ different

inertial weight ranges, [wstart, wend], as well as different cognitive c1 and social c2 parameters

within PSO optimization equations, see Equation 2.5. The classification of each type is sum-

marized in Table 3.1.

Table 3.1: Parameters of different types of optimization.

Parameter c1 c2 wstart wend wrate

Standard 1.49 1.49 0.9 0.4 wend−wstart

tmax−1

Exhaustive 1.4 1.0 1.8 0.8 0.02

Quick 1.2 1.2 1.4 0.6 0.05

Upon tuning the PSO optimization, it proceeds to compute the particle’s initial positions

and velocities. This process begins by setting the upper xd,max and lower xd,min bounds of

each design variable. These limits are defined by Equation 3.61, which incorporates both

relative perturbation (ξrel) and absolute perturbation (ξabs) terms set by the user. This pro-

cedure is performed for the total number of design variables, NDV .
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xmax,d = xseed,d + xseed,d ξrel + ξabs , ∀d ∈ [1, NDV ] (3.61)

xmin,d = xseed,d − xseed,d ξrel − ξabs , ∀d ∈ [1, NDV ] (3.62)

The initial population is then generated randomly within the limits defined for the design

variables, as outlined in Equation 3.63. Note that rand(0,1) acts as an uniformly random

function from the interval [0, 1].

xi,d(0) = (xmax,d − xmin,d) rand(0,1) + xmin,d , ∀d ∈ [1, NDV ] , ∀i ∈ [2, Npop] (3.63)

However, there is an exception to ensure that at least one particle fulfills all the con-

straints imposed. So the initial population’s first particle is set equal to the seed airfoil. This

process is essential to guarantee that the optimization establishes the global best and forces

convergence to positions near it.

x1,d(0) = xseed,d , ∀d ∈ [1, NDV ] (3.64)

The process of generating the particle’s initial velocity adheres to a similar principle uti-

lized for the initial positions. Each particle’s velocity is determined by the product of a uni-

formly random function sampled from [−1, 1], denoted as rand(−1,1), and the maximum ve-

locity input, vmax, as described in Equation 3.65.

vi,d(0) = vmax rand(−1,1) , ∀d ∈ [1, NDV ] , ∀i ∈ [1, Npop] (3.65)

Equations 2.5, combined with the Equations 3.63 and 3.65, might generate particles be-

yond the established boundaries. Thus, to handle such constraints, the particle’s position

and velocity are updated to bring them into the design space, as described by Juárez-Castilho

[61]. For the position is used a technique known as projection, where the design variables

are changed to the violated boundary value. For the velocity the direction is reverted, forcing

the particle to go back, and the magnitude is multiplied by an uniformly random function

from [0,1], rand(0,1), a method known as random back. This constraint handling for each

particle’s design variable is summarized in Equations 3.66 and 3.67.
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xi,d(t) =


xmax,d , if xi,d(t) > xmax,d

xmin,d , if xi,d(t) < xmin,d

, ∀d ∈ [1, NDV ] , ∀i ∈ [1, Npop] (3.66)

vi,d(t) =


−vi,d(t)rand(0,1) , if xi,d(t) > xmax,d

−vi,d(t)rand(0,1) , if xi,d(t) < xmin,d

, ∀d ∈ [1, NDV ] , ∀i ∈ [1, Npop] (3.67)

Another constraint that remains to be addressed is the particles’maximumvelocity. When

a particle’s velocity exceeds the maximum value, the modulus of its velocity vector, Vi, is

changed to comply with the imposed velocity limit, Equation 3.68. This bound prevents the

particle from moving rapidly away from the reference.

Vi(t) =
Vmax

||Vi(t)||
Vi(t) , ∀i ∈ [1, Npop] (3.68)

The optimization process stops when one of the stop conditions is triggered. The algo-

rithm contains two separate stop conditions, each of them being sufficient to end the opti-

mization:

• Reaching the maximum number of iterations, tmax .

• Achieving population convergence. The population diversity is assessed using the de-

sign radius r, and once r reaches the predefined limit rlimit, the population is consid-

ered converged.

To compute the design radius, it is necessary to scale every design variable between [-1,1]

based on the design limits, as outlined in Equation 3.69.

x̄i,d = −1 + 2(xi,d − xmin,d)/(xmax,d − xmin,d) , ∀d ∈ [1, NDV ] , ∀i ∈ [1, Npop] (3.69)

Subsequently, the centroid of each design variable, x̄c,d, is calculated using Equation 3.70.

x̄c,d =

∑Npop

i=0 x̄i,d
Npop

, ∀d ∈ [1, NDV ] (3.70)
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Lastly, the design radius is expressed as the population average distance between the

position vector X̄i and the centroid vector X̄c divided by the number of design variables for

each particle, as defined in Equation 3.71.

r =

∑Npop

i=0
||X̄i−X̄c||

NDV

Npop
(3.71)
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Chapter 4

Case studies analysis

This chapter reveals and discusses the results of the applied approach across three sep-

arate sections. The Section 4.1 presents the general features of the aircraft and the score

obtained in the competition, as well as the competition characteristics. Section 4.2 evaluates

the PSO-IW algorithm alongside the newly implemented objective function. This includes

assessing the impact of some PSO-IW parameters on design space exploration and also ex-

amining the effect of a new objective function on the optimized airfoil. Finally, the Section

4.3 examines the effect of different initial conditions on the optimization outcome.

4.1 Aircraft and competition features

The ACC handbook [1] provides details on the competition area, including flight limits,

and runway type and dimensions, which are summarized in Table 4.1.

Table 4.1: Airfield characteristics.

Flight area

length

Flight area

width

Runway

altitude

Runway

pavement

Max runway

length

Max climb

altitude

[m] [m] [m] − [m] [m]

375 425 474 Grass 60 120

Also available from the organizing team, the official results [62] provide the best perfor-

mance of the UBI team aircraft across the five rounds, along with the highest values achieved

by any aircraft, used as reference points. These values are compiled in Table 4.2.

Table 4.2: Competition performance and reference values.

Wpayload ∆h dist Wpayload,ref ∆href distref

[N] [m] [m] [N] [m] [m]

31.47 101 3255 31.47 100 3255

The characteristics of the composite aircraft developed to participate in the ACC competi-

tion and shown in Figure 1.2 are presented in Tables 4.3, 4.4, and 4.5. Table 4.3 presents an

overview of the aircraft’s general features and its wing. It lists the aircraft’s empty weight

Wempty, as well as the wing area S, aspect ratio A, Oswald efficiency factor ew, exposed
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area Sexpose, and the airfoil used. Additionally, it provides the maximum payload weight

Wpayload,max, based on the aircraft’s compartment capacity, and theminimumpayloadweight

Wpayload,min, required to achieve longitudinal stability.

Table 4.3: Aircraft general characteristics.

Wtotal Wempty Wpayload,min Wpayload,max S A ew Sexpose Wing airfoil

[N] [N] [N] [N] [m2] − − [m2] −

41.59 23.92 11.77 32.36 0.426 11.3 0.98 0.402 S9000

Table 4.3 focuses on the fuselage dimensions, including height hfus, width wfus, length

lfus, and exposed surface area Swetted,fus, along with fuselage characteristics such as skin

roughness kfus and interference factorQfus. Furthermore, it covers the landing gear dimen-

sions and characteristics, including the wheel frontal area Awheel and the drag-to-dynamic

pressure ratioD/qlg.

Table 4.4: Fuselage and landing gear characteristics.

hfus wfus lfus kfus Swetted,fus Qfus Awheel (D/q)lg

[m] [m] [m] [m] [m2] − [m2] −

0.175 0.124 0.710 6.34E-6 0.274 1.0 0.0024 0.09

Finally, Table 4.4 details the tail configuration and dimensions, such as the mean chord

ctail, and surface area Stail. In addition, the tail airfoil and its characteristics are presented,

including the maximum thickness chord ratio (t/c)tail, and the maximum-to-thickness rela-

tive position (x/c)m,tail.

Table 4.5: Tail characteristics.

Configuration Airfoil ctail Stail (t/c)tail (x/c)m,tail ktail

− − [m] [m2] − − [m]

V-tail NACA0009 0.125 0.027 0.09 0.3 6.34E-6

Based on the aircraft performance data from the competition, presented in Table 4.2, the

flight conditions in each phase can be approximated. Table 4.6 outlines the take-off condi-

tion, including the runway altitude hrunway and length used for take-off sto, along with the

loaded payload Wpayload. It also details the take-off properties, such as the aircraft’s maxi-

mum lift coefficient CLmax , which determines the stall speed VS , and the rotation factor A1,

which sets the lift-off speed Vlo and the average run speed Vav. Additionally, it shows the

aircraft’s lift coefficient (CLrun), drag coefficient (CDrun), and thrust force (Trun) under the

ground run condition. Finally, Table 4.6 includes the airfoil take-off conditions, such as the
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maximum lift coefficient CLmax , the ground run airfoil lift Clrun , and drag Cdrun coefficients,

in addition to their respective angle of attack αlo and αrun, and flap deflection δlo and δrun.

It is important to note that the normal friction coefficient of a grass runway is µ = 0.07,

as indicated by [58]. However, during the competition, the aircraft experienced difficulties

due to tufts of grass, which interfered with the acceleration on the runway. Therefore, the

friction coefficient was adjusted to µ = 0.2626 to better portray the actual performance of the

aircraft during the competition.

In addition, an extra drag coefficient Cdextra is introduced to account for aerodynamic

factors not considered by the implemented model. These factors include the rear slope and

the pressure drag associated with the aft section of the fuselage, along with the discontinu-

ities between components and manufacturing imperfections. The inclusion of Cdextra is also

necessary tomatch the aircraft’s estimated performance with the competition score, outlined

in Table 4.2.

Table 4.6: Take-off condition.

hrunway sG Wpayload δlo Clmax CLmax VS A1 VLOF

[m] [m] [N] [deg] − − [m/s] − [m/s]

474.0 60.00 17.67 25.00 1.713 1.455 10.71 1.100 11.78

Vav δrun αrun Clrun Cdrun CLrun CDrun Trun µ

[m/s] [deg] [deg] − − − − [N] -

8.330 0.000 7.000 1.033 0.02022 0.9743 0.06498 12.52 0.263

For the climb phase, Table 4.7 exposes the condition where the aircraft has its maximum

rate of climb RCmax, considering an average altitude hclimb. In this condition, the horizon-

tal speed where the best rate of climb is achieved VRCmax , the aircraft lift CLclimb
, and drag

CDclimb
, coefficients, and the drag Dclimb, and thrust Tclimb, forces are presented. Also, the

airfoil’s lift Clclimb
and drag Clclimb

coefficients are presented with the corresponding attack

angleαclimb, flaps deflection δclimb, andReynolds numberReclimb, in which they are achieved.

Table 4.7: Climb condition.

hclimb RCmax VRCmax δclimb αclimb Reclimb

[m] [m/s] [m/s] [deg] [deg] −

524.0 2.838 15.53 4.000 1.801 1.924E5

Clclimb Cdclimb CLclimb CDclimb Dclimb Tclimb

− − − − [N] [N]

0.7400 0.009400 0.6981 0.03880 2.312 9.910
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Regarding the free flight phase, it is divided into two conditions. Table 4.8 refers to the

level flight component that includes the aircraft lift CLcruise and drag CDcruise coefficients,

and the drag Dcruise and thrust Tcruise forces for the maximum speed Vmax. Furthermore,

the airfoil’s lift Clcruise and drag Clcruise coefficients are presented, as well as the angle of

attack αcruise, flaps deflection δcruise, and Reynolds number Recruise.

Table 4.8: Level flight condition.

hcruise Vcruise δcruise αcruise Recruise Clcruise Cdcruise CLcruise CDcruise Tcruise

[m] [m/s] [deg] [deg] − − − − − [N]

574.0 27.91 0.000 -0.9559 3.451E5 0.2293 0.006647 0.2164 0.02254 4.332

Similarly, Table 4.9 refers to the other free flight phase, the sustained turn, and includes

the aircraft liftCLturn and dragCDturn coefficients, and the dragDturn and thrust Tturn forces

for themaximum turn speed Vturn. The airfoil’s liftClturn and dragClturn coefficients are also

provided, along with the angle of attack αturn, flaps deflection δturn, and Reynolds number

Return.

Table 4.9: Sustained turn condition.

hturn Vturn nturn δturn αturn Return Clturn Cdturn CLturn CDturn Tturn

[m] [m/s] − [deg] [deg] − − − − − [N]

574.0 26.71 2.000 0.000 1.567 3.303E5 0.5008 0.007006 0.4725 0.02803 4.934

4.2 Case study 1 - Particle Swarm Optimization

4.2.1 Objective and problem definition

This chapter serves two purposes. First, it intends to evaluate the algorithm’s perfor-

mance across multiple PSO-IW setups through a series of experimental tests. These multi-

ple optimizations try to establish a foundation for understanding the disparity between runs,

which is critical for predicting possible result dispersion in future optimization situations.

Second, this case study examines the proposed method using the outcomes of several ex-

ecutions. This study will not only provide insight into the current strengths and weaknesses

of the current optimization problem but will also serve as a guide for future enhancements.

To properly configure an inertial weight particle swarm optimization (PSO-IW) algo-

rithm, it is important to adjust key variables, such as the number of iterations, population

size, inertia weight distribution, and thrust factors that govern particle behavior. Moreover,
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setting the particle’s maximum velocity and ensuring sufficient design constraints are im-

portant to establishing the design space. All of these variables must be balanced with the

available computational resources to achieve an accurate and efficient optimization.

Piotrowski investigates the influence of a population size on several single-objective PSO

algorithms in [63]. The study reveals that swarms with less than 40 individuals tend to per-

formpoorly when solving real-world problems using PSO-IW.On the other hand, larger pop-

ulations, between 70 and 500 individuals, generate better optimized results. However, to

employ such large swarms, a lot of computational power is required to ensure an optimiza-

tion within a feasible time frame. For the presented analysis, a population size of 40 particles

was selected, taking into consideration the computational resources available, which is con-

sistent with Palmeira’s options in [47].

The computational power and the available time for the optimization also impose limits

on the number of iterations that the population undergoes. To achieve an algorithm that

balances accuracy and efficiency, a total of 500 iterations was selected, also consistent with

the work of Palmeira [47].

In this case study, two different exponential inertial weight curves will be examined and

compared to the standard linear distribution, one of the most commonly used approaches in

various applications and originally proposed by Shi and Eberhart in their pioneering work on

PSO-IW [31]. The exponential distribution is initially used to disperse the particles through

the design space for a good exploration. Then, as the inertial weight values rapidly decrease,

to gradually converge the particles into the optimal design. In contrast, a linear curve pro-

vides a smoother transition between exploration and exploitation stages [37]. The three in-

ertial weight distributions are already integrated into the program, as detailed in Section 3.4.

Table 3.1 compares the exponential distribution parameters with the standard distribu-

tion. Both exponential distributions have a lower sum of the thrust factors, leading to a

quicker convergence towards the particles’ reference values. Yet, this is compensated by

higher initial and final inertial values compared to the standard distribution. These con-

clusions are based on data detailed in Section 2.3.3.

Between the two exponential distributions, the ”exhaustive” distributionhas both ahigher

initial and final inertial weight distribution value than the ”quick” distribution. Thus, as im-

plied by its name, the exhaustive distribution will disperse the particles more and converge

themmore slowly than the quick distribution. Furthermore, the exhaustive distribution em-

phasizes more the particles’ own thinking by increasing the relative weight assigned to the

cognitive thrust factor compared with the social factor. This lowers the convergence rate in
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the exhaustive distribution even more.

In conclusion, the case study is interesting to check if lower thrust factors of the expo-

nential distribution are balanced by the greater inertia weights, as well as to analyze who

produces the best score and consistency.

4.2.2 Optimization set up

The initial stage in this study is to carefully choose the operating point conditions for

optimization. This stage is critical since the definition of these conditions has amajor impact

on the optimization outcome. Consequently, the operating point conditions are established

based on the actual flight conditions experienced by the aircraft during competition. Table

4.10 summarizes the operating points defined for optimization.

Table 4.10: Initial operating conditions for Case study 1.
Operating points Re α Cl M hinge x δ

1 151000 5º to 9º , step 1º − 0.03 0.80 25.00

2 107000 7º − 0.02 0.80 0.00

3 151000 − 1.20 0.03 0.80 4.00

4 162000 − 1.05 0.04 0.80 4.00

5 174000 − 0.90 0.04 0.80 4.00

6 191000 − 0.75 0.04 0.80 4.00

7 214000 − 0.60 0.05 0.80 4.00

8 302000 − 0.60 0.07 0.80 0.00

9 315000 − 055 0.07 0.80 0.00

10 331000 − 0.50 0.08 0.80 0.00

11 348000 − 0.45 0.08 0.80 0.00

12 234000 − 0.50 0.05 0.80 0.00

13 302000 − 0.30 0.07 0.80 0.00

14 331000 − 0.25 0.08 0.80 0.00

15 370000 − 0.20 0.09 0.80 0.00

The purpose of setting the first two operating points is to maximize the payload capac-

ity by optimizing the take-off flight stage. The first point specifically focuses on finding and

improving the maximum lift coefficient. The second point is to improve the average aerody-

namic coefficients in the ground run configuration with a 7 degree angle of attack.

The third through seventh points are used to estimate and enhance the best climb speed

and the time required to accelerate to the corresponding horizontal speed. Since the refer-

ence best climb speed is reached at Cl of 0.74, as specified in Section 4.1, one point closer,

below and above this value, are necessary. Furthermore, to estimate and improve the ac-

celeration phase, two additional higher points are added. Given the wide range of Cl values
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involved in the advancement of the climb flight phase, a step of 0.15 is used to properly dis-

tribute the operating points.

The estimation and optimization of the traveled distance are divided into two compo-

nents. The eighth to eleventh points are responsible for optimizing the sustained turn speed.

The reference turn condition has a Cl of 0.5008, so points closer, lower, and higher than the

reference are chosen with a step of 0.05 Cl. Additionally, since it is more difficult to increase

speed than to decrease it, a fourth point with a Cl of 0.6 is added.

Finally, the twelfth through fifteenth points are used to optimize the cruise speed. For

level flight, in the reference condition, the lift coefficient is Cl = 0.2293. To maintain con-

sistency, one point slightly below and above this value are chosen, rounding them to the

nearest multiple of 0.05. Furthermore, following the same logic as in the sustained turn

optimization, an additional higher point is added to account for large declines in the cruise

speed. Additionally, a third higher point is included to estimate the acceleration time from

the climb speed to the cruise speed. This point is positioned approximately between the last

defined point and the closest point to the climb speed reference.

The next stage involves the airfoil parameterization and design variables. A B-spline ap-

proach, described in Section 3.2.3, is used based on Palmeira’s results, which have shown

to be the more effective parameterization method. Each airfoil surface is characterized by

a third degree B-spline with 8 control points. The control points’ x-coordinates are fixed

and spread according to a cosine distribution. Since both the leading and trailing edges are

fixed, as stated in Section 3.2.3, this generates 6 design variables per surface, which are the

z-coordinates of the control points between the leading and trailing edges.

Furthermore, the position of the flap hinge and the flap deflection in three distinct flight

phases are also optimized, adding 4 additional design variables to the 12 required to define

the airfoil surface. Table 4.11 provides the initial design variables, enumerated sequentially

from the leading edge to the trailing edge.

Table 4.11: Initial design variables.
Top - 1 Top - 2 Top - 3 Top - 4 Top - 5 Top - 6

0.024245 0.058612 0.101504 0.102389 0.070469 0.034597

Bot - 1 Bot - 2 Bot - 3 Bot - 4 Bot - 5 Bot - 6

-0.009835 -0.024519 -0.012103 0.012543 0.026109 0.026518

hingex δtake−off δclimb δcruise

0.8000 25.00 4.000 0.000

The design space for the optimization is established by the types of constraints imposed.
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The first, mentioned in Section 3.4, Equation 3.69 limits the control points’ z coordinates. On

top of that, to avoid the optimization from converging into unfeasible designs, the following

geometric constraints are defined:

• The maximum allowable thickness ratio is constrained between 0.09 and 0.25;

• Two additional thickness constraints are imposed at the x/c positions of 0.9 and 0.8,

with minimum thicknesses of 0.0152 and 0.0328, respectively;

• The camber is restricted to a range between -0.1 and 0.8;

• Theminimum, maximum and difference allowable values of the leading edge angle are

60, 89.99 and 20 degrees, respectively;

• The minimum trailing edge wedge angle is set at 5 degrees;

• The number of curvature reversals on the top and bottom surfaces is limited to 2 and

3, respectively;

• The bottom surface of the airfoil’s flap hinge location is limited to a range between 0.7

and 0.9 along its x/c position;

• Lastly, the flap deflection angle has a range of -10 to 25 degrees.

4.2.3 Results and discussion

The resulting airfoil shapes from the multiple runs are presented in Figure 4.1, along-

side the initial airfoil. Table 4.12, which compares the performance score and airfoil shape

consistency across several PSO-IW configurations, shows that the standard and exhaustive

settings provide better andmore consistent results comparedwith the quick option. The data

in the Table 4.12 depicts the clear superiority of the exhaustive and standard options, which

achieve better average performance metrics and lower discrepancies between scores of the

multiple runs. The better consistency of results is also confirmed by a smaller design radius

from the average airfoil. Furthermore, Table 4.12 also attributes a slightly better result to the

exhaustive configuration compared with the standard option in all parameters, except in the

higher score that was achieved by the standard setting.

These differences can be explained by the design radius history displayed in Figure 4.2.

In this figure, the exhaustive option maintains a higher design radius for a greater number

of iterations. Thus, keeping the optimization in an exploration state for an extended period.
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This prolonged exploration state increases the probability of finding the global maximum re-

gion, thus obtainingmore consistent results. Conversely, the quick setting converges rapidly

to a solution, resulting in an unreliable design.

Table 4.12: PSO configurations results for Case 1.

Option
Lower Average Upper Absolute score Relative score Design

score score score different different radius

Standard 886.7 890.1 895.0 4.863 0.5463 3.632e-3

Quick 872.8 880.5 889.5 9.057 1.029 7.193e-3

Exhaustive 889.8 892.5 893.8 2.687 0.3011 3.335e-3

The standard option acts as a middle term, with the particles’ dispersion lower than the

exhaustive setting and a slower convergence than the quick setting. This gives the standard

option a good probability to find the global maximum zone and also time to converge into it.

This balance can probably justify the standard option of obtaining the best score among all

runs. Although the exhaustive can find the global maximum zone more times as it converges

slowly, it needs more iterations than the standard option to convert into the best score.

The importance of the initial particle dispersion in identifying the global maximum is

confirmed by Figure 4.3. This figure illustrates the evolution of the objective value through-

out the multiple iterations, where it becomes evident that significant improvements occur

during the early stages of the optimization process.

In summary, it is clear that, while the exhaustive optimization option needs additional

iterations to converge, it yields the most consistent results. However, if optimization time

is a crucial factor, the standard technique is a feasible option since it produces good results

with fewer iterations than the exhaustive method.

Figure 4.1 also illustrates a pattern in the optimization, where both the airfoil’s maximum

thickness and camber increase. In accordance to Tables 4.14, 4.15, and 4.16, this tendency

aims to raise the payload score by increasing the maximum lift coefficient. The increase

allows the aircraft to carry a heavier cargo while preserving the required performance for

lift-off in the specified runway length. However, this improvement comes at the expense of

other features. The first trade-off is the decrease in the rate of climb. This consequence is

not very significant because the reminding rate can still reach an altitude of 100 m, thereby

achieving the maximum score in this phase. Secondly and more notably, the improvement

in the payload score comes at the cost of the distance traveled during the 120 seconds flight.

The increased airfoil thickness and camber reduce the airfoil’s aerodynamic efficiency in free

flight phase, thereby decreasing the maximum speed in this phase.
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.1: Optimized airfoils and the original airfoil (S9000) comparison for all case studies.
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.2: Design radius history for all study cases.
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.3: Objective value history for all study cases.
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Another finding is revealed in Table 4.16. Because of the raise in the aircraft’s lift-off

weight from the payload improvement, the lift coefficient in both level and sustained turn

conditions naturally increases. However, in the case of the sustained turn, the increase in lift

coefficient is somuch that it reaches the upper limit established for the turn optimization. In

order to maintain a reliable estimate of the sustained turn conditions, the algorithm limits

the lift coefficient to the specified range. As a result, the tendency to increase the airfoil

maximum thickness and camber could go even further if this range were expanded. This

demonstrates the significance of selecting the starting airfoil and emphasizes the need for a

preliminary analysis of the airfoil that is optimized.

Table 4.13: Flap settings results for Case 1.
Case study hingex δtake−off δclimb δcruise

S9000 0.800 25.00 4.000 0.000

Standard 1 0.700 24.92 -2.81 -3.73

Standard 2 0.821 21.92 0.65 -10.0

Standard 3 0.796 24.87 7.74 -7.12

Standard 4 0.736 25.00 -3.82 -5.51

Standard 5 0.737 24.85 -9.10 -6.85

Quick 1 0.772 18.11 -2.33 -5.79

Quick 2 0.751 24.81 0.46 -2.44

Quick 3 0.786 24.85 4.13 -3.97

Quick 4 0.814 21.06 3.53 -9.35

Quick 5 0.774 21.79 7.75 -9.12

Exhaustive 1 0.768 23.91 3.58 -9.99

Exhaustive 2 0.776 22.97 2.46 -9.40

Exhaustive 3 0.802 24.69 -2.42 -9.92

Exhaustive 4 0.714 24.96 3.24 -4.69

Exhaustive 5 0.772 23.58 3.55 -7.38

The Table 4.13 compares the optimized flap settings with the original configuration. The

comparison reveals a tendency toward maintaining or slightly decreasing the flap hinge po-

sition. Also during lift-off, the flap deflection tends to approach the maximum allowable

value, and while in cruising, the flap exhibits a negative deflection. During the climb, the

flap deflection is on average close to zero, although it fluctuates significantly throughout the

multiple runs. This fluctuation can be explained by the large step size of 0.15 Cl between the

operating points. While the big step size is required to cover a wide range of possible climb

conditions, it makes it difficult to determine the real best rate of climb.
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Table 4.14: Take-off conditions results for Case 1.

Case studies
Spayload Wtotal Wpayload αto Clmax VS VLOF Clrun Cdrun Vrun

− [N] [N] [deg] − [m/s] [m/s] − − [m/s]

Reference 561.5 41.59 17.67 7.000 1.713 10.71 11.78 1.033 0.02022 8.330

Standard 1 689.2 45.61 21.69 9.000 2.026 10.31 11.34 1.472 0.02149 8.022

Standard 2 712.5 46.34 22.42 8.000 1.898 10.74 11.81 1.662 0.02785 8.354

Standard 3 682.8 45.41 21.49 9.000 1.911 10.60 11.65 1.491 0.02293 8.241

Standard 4 698.4 45.90 21.98 9.000 2.077 10.22 11.24 1.535 0.02771 7.947

Standard 5 701.2 45.99 22.07 9.000 1.964 10.56 11.62 1.575 0.02432 8.216

Quick 1 646.2 44.26 20.34 9.000 1.922 10.43 11.47 1.357 0.02966 8.111

Quick 2 629.3 43.73 19.80 9.000 1.847 10.58 11.63 1.261 0.02036 8.226

Quick 3 642.4 44.14 20.21 9.000 1.879 10.53 11.59 1.307 0.02068 8.193

Quick 4 699.2 45.92 22.00 8.000 1.980 10.47 11.51 1.572 0.02777 8.141

Quick 5 689.5 45.62 21.70 8.000 2.058 10.23 11.27 1.490 0.02634 7.959

Exhaustive 1 701.3 45.99 22.07 9.000 2.113 10.14 11.15 1.528 0.02637 7.887

Exhaustive 2 702.3 46.02 22.10 9.000 2.069 10.25 11.28 1.577 0.03116 7.973

Exhaustive 3 708.8 46.20 22.28 9.000 2.019 10.40 11.44 1.613 0.02983 8.087

Exhaustive 4 707.8 46.19 22.27 9.000 2.129 10.13 11.14 1.599 0.03362 7.876

Exhaustive 5 705.2 46.11 22.28 9.000 2.181 9.994 10.99 1.558 0.03191 7.773

Table 4.15: Climb conditions results for Case 1.

Case studies
Sclimb alt RCmax Vclimb Clclimb Cdclimb taccel

− [m] [m/s] [m/s] − − [s]

Reference 1000 100.0 2.821 15.39 0.750 0.00935 1.880

Standard 1 1000 100.0 2.480 16.12 0.750 0.01082 2.850

Standard 2 1000 100.0 2.321 13.73 1.050 0.01477 1.127

Standard 3 1000 100.0 2.243 12.72 1.200 0.02078 0.615

Standard 4 1000 100.0 2.444 16.17 0.750 0.01145 3.002

Standard 5 1000 100.0 2.423 16.19 0.7500 0.01213 2.081

Quick 1 1000 100.0 2.534 15.88 0.750 0.01285 2.571

Quick 2 1000 100.0 2.639 15.78 0.750 0.01000 2.320

Quick 3 1000 100.0 2.547 14.48 0.900 0.01221 1.588

Quick 4 1000 100.0 2.223 13.67 1.050 0.02369 1.284

Quick 5 1000 100.0 2.225 13.63 1.050 0.02492 1.404

Exhaustive 1 1000 100.0 2.304 13.68 1.050 0.01757 1.467

Exhaustive 2 1000 100.0 2.277 13.69 1.050 0.01936 1.436

Exhaustive 3 1000 100.0 2.404 14.81 0.900 0.01258 2.016

Exhaustive 4 1000 100.0 2.307 13.71 1.050 0.01644 1.538

Exhaustive 5 1000 100.0 2.297 13.70 1.050 0.01754 1.615
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Hence, instead of optimizing the flap deflection at the real best climb condition, the al-

gorithm optimizes the maximum rate of climb at one of the predetermined operating points.

Such consideration can also be made in determining the flap deflection that maximizes the

lift coefficient of the airfoil. However, the use of smaller steps in the take-off optimization

mitigates this issue.

Figures 4.5 to 4.9 display the polars of the optimized airfoil compared to the initial air-

foil across all the flight conditions encountered during the competition. These polars clearly

demonstrate the impact of increasing airfoil thickness and camber with a rise of the maxi-

mum lift coefficient in all graphs. The images also show the consequences, with images 4.8

and 4.9 depicting clearly the increment of drag across the free flight conditions. Further-

more, the polar in Figure 4.9 highlights the impact of reaching the lift coefficient upper limit

for the sustained turn. This appears to result in a localized improvement at the expense of

neighboring points.

Another singular improvement is verified in the climb operating point, Figure 4.7. This

localized enhancement is explained by the weight assigned to this operational point, which

is responsible for integrating the acceleration time to climb speed and allowing the aircraft

to achieve the target altitude. Although the aircraft effortlessly achieves the desired altitude,

any remaining time after the climb can be utilized to accelerate the aircraft towards maxi-

mum speed. Thus giving the climbing operating point relevance, as it can greatly affect two

scores. This, combined with an increase in the lift coefficient that provides the best rate of

climb, makes this point more relevant to the acceleration time estimation with each itera-

tion. This indicates that the acceleration method used in an effort to achieve a more realistic

representation of the competition flight can be adverse to optimization if the solution is too

far away from the original airfoil.

In conclusion, the effectiveness of the implemented approach is strongly dependent on

the original airfoil. The aerodynamic properties of the original airfoil must be considerably

similar to those of the optimized design. While this may appear to be a major limitation, any

technique that sets the Reynolds and/or Mach number cannot allow the final conditions to

deviate significantly from the original. Otherwise, the resulting airfoil would be developed

for circumstances that will never occur in
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.4: Comparison of drag polars in the ground run configuration (Re = 1.07e5 and
M = 0.02) between the original and optimized airfoils for all study cases.
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.5: Comparison of drag polars in the take-off configuration (Re = 1.51e5 andM =
0.03) between original and optimized airfoils for all study cases.
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.6: Comparison of lift coefficient vs α in the take-off configuration (Re = 1.51e5 and
M = 0.03) between original and optimized airfoils for all study cases.
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.7: Comparison of drag polars in the climb configuration (Re
√
Cl = 1.66e5 andM =

0.04) between original and optimized airfoils for all study cases.
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.8: Comparison of drag polars in the cruise configuration (Re
√
Cl = 1.65e5 and

M = 0.08) between original and optimized airfoils for all study cases.
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(a) Standard

(b) Exhaustive

(c) Quick

Figure 4.9: Comparison of drag polars in the sustained turn configuration (Re
√
Cl = 2.34e5

andM = 0.08) between original and optimized airfoils for all study cases.
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4.3 Case study 2 - AirCargo Challenge 2022

4.3.1 Objective and problem definition

The prior case study had the purpose to evaluate the effect of the PSO-IW parameters on

the search for the optimal solution.   Additionally, the work also examined the implemented

optimization problem and the variation of the results across multiple runs.   Based on the

findings, the most effective and consistent PSO-IW configuration was selected, and the limi-

tations of the implemented objective function and the algorithm’s behavior, under conditions

similar to those experienced in competition, were identified.  

In this section, it is intended to expand the previous study and investigate the impact

of specific initial conditions on the final results. First, the acceleration estimation will be

disabled from the performance calculation, and the outcome airfoil characteristics compared

to the optimized solutions from Case 1. This action is an attempt to understand how the

addition of the acceleration estimation affects the final solution. Secondly, because one of

the conclusions fromCase 1 was the significant role of the initial airfoil in the final solution, it

is pertinent to rerun the algorithm using another airfoil shape that has more similar features

to the optimized shapes from the previous section. An airfoil that aligns with those optimized

traits corresponds to the airfoil used in the prior edition of ACC. Consequently, this airfoil

will serve as the starting point for a new attempt at optimizing the aircraft score.

Furthermore, it is necessary to recognize that Case Study 1 benefits fromprivileged knowl-

edge, as the aircraft’s performance in the competition is known. This means that, from the

very beginning of this research, it was known that the aircraft had problems on the runway,

which prevented it from quickly accelerate during the take-off run. This setback was extrap-

olated as a rise in the friction coefficient between the aircraft and the ground.

Therefore, it appears interesting to attempt anoptimizationwithout this knowledge, repli-

cating an optimization performed in the preliminary phase of theACCaircraft design process.

With this goal in mind, it will be used the friction coefficient of 0.07, specified in [58] as the

normal friction coefficient for a grass runway.

Finally, one of the ACC team’s early decisions was to design the aircraft to use a 60 m

runway rather than a 40 m, which would result in a 10% bonus for lifting off on a shorter

runway. The choice was based on preliminary calculations, which revealed that the points

lost in the payload score from using a shorter runway were not offset by the bonus. However,

for the intended purpose of this study, it is interesting to assess this statement and explore the

take-off on a 40 m runway. This study will investigate both the observed friction coefficient

73



suffered during competition and the projected coefficient in a grass runway.

4.3.2 Optimization set up

In order to preserve the consistency, the optimizations done in Case 2 will select the op-

erational point’s conditions by applying the same framework as in Case 1. Nonetheless, the

operating points must be adjusted to account for the initial condition variations in each sce-

nario.

The payload optimization by the take-off analysis is set up using the first two points. The

maximum lift coefficient search is represented by the first point, which has a range of ±2

degrees around the angle of attack that produces the highest lift. The second point, corre-

sponding to the ground run, will remain at a 7 degree angle of attack. Even though this setup

might not be ideal, as a higher number could be needed to reach themaximum lift coefficient

for lift-off. The value is maintained constant to ensure coherence across different scenarios.

This consistency is crucial to any research work.

In the climb phase, the third to seventh points will set the best rate of climb condition

and the acceleration to the climb speed. One multiple of 0.5 closer, below, and three points

above the referencewill be used,maintaining aCl variation of 1.5 between the points. Finally,

the eighth to fifteenth operating points are used for the free flight optimization. The first

four are dedicated to the sustained turn and the subsequent four to the level flight. In the

sustained turn, the interval of 0.5 Cl between points is maintained from Case 1. Therefore,

if the reference point is very close to a multiple of 0.5, that point will be used, as well as one

point below and two above. The logic from the previous Section 4.2.3, where the Cl value

decreases more easily than it increases, is then followed. If the reference value roughly lies

between two multiples of 0.5, two values are used below and above the reference point.

For level flight, only three points are used to determine the maximum speed. If the refer-

ence point is close to amultiple of 0.5, the closest point, as well as those above and below, will

be chosen. If the reference point is between two multiples of 0.5, two points above and one

below will be selected according to the identical process described previously. The operating

points used in each scenario are presented in Annex B.

Regarding the airfoil parametrization and design variables, Case Study 2 will completely

mimic Case 1’s settings as detailed in Section 4.2.2. The B-spline method, described in Sec-

tion 3.2.3, is applied using 8 control points to define each surface of the airfoil shape. This

results in 12 design variables, to which 4 more are added to define the position of the flap

hinge and the flap deflection in three distinct flight phases. The design space is limited by
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the exact same constraints as in Case 1 and detailed in Section 4.2.2.

4.3.3 Results and discussion

The results for each optimization are provided in Tables 4.17 through 4.20 and Figures

4.11 to 4.15. For comparison purposes, the solution from the latest exhaustive optimization

run has been included in the tables. This specific run was selected because the optimized

airfoil and score performance almost matches the average values from the five optimization

runs.

(a) No acceleration case (b) Another initial airfoil case

(c) µ = 0.07 case (d) Lrunway = 40m case

(e) µ = 0.07 & Lrunway = 40m case

Figure 4.10: Optimized and original airfoil comparison for all case studies.

All scenarios under optimization have shown the same tendency as the previous case
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study. In general terms, the scenarios have increased their maximum thickness and cam-

ber to raise the lift coefficient and allow the aircraft to carry heavier loads, as shown by Table

4.18 and Figures 4.10. The trade-offs for this increase are the same as before, both the rate

of climb and the distance traveled, as shown in Tables 4.19 and 4.20. Furthermore, almost

every case has converged close to the Cl limit for the sustained turn condition.

Analyzing specifically the case in which the computation of the acceleration is disabled,

besides the resultant optimized airfoil being close to the optimized airfoil from the fifth ex-

haustive run, significant differences emerge. The first difference between the two methods

lies in the Cl condition that achieves the best rate of climb. In the first case, this value had

influence on two scores. Logically, it affects the altitude score but also impacts the distance

traveled. This occurs because the acceleration time and distance are reduced if the aircraft

reaches the target altitude of 100 m before the 60 second mark. As a result, the optimization

tends to favor a localized improvement, as seen in the previous case. In contrast, when the

acceleration is disabled, the rate of climb only affects the altitude score. Considering that

the aircraft easily reaches the 100 m altitude, this operating point carries less weight in the

optimization. Thus it is less susceptible to a localized improvement, as seen in Figure 4.11(d).

Interestingly, as seen in Table 4.19, the rate of climb in the first case is lower than in the cur-

rent scenario, which can be attributed to the optimizer balancing improvements in both rate

of climb and acceleration to climb speed in the former case.

Another noteworthy difference comes from the acceleration from climb to maximum

speed. The inclusion of the acceleration calculation adds an extra operating point between

the sustained turn and level flight condition. The weight given to this point by the aircraft

acceleration and to the maximum speed in the distance traveled prevents the airfoil increase

after the localized improvement of the sustained turn flight condition. Without this, the cur-

rent scenario, as illustrated in Figures 4.11(f) and 4.11(e), appears to suffer more from a local

improvement.

Next, it is analyzed in detail, the optimization using the PVG_ACC2021 airfoil as the ini-

tial design. This airfoil, selected due to some similarities with the average optimized airfoil

features from the previous case, has continued to follow the trends outlined in the second

paragraph, taking the airfoil even further in terms of maximum thickness, camber, and lift

coefficient, as illustrated by Table 4.18 and Figure 4.10(b). Another notable difference is that

despite converging close to the Cl limit for the sustained turn condition, it does not exhibit a

localized improvement. This can be attributed to higher values within the acceptable range

of Cl for the sustained turn condition. However, this statement cannot be said with com-
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plete certainty, as some of the exhaustive simulations in the previous case also did not show

localized enhancements at this specific point.

Table 4.17: Optimized flap design variables for Case 2.
Case study hingex δtake−off δclimb δcruise

S9000 0.8000 25.00 4.000 0.000

PVG_ACC2021 0.8000 25.00 0.000 -6.000

Exhaustive 5 0.7720 23.58 3.550 -7.380

No acceleration 0.8100 24.23 -5.790 -8.920

Another initial airfoil 0.792 18.15 -0.740 -9.710

µ = 0.07 0.7540 24.99 7.440 1.180

Lrunway = 40m 0.7810 24.84 -7.750 -8.240

Lrunway = 40m & µ = 0.07 0.7140 24.88 5.560 -0.7800

The only case in which, besides the payload improvement, could increase the distance

traveled was the scenario where the friction coefficient assumes the typical value for a grass

runway. However, the apparent enhancement was not achieved from an increase in the level

or turn flight speeds. Instead, the reduction in the turn radius has enabled the aircraft to

turn with a smaller radius, offering more space for the straight-line flight that has a higher

speed. This suggests that, despite the slight decrease in both level and turn flight speeds, as

more weight is given to level flight, the total distance traveled has increasedmarginally. This

rebalance of importance can also be linked to the absence of a localized enhancement in the

Cl value for the turn condition, besides sitting near the limit.

The most interesting insight from this case is that the optimized airfoil stays closer to the

S9000 compared with the results from other optimizations, as illustrated in Figure 4.10(c).

This indicates that in the preliminary design stage, where the behavior in the ground run

was not known, the S9000 was not very far from the considered optimal solution by the

optimization algorithm.

Another exception to the general trend arises from the scenario with a take-off run of 40

m. This optimization run was the only case where the maximum thickness was kept like the

S9000, as demonstrated in Figure 4.10(d). However, the rise in the maximum camber kept

the optimization to follow the pattern in the score evolution as in the other cases. Addition-

ally, this scenario was the only one capable of compensating the time required to accelerate

to maximum speed, as demonstrated in Table 4.20. This can be attributed to the lowest pay-

load carried by any case, which allowed for a higher rate of climb. This high rate of climb

minimizes the time required to reach an altitude of 100 m, thus leaving enough time for the

acceleration.
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Furthermore, the two cases that used the 40 m runway resulted in a localized improve-

ment in the level flight condition. As observed in the scenario that uses the 60m runwaywith

a lower friction coefficient, this enhancement can be linked to a smaller turn radius, which

emphasizes the importance of the level flight speed in the distance traveled.

Table 4.19: Initial and optimized climb conditions for Case 2.

Case studies
Sclimb alt RCmax Vclimb Clclimb Cdclimb taccel

− [m] [m/s] [m/s] − − [s]

Exhaustive 5
Init 1000 100.0 2.821 15.39 0.750 0.00935 1.880

Opt 1000 100.0 2.297 13.70 1.050 0.01754 1.6151

No Init 1000 100.0 2.821 15.39 0.750 0.00935 0.000

Acceleration Opt 1000 100.0 2.434 16.23 0.750 0.01055 0.000

Another Init 1000 100.0 2.617 15.81 0.750 0.01046 2.257

initial airfoil Opt 1000 100.0 2.303 14.99 0.900 0.01428 2.498

µ = 0.07
Init 1000 100.0 1.986 17.01 0.800 0.00940 2.835

Opt 1000 100.0 1.856 15.99 0.950 0.01025 2.452

Lrunway = 40m
Init 1000 100.0 3.223 15.04 0.700 0.00990 1.696

Opt 1000 100.0 2.914 15.58 0.700 0.01219 2.404

Lrunway = 40m Init 1000 100.0 2.474 16.23 0.750 0.00906 2.322

& µ = 0.07 Opt 1000 100.0 2.214 16.86 0.750 0.00966 3.509

From Figures 4.10(c) and 4.10(e), it is evident that the two cases with the friction coef-

ficient of µ = 0.07 reached a similar optimized airfoil. The major difference between the

two airfoils is a more increased leading edge radius in the case that uses the 40 m runway.

This distinction reflects the optimization’s focus on increasing the lift coefficient for the 40

m runway case, which are presented by values of Clmax for the 40 and 60 m runway cases in

Table 4.18.

Finally, it is important to note that the conclusion made by the ACC2022 team about

the better score with the 60 m runway take-off in the early stages of the design was proba-

bly wrong. The comparison of similar cases that use the different lengths of runway, made

in Table 4.18 to 4.20, clearly indicates that the payload score penalty for take-off in 40 m

is more than compensated by the bonus points. The total score difference is larger for the

extrapolated that for the normal grass friction coefficient. This happens because the other

two scores are practically unaltered by changes in payload. Therefore, to achieve the same

amount of total points given by the bonus score, the increase in the payload score must rise

3 times that value.

79



T
ab
le
4
.2
0
:
In
it
ia
la
n
d
op
ti
m
iz
ed

le
ve
lf
li
gh
t
an
d
su
st
ai
n
ed

tu
rn
co
n
d
it
io
n
s
fo
r
C
as
e
1.

C
as
e
st
u
d
ie
s

S
d
is

ta
n
c
e

R
tu

r
n

V
tu

r
n

C
l t

u
r
n

C
d
t
u
r
n

V
c
r
u
is

e
C

l c
r
u
i
s
e

C
d
c
r
u
i
s
e

t a
c
c
e
l

d
is
t a

c
c
e
l

d
is
t

S
f
li
g
h
t

B
on

u
s

S
to

ta
l

−
[m
]

[m
/s
]

−
−

[m
/s
]

−
−

[s
]

[m
]

[m
]

−

E
xh
au
st
iv
e
5

In
it

10
0
0

4
1.
33

26
.5
0

0
.5
0
8
7

0
.0
0
70
6

27
.7
0

0
.2
32
7

0
.0
0
6
6
1

25
.3
5

72
.8
6

32
55

8
53
.8

0
.0
0
0

8
53
.8

O
p
t

9
73
.0

38
.8
5

25
.6
9

0
.6
0
0
0

0
.0
0
8
73

27
.0
1

0
.2
71
3

0
.0
0
9
23

26
.6
8

31
2.
0

31
6
7

8
9
2.
7

0
.0
0
0

8
9
2.
7

N
o

In
it

10
0
0

4
1.
32

26
.4
9

0
.5
0
8
8

0
.0
0
70
7

27
.7
0

0
.2
32
7

0
.0
0
6
6
2

25
.3
5

21
.9
1

32
54

8
53
.8

0
.0
0
0

8
53
.8

A
cc
el
er
at
io
n

O
p
t

9
72
.4

39
.0
2

25
.7
4

0
.5
9
9
2

0
.0
0
8
4
5

26
.9
2

0
.2
73
9

0
.0
0
9
6
1

24
.8
4

15
3.
5

31
6
5

8
9
4
.0

0
.0
0
0

8
9
4
.0

A
n
ot
h
er

In
it

9
8
1.
7

39
.9
7

26
.0
6

0
.5
54
8

0
.0
0
8
38

27
.1
6

0
.2
55
3

0
.0
0
8
8
3

21
.8
3

59
.8
8

31
9
6

8
71
.8

0
.0
0
0

8
71
.8

in
it
ia
la
ir
fo
il

O
p
t

9
4
9
.5

36
.8
2

25
.0
1

0
.6
4
9
9

0
.0
11
0
9

26
.4
1

0
.2
9
.1
4

0
.0
11
9
3

28
.0
26

36
2.
8

30
9
1

8
9
7.
8

0
.0
0
0

8
9
7.
8

µ
=

0
.0
7

In
it

9
6
0
.0

35
.4
5

24
.5
4

0
.7
72
2

0
.0
0
9
53

27
.5
1

0
.3
0
72

0
.0
0
6
51

29
.0
4

56
6
.4

31
25

9
73
.5

0
.0
0
0

9
73
.5

O
p
t

9
6
4
.4

33
.8
1

23
.9
6

0
.8
4
9
8

0
.0
10
18

27
.4
4

0
.3
23
9

0
.0
0
6
4
9

34
.8
7

8
38
.7

31
39

10
0
3

0
.0
0
0

10
0
3

L
r
u
n
w
a
y
=

4
0
m

In
it

10
0
8

4
2.
6
3

26
.9
1

0
.4
39
2

0
.0
0
9
53

27
.7
7

0
.2
0
6
2

0
.0
0
6
6
7

18
.5
7

0
.0
0
0

32
8
2

8
0
8
.4

8
0
.8
4

8
8
9
.2

O
p
t

9
9
5.
6

4
1.
0
5

26
.4
0

0
.4
8
9
5

0
.0
0
8
0
0

27
.5
6

0
.2
24
7

0
.0
0
73
1

20
.8
1

0
.0
0
0

32
4
1

8
32
.8

8
3.
28

9
16
.1

L
r
u
n
w
a
y
=

4
0
m

In
it

9
8
9
.4

39
.6
6

25
.9
6

0
.5
8
9
5

0
.0
0
75
8

27
.6
5

0
.2
59
8

0
.0
0
6
57

24
.4
2

19
1.
0

32
20

8
9
9
.6

8
9
.9
6

9
8
9
.6

&
µ
=

0
.0
7

O
p
t

9
6
4
.8

36
.1
4

24
.7
7

0
.6
9
8
3

0
.0
10
8
3

27
.3
9

0
.2
8
57

0
.0
0
73
2

28
.8
5

4
55
.5

31
4
0

9
30
.2

9
3.
0
2

10
23

80



(a) Lift coefficient for take-off, (Re = 151e5 andM =

0.03).
(b) Drag polar for take-off, (Re = 151e5 and M =

0.03).

(c) Drag polar for ground run, (Re = 107e5 andM =

0.02).
(d) Drag polar for climb, (Re

√
Cl = 166e5 andM =

0.04).

(e) Drag polar for cruise, (Re
√
Cl = 165e5 andM =

0.08).
(f) Drag polar for turn, (Re

√
Cl = 234e5 and M =

0.08).

Figure 4.11: Optimized and original airfoil polars comparison for the case with no accelera-
tion.
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(a) Lift coefficient for take-off, (Re = 152e5 andM =

0.04).
(b) Drag polar for take-off, (Re = 152e5 and M =

0.04).

(c) Drag polar for ground run, (Re = 108e5 andM =

0.02).
(d) Drag polar for climb, (Re

√
Cl = 170e5 andM =

0.05).

(e) Drag polar for cruise, (Re
√
Cl = 170e5 andM =

0.08).
(f) Drag polar for turn, (Re

√
Cl = 240e5 and M =

0.08).

Figure 4.12: Optimized and original airfoil polars comparison for the case with the other
initial airfoil.
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(a) Lift coefficient for take-off, (Re = 173e5 and
M = 0.04).

(b) Drag polar for take-off, (Re = 173e5 andM =

0.04).

(c) Drag polar for ground run, (Re = 122e5 and
M = 0.03).

(d) Drag polar for climb, (Re
√
Cl = 189e5 and

M = 0.06).

(e) Drag polar for cruise, (Re
√
Cl = 189e5 and

M = 0.08).
(f) Drag polar for turn, (Re

√
Cl = 268e5 andM =

0.07).

Figure 4.13: Optimized and original airfoil polars comparison for the case with µ = 0.07.
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(a) Lift coefficient for take-off, (Re = 143e5 and
M = 0.03).

(b) Drag polar for take-off, (Re = 143e5 andM =

0.03).

(c) Drag polar for ground run, (Re = 101e5 and
M = 0.02).

(d) Drag polar for climb, (Re
√
Cl = 157e5 and

M = 0.05).

(e) Drag polar for cruise, (Re
√
Cl = 156e5 and

M = 0.08).
(f) Drag polar for turn, (Re

√
Cl = 221e5 andM =

0.08).

Figure 4.14: Optimized and original airfoil polars comparison for the case with Rrunway =
40m.
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(a) Lift coefficient for take-off, (Re = 161e5 and
M = 0.04).

(b) Drag polar for take-off, (Re = 161e5 andM =

0.04).

(c) Drag polar for ground run, (Re = 114e5 and
M = 0.03).

(d) Drag polar for climb, (Re
√
Cl = 176e5 and

M = 0.06).

(e) Drag polar for cruise, (Re
√
Cl = 176e5 and

M = 0.08).
(f) Drag polar for turn, (Re

√
Cl = 248e5 andM =

0.07).

Figure 4.15: Optimized and original airfoil polars comparison for the case with Rrunway =
40m and µ = 0.07.
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Chapter 5

Conclusions

5.1 Summary and Conclusions

Themain goal of this dissertation was tomodify an existing tool, Xoptfoil, by implement-

ing a new objective function. The new objective function does not directly evaluates the aero-

dynamic performance of the airfoil. Rather, it assesses the impact of the airfoil’s aerodynamic

properties in the aircraft’s overall performance. This is accomplished through the incorpo-

ration, in the algorithm, of a method that can translate the aerodynamic properties of the

airfoil into the aerodynamic characteristics of the aircraft. These translated characteristics

are then used to simulate the aircraft’s performance in the competition. The obtained score

from the competition simulation was then used as the objective value to be optimized by the

Xoptfoil algorithm.

In Case Study 1, two investigations were conducted simultaneously. First, the optimizer

specific parameters were analyzed, and the results revealed that the exhaustive option of-

fered the best and most accurate setting. As a consequence, this solution was selected for

the subsequent case study. Besides that, the analysis of the data has revealed the variabil-

ity among the outcomes of several optimizations. This analysis is vital for future work since

it determines the margin of error for the optimization method. Secondly, the same results

were utilized to investigate the behavior of the employed approach. Based on this research,

the employed method has demonstrated a tendency to enhance the payload score. This re-

sulted in an optimized airfoil with much higher maximum thickness and camber than the

original shape. However, this increase was so large that the optimized profile diverged sig-

nificantly from the initial design conditions. This shows that, while the developed approach

has a high exploration capacity, its accuracy decreases when the operational conditions of

the optimized profile deviate significantly from the original settings. This emphasizes the

need of doing a preliminary analysis of the airfoil shape that will be optimized.

Case Study 2 was dedicated to analyze the impact of certain properties on the optimiza-

tion results. The characteristics varied based on the possible scenarios that the aircraft might

encounter during the Air Cargo Challenge 2022 competition. The results of this case have

demonstrated that the optimal airfoil, under the conditions defined in the preliminary de-
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sign phase, would have a slight increase in themaximum lift coefficient, although it remained

relatively close to the initial shape. However, when incorporating the difficulties that the air-

craft encounters because of grass tufts during the take-off run, an airfoil with substantially

higher maximum thickness and camber was found to be more beneficial. Furthermore, Case

2 also revealed that the same aircraft, with a reduced payload for lift-off within 40 m, con-

sistently outperformed the similar scenarios that were chosen the 60 m runway.

Finally, both studies have shown that employing an acceleration estimation to improve

the realism of aircraft performance simulations and avoid localized improvements did not

achieve the desired results. In reality, this assumption may have had a negative impact on

the optimization process, potentially constraining the optimum path, especially during the

climb phase.

5.2 FutureWork

Future studies should focus on developing a strategy that can replace the acceleration

method for smoothing the airfoil’s characteristics and avoiding localized improvements. An

alternative technique worth testing is the inclusion of the assessment of the relative improve-

ments of aerodynamic characteristics at design and off-design operating points. However,

this method raises the issue of assigning appropriate weights for each operation point while

also balancing the competition score against relative aerodynamic improvements. This final

challengemight be solved by employing amulti-objective optimization, which eliminates the

need to assign specific weights and instead gives a range of possible optimal airfoils.
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Appendix A

Performance Objective Input

1 &a i r c r a f t_da t a

2 weight_i = 41.59 ! A i r cra f t t o t a l weight , [N]

3 S_w = 0.426 !Wing area [m^2]

4 A_w = 11 . 3 ! Aspect ra t io

5 e_w = 0.98 ! Oswald e f f i c i e n c y

6 S_expose = 0.402 ! Expose wing area [m^2]

7

8 thrus t_coe f f ( 1 ) = −0.0045 ! Thrust c o e f f i c i e n t [T/V^2]

9 thrus t_coe f f (2) = −0.2554 ! Thrust c o e f f i c i e n t [T/V]

10 thrus t_coe f f (3) = 14.964 ! Thrust c o e f f i c i e n t [T]

11

12 height = 0.175 ! Fuselage height [m]

13 width = 0.124 ! Fuselage width [m]

14 length = 0.710 ! Fulesage length [m]

15 f_skin_roughness = 6.34E−6 ! Fuselage skin roughness [m]

16 wetted_area = 0.274 ! Fuselage wetted area [m^2]

17 in t e r f e r ence_ fa c to r = 1 .0 ! Fuselage in t e r f e r ence fac tor

18

19 t a i l _ con f i g = 1 ! 1 for V−ta i l , 2 for Convent ional_tai l

20 ta i l_chord ( 1 ) = 0.125 ! Ta i l chord [m]

21 ta i l_sur face_area ( 1 ) = 0.027 ! Ta i l surface area [m^2]

22 t_c_rat io ( 1 ) = 0.09 ! Ta i l th i ckness chord rat io

23 max_t_x ( 1 ) = 0.3 ! Ta i l maximum a i r f o i l th i ckness r e l a t i v e x

pos i t i on

24 t_skin_roughness ( 1 ) = 6.34E−6 ! Ta i l skin roughness [m]

25

26 CD_ld = 0.00051 ! Landing gear drag c o e f f i c i e n t

27 CD_add = 0.0085 ! Extra drag c o e f f i c i e n t

28 /

29

30 &take_off_data

31 h_take_off = 474 !Runway a l t i t ude [m]

32 A_1 = 1 . 1 ! Rotation fac tor
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33 miu = 0.2626 ! Fr i c t i on c o e f f i c i e n t

34 S_g = 60 !Runway length [m]

35 weight_empty = 23.92 ! A i r cra f t empty weigth [N]

36 weight_payload_ref = 31.470 ! Reference payload weigth [N]

37 /

38

39 &climb_data

40 accel_to_cl imb = . true . ! Acce lerat ion to climb speed ac t iva t ion

41 time_climb = 60 ! Time to climb [ s ]

42 h_climb = 524 ! Average climb a l t i t ude [m]

43 dh_climb = 100 ! A l t i tude to climb [m]

44 V_0_climb = 0 ! Start ing ve l o c i t y to acce l era t ion without take−

o f f phase [m/ s ]

45 po in ts_coe f f ( 1 ) = −3.92E−5 ! Climb points c o e f f i c i e n t [ points /V^4]

46 po in ts_coe f f (2) = 1.08E−2 ! Climb points c o e f f i c i e n t [ points /V^3]

47 po in ts_coe f f (3) = −1.156 ! Climb points c o e f f i c i e n t [ points /V^2]

48 po in ts_coe f f (4) = 64.2 ! Climb points c o e f f i c i e n t [ points /V]

49 po in ts_coe f f (5 ) = −537 ! Climb points c o e f f i c i e n t [ points ]

50 /

51

52 &cruise_data

53 acce l_to_cru ise = . true . ! Acce lerat ion to dash speed ac t iva t ion

54 time_cruise = 120 ! Time to trave l [ s ]

55 h_cruise = 574 !Dash a l t i t ude [m]

56 d i s t_re f_c ru i s e = 3255 ! Reference dis tance trave led [m]

57 V_0_cruise = 0 ! Start ing ve l o c i t y to acce l era t ion without climb

phase [m/ s ]

58 time_extra = 0 ! Time extra without climb phase [ s ]

59 /

60

61 &turn_data

62 ac t i va t ion_turn = . true . ! Turn ac t iva t ion

63 h_turn = 574 ! Turn a l t i t ude [m]

64 n_turn = 2 ! Turn load fac tor

65 f i e ld_ l eng th = 375 !Maximum leg lenght [m]

66 /
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Appendix B

Operating Points for Case 2

Table B.1: Initial operating conditions for the no acceleration scenario.
Flight stages Operating points Re α Cl M hinge x δ

Take-off 1 151000 5º to 9º , step 1º − 0.03 0.80 25.00

2 107000 7º − 0.02 0.80 0.00

Climb 3 151000 − 1.20 0.03 0.80 4.00

4 162000 − 1.05 0.04 0.80 4.00

5 174000 − 0.90 0.04 0.80 4.00

6 191000 − 0.75 0.04 0.80 4.00

7 214000 − 0.60 0.05 0.80 4.00

Turn 8 302000 − 0.60 0.07 0.80 0.00

9 315000 − 0.55 0.07 0.80 0.00

10 331000 − 0.50 0.08 0.80 0.00

11 348000 − 0.45 0.08 0.80 0.00

Cruise 12 302000 − 0.30 0.07 0.80 0.00

13 331000 − 0.25 0.08 0.80 0.00

14 370000 − 0.20 0.09 0.80 0.00

Table B.2: Initial operating conditions for take-off in a 40 meters runway scenario.
Flight stages Operating points Re α Cl M hinge x δ

Take-off 1 143000 5º to 9º , step 1º − 0.03 0.80 25.00

2 101000 7º − 0.02 0.80 0.00

Climb 3 146000 − 1.15 0.04 0.80 4.00

4 157000 − 1.00 0.04 0.80 4.00

5 170000 − 0.85 0.05 0.80 4.00

6 187000 − 0.70 0.05 0.80 4.00

7 211000 − 0.55 0.06 0.80 4.00

Turn 8 313000 − 0.50 0.07 0.80 0.00

9 329000 − 0.45 0.08 0.80 0.00

10 349000 − 0.40 0.08 0.80 0.00

11 374000 − 0.35 0.08 0.80 0.00

Cruise 12 233000 − 0.45 0.05 0.80 0.00

13 313000 − 0.25 0.07 0.80 0.00

14 349000 − 0.20 0.08 0.80 0.00

15 403000 − 0.15 0.09 0.80 0.00

99



Table B.3: Initial operating conditions for the runway friction coefficient of 0.07 scenario.
Flight stages Operating points Re α Cl M hinge x δ

Take-off 1 173000 6º to 10º , step 1º − 0.04 0.80 25.00

2 122000 7º − 0.03 0.80 0.00

Climb 3 169000 − 1.25 0.05 0.80 4.00

4 180000 − 1.10 0.05 0.80 4.00

5 194000 − 0.95 0.05 0.80 4.00

6 212000 − 0.80 0.06 0.80 4.00

7 235000 − 0.65 0.06 0.80 4.00

Turn 8 290000 − 0.85 0.07 0.80 0.00

9 299000 − 0.80 0.07 0.80 0.00

10 309000 − 0.75 0.07 0.80 0.00

11 320000 − 0.70 0.07 0.80 0.00

Cruise 12 255000 − 0.55 0.06 0.80 0.00

13 320000 − 0.35 0.07 0.80 0.00

14 345000 − 0.30 0.08 0.80 0.00

15 378000 − 0.25 0.09 0.80 0.00

Table B.4: Initial operating conditions for the 40 meters runway with the friction coefficient
of 0.07 scenario.

Flight stages Operating points Re α Cl M hinge x δ

Take-off 1 160000 6º to 10º , step 1º − 0.04 0.80 25.00

2 113000 7º − 0.03 0.80 0.00

Climb 3 160000 − 1.20 0.04 0.80 4.00

4 171000 − 1.05 0.05 0.80 4.00

5 185000 − 0.90 0.05 0.80 4.00

6 202000 − 0.75 0.06 0.80 4.00

7 226000 − 0.60 0.06 0.80 4.00

Turn 8 296000 − 0.70 0.07 0.80 0.00

9 307000 − 0.65 0.07 0.80 0.00

10 319000 − 0.60 0.07 0.80 0.00

11 333000 − 0.55 0.08 0.80 0.00

Cruise 12 247000 − 0.50 0.06 0.80 0.00

13 319000 − 0.30 0.07 0.80 0.00

14 350000 − 0.25 0.08 0.80 0.00

15 391000 − 0.20 0.09 0.80 0.00

100



Table B.5: Initial operating conditions for PVG_ACC2021 scenario.
Flight stages Operating points Re α Cl M hinge x δ

Take-off 1 152000 11º to 15º , step 1º − 0.04 0.80 25.00

2 108000 7º − 0.02 0.80 0.00

Climb 3 155000 − 1.20 0.04 0.80 0.00

4 166000 − 1.05 0.05 0.80 0.00

5 179000 − 0.90 0.05 0.80 0.00

6 197000 − 0.75 0.05 0.80 0.00

7 220000 − 0.60 0.06 0.80 0.00

Turn 8 298000 − 0.65 0.07 0.80 -6.00

9 310000 − 0.60 0.08 0.80 -6.00

10 324000 − 0.55 0.08 0.80 -6.00

11 340000 − 0.50 0.08 0.80 -6.00

Cruise 12 240000 − 0.50 0.06 0.80 -6.00

13 310000 − 0.30 0.07 0.80 -6.00

14 340000 − 0.25 0.08 0.80 -6.00

15 380000 − 0.20 0.09 0.80 -6.00

101



102


	Declaração de Integridade
	Dedication
	Resumo
	Abstract
	Contents
	List of Figures
	List of Tables
	Nomenclature
	List of Abbreviations
	Introduction
	Context and Motivation
	Problem statement
	Objectives
	Thesis outline

	Literature Review
	Introduction to airfoil optimization
	Optimization Algorithms
	Particle Swarm
	Standard Particle Swarm
	Particle Swarm with Inertia Weight
	Review of different inertia weights


	Methodology
	XOPTFOIL
	Parametrization routine
	Hicks-Henne functions
	Orthogonal NACA functions
	B-splines
	Class shape functions
	Bezier-PARSEC 333

	Airfoil evaluation
	Penalties
	XFOIL analysis
	Objective function
	Performance determination
	Aircraft Aerodynamic Coefficients

	Optimization Set Up

	Case studies analysis
	Aircraft and competition features
	Case study 1 - Particle Swarm Optimization
	Objective and problem definition
	Optimization set up
	Results and discussion

	Case study 2 - AirCargo Challenge 2022
	Objective and problem definition
	Optimization set up
	Results and discussion


	Conclusions
	Summary and Conclusions
	Future Work

	Bibliography
	Performance Objective Input
	Operating Points for Case 2

