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Resumo

Esta tese aborda uma otimização multidisciplinar (MDO), com base em modelos de aproximação, de

um veı́culo aéreo não tripulado (UAV), com uma configuração canard de asa fixa, com capacidade de

descolagem e aterragem vertical (VTOL). Realiza-se uma otimização aeroestrutural de multifidelidade

detalhada, incluindo a asa, canard, superfı́cies verticais e fuselagem. A otimização é motivada princi-

palmente pela missão atribuı́da e pelos requisitos de estabilidade e manobrabilidade, com o objetivo de

maximizar o alcance.

Modelos de aproximação com base em modelos Kriging são gerados quer para a função objetivo,

quer para as restrições. De modo a melhorar os modelos e evitar uma exploração excessiva do espaço

de soluções, são utilizados métodos de procura que combinam métodos como WB2 (critério de Watson

e Barnes) e Expected Improvement (EI) durante a procura de um ótimo global, ou um ótimo local que

permita melhorias significativas. A evolução das configurações e dos modelos de aproximação ao longo

do processo iterativo de otimização são ilustradas através de tabelas e gráficos relativos a parâmetros

de performance, seguidos de uma análise descritiva bem como uma discussão da evolução de todo o

processo juntamente com os resultados obtidos.

Uma análise da melhor configuração alcançada fornece uma estimativa da massa estrutural que cor-

responde a 16.84% da massa máxima de descolagem (MTOM), uma velocidade de perda de 27.61m/s

além de um coeficiente de planeio (L/D) de 16.59 em cruzeiro, e 7.90 em velocidade máxima.

Palavras-chave: Multiobjetivo, multifidelidade, aeroestrutural, Kriging, Expected Improve-

ment, projeto aeronáutico
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Abstract

This thesis presents a surrogate based multidisciplinary design optimization (MDO) of a fixed-wing ca-

nard configuration vertical take-off and landing (VTOL) unmanned aerial vehicle (UAV). A detailed multi-

fidelity aero-structural optimization including wing, canard, vertical surfaces as well as fuselage is carried

out primarily motivated by the envisioned mission profile and stability and maneuverability requirements

with the objective of maximizing range.

Kriging based surrogate models are generated for both objective function and constraints. A com-

bination of WB2 (Watson and Barnes criterion) and Expected Improvement (EI) search methods with

engineering knowledge is used for surrogate models enrichment and avoid excessive exploration of the

design space while aiming to achieve the global, or a local optimum that allows significant improvements.

The evolution of the configurations, along with the approximation models during the iterative optimization

process are illustrated using tables and plots showing performance metrics parameters, followed by an

examination and discussion of the whole process evolution along with the obtained results.

An analysis of the best configuration reached provides an estimation of a represented structural mass

of 16.84% of the Maximum Take-Off Mass (MTOM), a stall speed of 27.61m/s in addition to lift-to-drag

ratios (L/D) of 16.59 in cruise and 7.90 in dash.

Keywords: Multiobjective, multi-fidelity, aero-structural, Kriging, Expected Improvement, air-

craft design
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Chapter 1

Introduction

1.1 Motivation

In recent years, the importance of the development process and aircraft design have been increasing.

This is due mainly to the emergence of more demanding requirements. As society evolves, manufactur-

ers are pressured to produce aircraft that perform better, are more efficient and that are less harmful for

the environment. Having a higher-level aircraft design tool will provide the manufacturers leverage over

the competition.

Multidisciplinary design optimization (MDO) is a field of engineering that is a very useful tool of choice

in the development of new aircraft or improvement of already existing designs. It makes use of numerical

and analytic methods to develop models integrating multiple disciplines, such as aerodynamics, struc-

tures, stability, performance, among others. MDO aims to reach an optimal or near-optimal solution,

which in the case of aerospace design, corresponds to a configuration that meets the requirements and

extends the objectives of the mission it is proposed to accomplish.

This process can be very time demanding and computationally expensive when optimizing a whole

aircraft, as it is a complex engineering design problem requiring simulations that can take multiple min-

utes, hours or even days to execute. One way to lighten the burden is to use surrogate models, which

are approximation models that mimic the behavior of the simulation models as closely as possible, be-

ing cheaper to evaluate, thus achieving results faster and making use of less resources. This way, it is

possible to reduce the computational and overall project cost of the whole optimization.

1.2 Project Overview/Conceptual Design Synthesis

This project focuses on a surrogate based multiobjective and multidisciplinary design optimization of an

aircraft, involving both structural and aerodynamic variables. It is necessary to perform aerodynamic,

as well as structural analyses to guarantee trimming and stability, in addition to the required strength

and integrity of the structure, respectively. The mentioned aircraft is a vertical take-off and landing

(VTOL) unmanned aerial vehicle (UAV) that is being developed by the University of Victoria Centre for
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Aerospace Research (CfAR) in collaboration with Defense Research and Development Canada (DRDC),

and it is meant to be used by the Canadian Air Force for magnetic detection of submarines to protect the

Canadian borders. The aircraft will be equipped with a magnetic anomaly detection (MAD) sensor which

will be used for the purpose. The aircraft mission, represented in figure 1.1, involves a vertical take-off

and climb to minimum height segment followed by a transition to forward flight segment. The following

segment is cruise at approximately 100m above sea level. After cruise, the mission is completed by a

transition to axial flight and a vertical landing.

Figure 1.1: Mission profile.

The design of this UAV was started by Bruno Luı́s and some results and decisions from the concep-

tual and preliminary design done in his master thesis [1] that were preserved should be pointed out and

are listed below:

• A fixed-wing canard configuration;

• Fuselage shape;

• Vertical tail volume coefficient (CV T ) equal to 0.02 for directional stability.

1.3 State of the art

Methodology along with computer capacity to solve aircraft MDO problems are constantly evolving. This

evolution is broadly verified by the differences between the most recent advancements back in 1997 [2]

and those in 2018 [3].

There has been a continuous expansion of the research on MDO, namely on integration tools [4],

more efficient optimization methods [5–7], partition architectures [8] as well as improved analysis capac-

ity [9].

Regarding the formulation of optimization problems for aerial vehicles, the most used objectives

are related with mission performance, weight, and aerodynamics, with the first two corresponding to

approximately 46% and 39% of the case studies, respectively [3]. Although the vast majority is used in

single objective problems, some cases consider a combination of multiple objectives, either by combining

them in one single function or by solving a multiobjective problem [10–12]. The charts on figure 1.2 depict

this trend.
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Figure 1.2: Reoccurrence rate of the different problem formulations (left) and types of objectives (right)

for the analyzed case studies.[3]

On the other hand, constraints are usually case-dependent limit conditions [13, 14]. Other more

general criteria can be included like mission requirements for general aviation [15–17], as well as safety

regulations and performance minima that are required for certification [10, 15, 18–22].

The analysis of an aircraft configuration or component comprises various disciplines, making use of

determined disciplinary models, which compose the framework of the optimization.

The disciplines with more models found in aircraft MDO are weight estimation, aerodynamics, struc-

tural behavior and propulsion. In a preliminary or conceptual stage of design, simpler models are consid-

ered: aerodynamic predictions are made using empirical equations [18, 21] or panel methods [23, 24],

weight is also estimated by empirical equations [18, 25] or statistical data [26, 27], while propulsion

can be assessed by statistical approximations [28, 29] as well as by the application of scaling factors

to tables of already existing engine data [13, 30, 31]. Differently, in detailed design, a Computational

Fluid Dynamics (CFD) analysis is preferred [32, 33] for the aerodynamic evaluation, weight is usually

estimated from a simplified structural analysis [23, 28, 34–36] and, to increase fidelity, Computational

Structural Mechanics (CSM) simulations [29, 32, 37, 38], as well as simulation models for the specific

engine used [11, 19, 39–45] can be included.

Geometric models, trim and stability, and performance are also commonly used as support elements.

The first is important to be robust enough to provide the desired detail, and also adaptable to cover the

design space [30, 31, 45, 46]. Further, geometric models are frequently used to represent the aircraft

in aerodynamic and structural analyses [29, 35, 39, 47–49]. Trim is achieved by allowing the control

surfaces parameters to vary [16, 23, 38, 50–52] and stability is determined by calculating the stability

derivatives and relating them with empirical equations [19, 27, 44, 53–55] or by using metrics, such as

the static margin [25, 26, 56]. Mission performance can be evaluated if enough data concerning weight,

aerodynamics and propulsion is gathered [13, 18, 21, 26, 31, 39, 40, 48, 57].

In addition, there are some supplementary models that are increasingly being included in the frame-

works. These can include not only the flight dynamics and control [22, 23, 33, 58, 59], estimations of the

emissions of harmful gases [26, 31, 43, 44, 60] or noise levels and propagation [32, 35, 45, 48, 60–63],

but also cost models comprising production planning [26, 31, 44] or operating costs [10, 30, 64, 65],

among others.

The accuracy required and the available resources determine the level of fidelity selected for the
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Multidisciplinary Design Analysis (MDA), which is a compromise between the robustness and speed

of the calculations and the precision in the representation of the problem. Frameworks that allow to

alternate between different levels of fidelity are a regular practice [4, 10, 47, 48, 53, 66, 67].

Low Fidelity (LF) approximations are often employed in conceptual design as they provide satisfac-

tory results at low computational costs [16, 26, 35, 47, 63, 64, 68]. However, for unusual configurations

the physical phenomena may not be well replicated [20, 40, 58].

On the other hand, in a detailed design stage or for the assessment of unconventional concepts, a

High Fidelity (HF) approach proves to be more adequate [34, 37, 45, 69]. Moreover, not as reoccurring

as LF, HF can be exploited to increase reliability of a design [16, 37]. Although HF requires extended

computational times due to the development of more complex models and higher computational de-

mands [30, 58, 70–72], research is being conducted to implement HF from an early design stage to

reduce uncertainty [30, 70, 73].

Additionally, medium fidelity tools provide a trade-off between LF and HF. It can consist on two

possible approaches. One possibility is the refinement of LF simulations, such as Euler solvers [28,

69] or higher-order panel methods codes [39, 49] for aerodynamic analyses, and a more global CSM

simulation for structural analyses. Alternatively, medium fidelity can be achieved by simplification of

HF models, specifically, coarse CFD simulations [74] and the use of simplified geometries [29, 34] in

aerodynamic and structural analyses, respectively.

Further, Multi-Fidelity (MF) can also be implemented to improve computational efficiency. LF is used

for a faster exploration of the design space at an initial stage while HF is applied to the selected region of

interest [7, 19, 75–77]. MF also proved to ease the transition from conceptual to detailed design [30, 78].

Other important aspect of MDO is the selection of a framework architecture to set the coupling,

as well as to define partitions and solving sequence between the different disciplines. This topic has

been thoroughly researched. Said research is condensed and explained in [8] for multiple architectures.

The three most frequently used architectures are multidisciplinary design feasible (MDF), collaborative

optimization (CO) and asymmetric approaches similar to CO but less partitioned [3].

Commonly used, MDF has a global optimizer controlling all design variables and constraints, pro-

viding consistent results at the end of each iteration. Although, a complete analysis cycle is required

for every global evaluation, thus increasing the computational cost. Its implementation is simple and

effective for the decomposition of coupled disciplines [13, 15, 25, 29, 30, 32, 33, 39–41, 53, 75, 78–83].

CO is a distributed architecture where each disciplinary subprocess corresponds to an optimization,

allowing parallel analysis. This increases efficiency, however, a feasible solution is not always attained

[3]. The partition is usually discipline-based as each individual model is analyzed and optimized inde-

pendently [57, 84, 85].

Similarly to CO, in asymmetric approaches the problem is also decomposed into local optimization

processes that run independently for each global evaluation, considering a set of local design variables,

constraints and objectives. Conversely, a global optimizer at a higher level controls a reduced number

of global variables. Considering local processes reduces complexity at higher levels [10, 29, 37, 50, 61,

66, 86–88]
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Surrogate models are often used to increase the efficiency of the optimization by replacing HF sim-

ulations with approximation models that mimic the behavior of the system. Although its use allows to

reduce the optimization time, the existence of large deviations from the real models is a possible disad-

vantage.

These models are mostly employed to replace CFD simulations [12, 17, 25, 35, 37, 81, 84, 89–91]

and CSM codes [17, 28, 30, 41, 81, 84, 90] but can also be utilized in other applications like aircraft

dynamics, noise propagation, mission specifications and engine performance [10, 11, 28, 35, 39, 41,

42, 56, 70, 92].

Probabilistic surrogate models like Kriging [93] are frequently used in numerous case studies [13,

17, 28, 35, 42, 70, 72, 75–77, 81, 84, 89, 90, 92, 94, 95]. Kriging based model adaptations are also

being considered more recently [6, 96]. Methods to improve the implementation of surrogates are being

developed, aiming to efficiently update existing models with new samples [6, 10, 35, 37, 42, 56, 70, 72,

90, 91, 96]. For this purpose, selection criteria, such as the Expected Improvement (EI) [97], are being

used to search the models directly [72, 90, 94, 95], or combined to create more balanced criteria [6, 96].

An alternative approach is to apply the surrogates to specific important regions of the design space,

increasing the accuracy of the approximations [35, 39, 91].

As MDO usually considers approximations and simplifications, a validation is fundamental to confirm

the obtained results and make sure they are reliable. This is of additional relevance for surrogate based

optimization. Validation is mostly performed by one of three methods, being these, HF simulations

[16, 23, 25, 34, 35, 37, 40, 48, 49, 59, 75, 98, 99], using existing data from similar aircraft [11, 15, 19,

39, 64, 71, 82, 84, 88, 98] and building physical scale and subscale prototypes for experimental testing

[24, 34, 45, 55, 69, 74, 83, 100, 101].

1.4 Objectives

The ultimate goal of this thesis is to obtain an optimal, or near-optimal design for the whole aircraft from

a surrogate-based MDO. This broad target can be divided in the following substeps:

1. Define the optimization problem, namely, the objective, constraints and the design variables;

2. Develop and implement the parametric geometric model of the aircraft based on the chosen design

variables;

3. Build the computational models for the HF structural and aerodynamic analysis;

4. Assemble a database with the results of the structural and aerodynamic analysis on multiple design

points;

5. Create a surrogate approximation model from the database mentioned in the previous point;

6. Retrieve optimized design configurations from the surrogate optimization;

7. Select, validate and describe the achieved optimal design for the UAV.
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1.5 Thesis Outline

Additionally, there are four more chapters in this report. Below follows a summarized description of each

one of them.

Chapter 2: Theoretical Background

In this chapter, a brief description of the theoretical models implemented throughout this thesis,

as well as some concepts and definitions are presented to provide the reader with the background

knowledge necessary to follow the discussion of the whole process.

Chapter 3: Optimization problem - Implementation

The third chapter describes the whole process of the optimization. Starting with the formulation of the

problem, including the definition of the objective function, together with the selection of the appropriate

design variables and constraints, according with the provided requirements.

A detailed characterization of the analysis architecture, and of the way each UAV configuration is

evaluated is also included.

Additionally, the reasoning behind the employed surrogate models and search methods is explained

and discussed.

Chapter 4: Post-Processing

This chapter depicts the acquired results along the optimization, as well as a detailed examination of

its evolution.

Further, a description and more complete characterization and validation of the final achieved design

are presented.

Chapter 5: Conclusions

The last chapter overviews the achievements made throughout this project, regarding the established

objectives. Some observations about the optimization are also provided, including advantages and

detected setbacks. Finally, the next steps in the design of the aircraft are listed, together with suggestions

for future work.
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Chapter 2

Theoretical Background

2.1 Multidisciplinary Analysis

The MDO of an aircraft requires solving problems to obtain values for physical quantities spanning

across multiple disciplines. For the specific optimization addressed in this thesis, the analysis involves

two major disciplines, such as, structures and aerodynamics. The two disciplines are coupled as the

structural analysis uses the aerodynamic loading previously obtained from the aerodynamic analysis.

2.1.1 Structural Analysis

Regarding the structures, a Finite Element Analysis (FEA) is performed making use of the ANSYS

Mechanical APDL software [102]. The structural integrity of the UAV is evaluated by implementing the

Tsai-Wu failure criterion to check if there is structural failure due to exceeding stress limits.

The theory behind the used Finite Element Method (FEM) plus the employed failure criterion in the

context of composite materials is explained in subsections 2.1.1.1 and 2.1.1.2.

2.1.1.1 FEM - ANSYS Mechanical APDL

The FEM is an approximate method used to solve and find a solution to the structural governing equa-

tions, that otherwise would be expensive or impossible to obtain from analytic methods.

The whole domain is represented by a collection of simple subdomains called elements, forming a

mesh. At each element the physical process in study is approximated by functions of the desired type

(usually polynomials) and algebraic equations that relate the values of the solution at a finite number

of preselected points designated element nodes. Finally, the element equations are assembled by im-

posing interelement continuity of the solution as well as balance of interelement forces or other physical

quantities.[103]

The desired simulation is represented by a static analysis in ANSYS Mechanical APDL [102]. It is

valid for all degrees of freedom. Further, it does not take into account inertial and damping effects except

static acceleration fields. [104]
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The overall equilibrium equation that represents the mechanical behavior of the approximated struc-

ture is given by:

[K]{un} = {F} ⇔ [K]{un} = {F a}+ {F r} , (2.1)

where, [K] = total stiffness matrix =
∑N
m=1[ke], N is the number of elements, [ke] is the element stiffness

matrix, {un} is the nodal displacement vector, {F r} is the reaction load vector and {F a} is the applied

load vector, which can account for applied nodal loads, acceleration loads, thermal loads, as well as

pressure loads.

The stiffness matrix is calculated from the material properties together with the geometric dimen-

sions. Knowing the element stiffness matrix, that is, the ”force-displacement” relationship for each

structural element, the ”force-displacement” relationship for the complete structure is assembled using

standard matrix methods. [104]

2.1.1.2 Tsai-Wu failure criterion

Composites are anisotropic materials, which means that the properties depend on the material direc-

tions. Thus, failure criteria for these materials are more complex than those used for isotropic materials

as they need to consider strength in all independent directions.

Laminate composites are classified as orthotropic materials, thus having properties that are different

in three mutually orthogonal directions [105]. Considering a single ply of a laminate, there are five

independent strength constants that correspond to maximum allowed in-plane stresses in the principal

axes. They are defined as follows:

• SLt - Longitudinal tensile strength

• SLc - Longitudinal compressive strength

• STt - Transverse tensile strength

• STc - Transverse compressive strength

• SS - In-plane shear strength

Tsai and Wu suggested a quadratic criterion for a six-dimensional stress space, in which failure

occurs if the following is verified:

Fiσi + Fijσiσj = 1 i, j = 1, ..., 6 , (2.2)

wherein σ1,2,3 are the direct stresses in each of the principal directions, the remaining stress components

are σ4 = τ23, σ5 = τ31, σ6 = τ12 and Fi and Fij are strength tensors [106].

For a single orthotropic ply of a laminate, subject to plane stress, equation 2.2 is simplified to [106]:

F1σ11 + F2σ22 + F6τ12 + F11σ
2
11 + F22σ

2
22 + F66τ

2
12 + 2F12σ11σ22 = 1 , (2.3)
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where the strength coefficients can be determined by the following expressions:

F1 =
1

SLt
− 1

SLc
;

F2 =
1

STt
− 1

STc
;

F6 = 0;

F11 =
1

SLtSLc
;

F22 =
1

STtSTc
;

F66 =
1

S2
S

.

(2.4)

However, the in-plane interaction term F12 must de discovered by a bi-axial tensile test. In such test,

the shear stress τ12 is null and the stress state will correspond to an equal tensile stress in both principal

directions, σ11 = σ22 = σ. Then, by replacing the known stresses and coefficients in equation 2.3, F12

can be calculated by [105]:

F12 =
1

2σ2

[
1−

(
1

SLt
− 1

SLc
+

1

STt
− 1

STc

)
σ −

(
1

SLtSLc
+

1

STtSTc

)
σ2

]
. (2.5)

Nevertheless, it is possible to estimate F12 with the relation [105]:

− 1

2
(F11F22)1/2 ≤ F12 ≤ 0 . (2.6)

Unlike other simpler criteria, one advantage of the Tsai-Wu failure criterion is that it takes into ac-

count the interaction between different stress components. Moreover, it has a good compatibility with

experimental data[105][107][108].

2.1.2 Aerodynamic Analysis

There are two separate stages of the aerodynamic analysis. A LF calculation of the aerodynamic loads

based on Prandtl’s Lifting Line Theory (LLT) and also a HF CFD analysis performed with ANSYS CFX

[109].

A brief theoretical insight on both Prandtl’s LLT and CFD simulation is presented on subsections

2.1.2.1 and 2.1.2.2, respectively.

2.1.2.1 Prandtl’s Lifting Line Theory [110]

Prandtl’s LLT is used to demonstrate the aerodynamic behavior of straight three-dimensional wings.

Although it considers wing twist as well as varying chord and airfoil along span, it does not take into

account dihedral or sweep on the wing. This theory assumes inviscid incompressible flow and it can be

considered a good approximation for wings with an aspect ratio AR ≥ 4 .
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By observation of real wings, it is known that finite wings induce circulation extending from tip to

tip. Moreover, a vortex that extends far into the flow field behind the wing is shed from each wingtip.

This behavior can be approximated by replacing the wing with multiple horseshoe vortices with different

but constant strengths. Each vortex is formed by a bound vortex in the spanwise direction, plus two

trailing vortices, one on each side, that extend to infinity behind the wing. The representation of said

approximation is shown in figure 2.1.

Figure 2.1: Wing approximated by a system of vortices [110].

This allows for a distribution of circulation Γ(y) along span, where y corresponds to a specific span-

wise station, which is transformed into angular form to simplify posterior calculations:

y =
b

2
cos(θ), θ ∈ [0, π] , (2.7)

where b is the wingspan.

The spanwise distribution of vortex strengths is represented by a Fourier sine series of N elements:

Γ(θ) = 2bV∞

N∑
n=1

Ansin(nθ) , (2.8)

where, V∞ denotes the free-stream airspeed and An are the coefficients of the Fourier series that will

be determined and used for the aerodynamic characterization of the lifting surface.

Figure 2.2: Representation of the different angles in a local section of a three-dimensional wing [111].

The trailing vortex sheet induces a downwash on the wing displayed on figure 2.2 for each spanwise
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section. The velocity of the induced downwash wi is given by:

wi = V∞

∑N
n=1Ansin(nθ)

sinθ
. (2.9)

Also from figure 2.2, the downwash angle is then:

αi =
wi
V∞

. (2.10)

It verifies that the local flow angle at each section is equal to the sum of the three-dimensional wing’s

angle of attack (α), plus the section twist (γ) minus the downwash angle [111]:

α2D = α− αi + γ . (2.11)

Knowing that the two-dimensional section lift coefficient is a function of the local flow and the bound

vortex strength at this span location, it is possible to rearrange the relation expression:

CL2D
= a0(α2D − α0) =

2Γ

V∞c

⇔ Γ =
1

2
a0V∞c(α− αi + γ − α0) ,

(2.12)

where, a0, c and α0 are the lift slope, the chord and the zero lift angle for the considered section,

respectively.

Equations 2.8 and 2.12 can be combined to form the monoplane equation. Considering the simplifi-

cation µ = a0c
4b , the latest is given by:

N∑
n=1

(Ansin(nθ)(sinθ + nµ)) = µ(α+ γ − α0)sinθ . (2.13)

In order to solve for the coefficients An, the previous equation is applied for all N spanwise stations and

then used to build the aerodynamic influence matrix:


sinθ1(sinθ1 + µ) sin(2θ1)(sinθ1 + 2µ) · · · sin(Nθ1)(sinθ1 +Nµ)

sinθ2(sinθ2 + µ) sin(2θ2)(sinθ2 + 2µ) · · · sin(Nθ2)(sinθ2 +Nµ)
...

...
. . .

...

sinθN (sinθN + µ) sin(2θN )(sinθN + 2µ) · · · sin(NθN )(sinθN +Nµ)





A1

A2

...

AN


=

=



µ(α+ γ1 − α01
)sinθ1

µ(α+ γ2 − α02)sinθ2

...

µ(α+ γN − α0N )sinθN


.

(2.14)

Subsequently, with all the An coefficients calculated, the lift, and accordingly the lift induced drag,

are obtained from the following expressions, respectively:
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L = ρV∞

∫ b
2

− b2
Γ(y)dy , (2.15)

Di = −ρ
∫ b

2

− b2
wi(y)Γ(y)dy ⇒ Di =

ρV 2
∞

2
b2π

∑
nA2

n . (2.16)

2.1.2.2 CFD - ANSYS CFX

ANSYS CFX [109] uses element based finite volume method (FVM). This method consists on a dis-

cretization of the spatial domain in non-overlapping elements or finite volumes forming a three-dimensional

mesh. These volumes preserve information about determined quantities like mass, momentum and en-

ergy.

Following, there is the integration of the differential equations over each element to generate alge-

braic equations that are then solved to determine the solution.

In FVM, the flux entering a given volume is identical to that leaving the adjacent volume, making it a

rigorously conservative method [112].

The governing differential equations in ANSYS CFX [109] are the unsteady Navier-Stokes equations.

These are composed by the five equations, 2.17, 2.18, 2.19, 2.20 and 2.21, which respectively represent

the conservation of mass, momentum in the three directions and energy [113]:

∂ρ

∂t
+∇ · (ρU) = 0 , (2.17)

ρ
Du

Dt
= −∂p

∂x
+∇ · (µ∇u) + SMx , (2.18)

ρ
Dv

Dt
= −∂p

∂y
+∇ · (µ∇v) + SMy

, (2.19)

ρ
Dw

Dt
= −∂p

∂z
+∇ · (µ∇w) + SMz

, (2.20)

ρ
Di

Dt
= −p∇ ·U +∇ · (κ∇T ) + Φd + Si . (2.21)

where, U = {u, v, w} represents the velocity vector, p is the pressure, ρ is the air density, µ is the

dynamic viscosity, SM is the momentum source, i is the internal energy, κ is the thermal conductivity,

T is temperature, Si = SE − U · SM , with SE being the energy source and finally, Φd is the dissipation

function that considers the effects due to viscous stresses.

This set of equations, together with a turbulence model, can model accurately both laminar and

turbulent flows without additional information. Nonetheless, to be solved directly, turbulent flows usually

require a computing power many orders of magnitude higher than available today [114]. Thus, it is

necessary to apply turbulence models to predict the effects of turbulence.
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The implemented model is the Shear Stress Transport (SST). This is a two-equation model based

on k-ω, that uses two transport equations, one for the turbulent kinetic energy, k, and other for the

turbulent frequency, ω, assuming that the turbulence viscosity is linked to the turbulent kinetic energy

and turbulent frequency [114]. The difference is that SST also accounts for the transport of the turbulent

shear stress, giving highly accurate predictions of the onset and the amount of flow separation under

adverse pressure gradients [114].

2.2 Optimization Problem

2.2.1 Basic concepts and problem formulation

Before proceeding with a more detailed description of optimization methods and algorithms, it is impor-

tant to clarify concepts and introduce definitions that are used throughout this thesis.

The first major step in optimization is to define the optimization problem itself, starting with the se-

lection of what to optimize. According to the requirements and desired goals, an objective function f

is defined. The objective function is a quantitative measure of how good a design is, thus allowing to

compare two designs.

Each design is defined by a set of parameters on which f depends on. The parameters that are

allowed to vary in the design process are designated design variables. A k-dimensional vector of values

corresponding to k different design variables is called a design point (x). The combination of the domain

for each design variable forms the design space.

Most complex engineering optimization problems have design limitations. In aircraft design, these

may correspond to weight restrictions or performance minima, for example. Each limitation is specified

by a constraint. Constraints can be applied either to design variables, in which case are considered

bounds, or to dependent outcomes, such as having a specified maximum lift coefficient. Constraints

may also be divided in equalities and inequalities, depending on if they are written with = or if they are

defined with <,>,≤ or ≥, respectively.

Thus, it is possible to state the optimization problem as [97]:

minimize f(x)

w.r.t x ∈ χ

subject to hp = 0, p = 1, 2, ..., Nh

gm ≥ 0, m = 1, 2, ..., Ng

, (2.22)

where h is the vector of equality constraints, g is the vector of inequality constraints, that includes the

bounds on design variables, and χ is the feasible set of design points corresponding to the region of the

domain in Rk where all constraints are satisfied.

Additionally, the notation Y is used when referring to the criterion space, wich is the image of χ

through f .
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2.2.2 Multiobjective Optimization-Pareto frontier and Weighted sum method [97]

In complex aerospace design problems is often advantageous to make an optimization with multiple

objectives simultaneously to reach a balanced and overall optimal solution. Multiple objectives imply the

existence of multiple optima. It is then essential to prioritize the existing objectives in order to select

the most adequate solution. A Pareto frontier is a useful tool for decision-making regarding trade-offs

between objectives. Before presenting the definition of a Pareto frontier it is necessary to point out the

concept of Pareto optimality. A design point (x) is considered Pareto optimal if it does not exist an x′ ∈ χ

such that x′ dominates x. Having this, it is also fundamental to clarify the meaning of dominance in the

previous definition. In multiobjective optimization, x dominates x′ if and only if

fi(x) ≤ fi(x′) for all i in {1, ...,m}

and fi(x) < fi(x
′) for some i ,

(2.23)

where, m is the number of different objectives and f = {f1, · · · , fm} is the objective function that returns

a m-dimensional vector of values y, in which each dimension corresponds to one objective. In other

words, a point is Pareto optimal if it is impossible to improve one objective without making, at least, one

other objective worse. Such relation is illustrated in figure 2.3.

Figure 2.3: Objectively ranked design points in multiobjective optimization [97].

A Pareto frontier is defined as the set of Pareto-optimal points in the criterion space. There are

some methods to generate a Pareto frontier, one of them being the Weighted sum method. This method

makes use of a vector of weights w to define priorities between objectives. The weight vector transforms

the multiobjective functions f into a combined single objective f :

f(x) = w>f(x) , (2.24)

where the elements of w are non-negative and sum to one when non-dimensionalized, and each one is

associated with a different objective. If the selection of weights is not evident, the space of weights can

be swept to generate the Pareto frontier. In a two-dimensional space, w1 varies from 0 to 1, while w2 is

parameterized as w2 = 1− w1. This procedure is shown in figure 2.4.
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Figure 2.4: Pareto frontier generation using the weighted sum method [97].

2.3 Sampling Plan

Surrogate optimization is a good option for problems where the function evaluations are expensive. An

initial set of points is required to generate these surrogate models. Furthermore, the points should be

uniformly spread (space-filling), in order to achieve an uniform level of accuracy, as the approximations

are more accurate closer to points where the objective function was evaluated.

There are multiple methods to select an initial set of points that cover the region as well as possible,

one of which is the Latin-Hypercube Sampling and it is described in the subsection bellow.

2.3.1 Latin-Hypercube Sampling

Latin-Hypercube sampling is an uniform projection plan, that is, it has an uniform distribution of points

over each dimension, meaning that projections on the axis of each dimension do not overlap [93].

A Latin-Hypercube is built by gridding the design space and splitting it in equal sized boxes. Points

are then placed in these boxes, in such way that, when projected parallel with any of the axis, the

points will not coincide. This is a generalization of a Latin square to any number of dimensions. A Latin

square is a n× n grid filled with n different numbers, where each row and each column has exactly one

of each numbers [115] (figure 2.5). For a n × n grid, the distribution of n points can be done with a

permutation of n elements. Therefore, Latin-Hypercube samples can be obtained using a permutation

in each dimension.

Figure 2.5: A 4× 4 Latin square constructed from the distribution of values {1, 2, 3, 4}[97].
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2.3.2 Space-filling metrics - Pairwise Distances

Not all uniform projection plans provide a good cover of the search space (for example a sampling plan

that covers the grid diagonal in a two-dimensional design space). Therefore, it is important to choose a

good sampling plan that fills the design space, considering that the bigger the distance from the samples,

the smaller is the ability of the model to generalize the response.

The best approach is to generate multiple sets of samples and choose the best. The selection is done

based on a comparison criterion. The criterion used throughout this project is the pairwise distances

[97].

First, all distances between any two points (x and x′) of a sampling plan are calculated and all the

different ones are stored in a vector in ascending order. To do this, the normalized distance, using the

Euclidean norm [93] was used:

d(x,x′) =

√√√√∑k
i=1

(
xi−x′i

ximax−ximin

)2

k
, (2.25)

where k is the number of dimensions and ximax and ximin are the maximum and minimum values of the

ith dimension of x.

This is done for all the sampling plans. Afterwards, the vectors of each set are compared element

by element. The one with the first pairwise distance that exceeds the other is chosen as it is considered

more space-filling [97].

2.4 Surrogate Model

The model chosen for this project is the Kriging model, which will be briefly described bellow. First off,

the sample points at which the real function was evaluated are denoted as x(i) (i = 1, · · · , n), where n

is the number of samples. Moreover, the function evaluations at these points are y = [y(1), · · · , y(n)]

2.4.1 Kriging Model [93]

First developed and named after the mining engineer Danie Krige in [116], formalized by Matheron [117]

and later introduced in engineering [118, 119], the Kriging model is used to estimate the response of a

function at an unsampled location.

Assuming that the deterministic value of y(x) results from a combination of a deterministic plus a

stochastic processes Y (x), it can be represented by:

Y (x) = µm + ε(x) , (2.26)

where µm is the mean of the response at a sampled design point and ε(x) is the error that represents

the fluctuations around the trend. The latest has zero expected value (E[ε(x)] = 0), arising out of a

stationary Gauss process. The correlation between fluctuations depends only on the distance between
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the considered locations. Having this, the correlation between two points in χ, x and x′, is given by the

following common kernel (squared exponential kernel) function kse(x,x′):

cor[Y (x), Y (x′)] = kse(x,x
′) = exp

 m∑
j=1

θj(xi − x′i)2

 , (2.27)

where m is the number of design variables. The covariance function is then expressed as

Cov[Y (x), Y (x′)] = σ2cor[Y (x), Y (x′)] , (2.28)

where σ2 is the variance of the Gaussian distribution. Accordingly, the correlation matrix for the observed

data Ψ is defined as:

Ψ =


cor[Y (x(1)), Y (x(1))] · · · cor[Y (x(1)), Y (x(n))]

...
. . .

...

cor[Y (x(n)), Y (x(1))] · · · cor[Y (x(n)), Y (x(n))]

 . (2.29)

Additionally, the covariance matrix is then

Cov(Y ,Y ) = σ2Ψ . (2.30)

It is necessary to choose the adequate parameters θ in order to build a more accurate approximation

model, as they affect the influence of each design variable on the function to be approximated. This

selection is based on the maximum likelihood estimation (MLE) method.

The likelihood of a model measures the probability of the initial data set having resulted from the

model, given the parameters set. This method maximizes the likelihood with the goal of reaching the

most appropriate θ parameters. As follows, the maximum likelihood estimates for µm and σ2 are:

µ̂m =
1>Ψ−1y

1>Ψ−11
, (2.31)

σ̂2 =
(y − 1µm)>Ψ−1(y − 1µm)

n
, (2.32)

where, 1 is a n× 1 column vector of ones.

The prediction of the true function y(x) at an unsampled point should also be consistent with the data,

as well as with θ. Thus, the prediction ŷ(x) will be such that maximizes the likelihood of the sample data

plus the prediction, given the hyperparameters, resulting in the following expression for the prediction:

ŷ(x) = µ̂m +ψ>Ψ−1(y − 1µ̂m) , (2.33)

where ψ is the correlations vector between observed data and the new prediction, defined as:
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ψ =


cor[Y (x(1)), Y (x)]

...

cor[Y (x(n)), Y (x)]

 . (2.34)

In addition, it is also possible to calculate an estimate of the variance of the prediction:

ŝ2(x) = σ2

[
1−ψ>Ψ−1ψ +

1− 1>Ψ−1ψ

1>Ψ−11

]
. (2.35)

2.5 Surrogate Search

After defining the initial surrogate model, it is important to know how to evolve and improve the surrogate

aiming to find a global optimum. There are various infill criteria to select a new design point to be

evaluated in order to update the model and search for a minimum. The following criteria were used and

tested for this project and a short description will be presented.

2.5.1 Prediction based

Prediction based exploitation is a local optimization technique that consists on minimizing the surrogate

function. Thus, the region around the predicted optimum is exploited, resulting in new update points near

the previous. Although it is an efficient optimizer with fast convergence, if the initial model is not a good

approximation of the real function and the surrogate has long steep valleys, the optimization might get

stuck on local minima, which will require the restart of the search from a different starting point hoping

for it to be in a better region, closer to the global optimum [93].

In these situations of poor initial surrogates it is suitable to start searching away from the current

minimum, making use of more global criteria.

2.5.2 Expected Improvement

Opposite from the previous method, there is the Expected Improvement (EI) exploration. It is a more

global search criteria that focuses the exploration on maximizing the expected improvement over the

current best function evaluation, ymin.

Improvement for a function sampled at x producing y = f(x) is defined as [97]:

I(y) =

ymin − y, if y < ymin

0, otherwise
. (2.36)

Correspondingly, the probability of such improvement can be calculated [93]:

P [I(x)] =
1

ŝ
√

2π

∫ 0

−∞
e−[I−ŷ(x)]2/(2s2)dI . (2.37)
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At already sampled points, where the measurements are noiseless, the probability of improvement

P [I(x)], and thus the expected improvement E[I(x)], will both be null as the objective values at those

points are already known. Having this, and knowing ŷ and ŝ2, the expected improvement using a distri-

bution predicted by a Gaussian process is given by [93]:

E[I(y)] =

(ymin − ŷ(x))Φ
(
ymin−ŷ(x)

ŝ(x)

)
+ sφ

(
ymin−ŷ(x)

ŝ(x)

)
, if s > 0

0, if s = 0

, (2.38)

where, Φ(·) is the cumulative distribution function and φ(·) probability density function. Equation 2.38 is

evaluated using the error function, which results in [93]

E[I(y)] = (ymin − ŷ(x))

[
1

2
+

1

2
erf
(
ymin − ŷ(x)

ŝ(x)
√

2

)]
+ ŝ(x)

1√
2π

exp
[
−(ymin − ŷ(x))2

2ŝ2(x)

]
. (2.39)

This criterion takes into account the probability of improvement as well as the amount of improvement

itself. This will allow the possible highlight of new samples further away from the current optimum that

can be a local minimum. Moreover, as P [I(x)] = E[I(x)] = 0 when ŝ = 0, even if the model ends up

isolating a local minimum, an expectation of improvement in an unsampled area will still allow to find the

global optimum. However, this process can be slow as it may take many iterations to converge [93].

2.5.3 WB2 and WB2S

On the other hand, the Watson and Barnes criterion (WB2), initially presented in [120], provides a

balance between exploration and exploitation. It is more local than the EI criterion as it consists on a

similar expression with an additional term corresponding to the predicted value [121]:

WB2 =

ŷ(x) + (ymin − ŷ(x))Φ
(
ymin−ŷ(x)

ŝ(x)

)
+ sφ

(
ymin−ŷ(x)

ŝ(x)

)
, if s > 0

0, if s = 0

⇔

⇔WB2 =

ŷ(x) + E[I(y)], if s > 0

0, if s = 0

. (2.40)

This criterion is used for ”locating regional extremes” [120] aiming to minimize the expected value of the

best evaluation after adding new infill samples.

Further, there is the WB2S method [96], that only differs from WB2 by adding a non-negative scaling

factor sf to the expected improvement:

WB2S =

ŷ(x) + sfE[I(y)], if s > 0

0, if s = 0

. (2.41)

The scaling factor is added to keep the exploration property of the expected improvement, since in

WB2 the magnitude of the term E[I(y)] is expected to decrease during the iterative process, possibly
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leading the optimization to a local minimum [96].

Both methods are appropriate for expensive high-dimensional problems with limited time and com-

putational resources, that require a convergence to the best possible solution while exploring multiple

promising regions [96].

2.5.4 Constrained search - Probability of feasibility

A possible approach for constrained problems, instead of constraining the optimization of the objective

function, is to take into account the existing constraints along with the objective function and merge them

all together in a new search function that will run unconstrained.

If the constraints are also modeled by surrogates, there are error measures for these quantities as

well, besides the objective function. In a full probabilistic approach, if the constraint models present low

predicted errors at a given point, and the surrogate shows a constraint violation, then the expectation

of improvement will be low as well, but not zero, as there is still a finite chance that an evaluation of

the constraint at that point proves to correspond to a feasible design. In opposition, large errors in the

constraints, will imply a considerable possibility that the constraints predictions are wrong meaning that

the new point will actually be feasible, thus there is a greater expectation of improvement [93].

Similarly to the calculation of the probability of improvement shown in equation 2.37, by following the

same logic, the probability of the prediction being greater than the constraint limit, i.e., the probability

that the constraint is met P [F (x)], or probability of feasibility (PF) is obtained by:

P [F (x)] =
1

ŝ
√

2π

∫ ∞
0

e−[F−ĝ(x)]2/(2ŝ2)dG , (2.42)

where g is the constraint function, gmin is the minimum allowed value, F = G(x)− gmin is the measure

of feasibility, G(x) is a random variable and ŝ2 corresponds to the variance of the model of the constraint

[93].

A suggestion made by Schönlau in [122], to include this concept in the search function, requires the

assumption that the objective function and the constraints are uncorrelated. For example, since both

models are independent, P [F (x)] can be coupled to the probability of improvement [93]:

P [I(x) ∩ F (x)] = P [I(x)]P [F (x)] . (2.43)

Likewise, P [F (x)] can be combined with multiple search functions, such as the ones presented in

2.5.1, 2.5.2 and 2.5.3.

2.6 Optimization algorithm - Genetic Algorithm

Having defined the search method for the surrogate, follows the selection of an adequate optimization

algorithm to operate the search.

Considering the case of a surrogate optimization with an initial data base of samples, population
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methods are suitable as they make use of an initial set of design points, called individuals. Further, the

collection of all individuals forms the population. The initial population is generated by random sampling.

From multiple existing population methods, the one used to solve this problem was a genetic algorithm

(GA).

Genetic algorithms are inspired in biological evolution, where fitter individuals have more probability

of transmitting their genes to the next generations. The design point associated with each individual

is called a chromosome [97]. Individuals with the best objective function values at each generation,

are considered the fittest and will, in turn, pass their chromosomes to the next generation by means of

crossover and mutation processes.

Initially, for a population of m chromosomes, a selection of m pairs is done to choose individuals to

use as parents of the m children of the next generation. This selection is based on one of three criteria:

truncation selection, tournament selection and roulette wheel selection. The first consists on randomly

selecting a parent out of a subset of the best k chromosomes. In tournament selection, k chromosomes

are randomly drafted and the parent will be the fittest of them. Lastly, roulette wheel selection, assigns

to each chromosome a probability to be chosen, proportional to its performance in comparison with the

rest of the population. The fitness of individual i can be set as max{y(1), · · · , y(m)} − y(i) [97].

Crossover is the process that follows. It consists on combining the chromosomes of the parents to

generate children. This can be achieved by applying either a single-point crossover, two-point crossover

or uniform crossover. If only one crossover point is used, the first portion of the child chromosome will be

identical to the one of one of the parents, and the final part to the other parent. The crossover point marks

the position of the transition and it is established uniformly at random. Similarly, two crossover points

will correspond to two transitions in the new chromosome. On the other hand, in uniform crossover,

each element of the chromosome has the same probability (50%) of coming from either one of the two

parents [97].

Finally, after the crossover, a mutation can occur. Mutations are important to introduce new traits that

were not present in the initial population, that otherwise would not appear. In addition, it allows more

exploration of the design space. Each element of the a chromosome has a small probability of suffering

a mutation. For a chromosome with m elements, the mutation rate is usually 1/m [97].

The population can widely cover the design space, allowing a better exploration that might avoid

that the optimization gets stuck in local minima. Another advantage of this algorithm is that it is simple

and straightforward to implement, however, it requires a large number of function evaluations, making it

computationally expensive, especially for a large number of design variables [123].
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Chapter 3

Optimization Problem -

Implementation

3.1 Problem Formulation

3.1.1 Mission Requirements

The first step to formulate the optimization problem is to identify and establish the requirements, their

level of importance and priority. This is essential work in order to define the objective function and set

constraints.

The aircraft’s assigned mission is described in section 1.2. In addition to the mission profile, other

requirements include a specified Maximum Take-Off Mass (MTOM), a minimum (dash) speed to allow

progression in extreme wind conditions, minimum static stability requirements and maneuverability.

The following requirements were presented by DRDC thus they should be prioritized. Moreover, the

list below does not cover anything related with the MAD sensor detection, as it falls out of the scope of

this thesis.

1. Endurance: The aircraft is demanded to endure a flight that can range from 1 hour for a close-range

surveillance mission, to more than 24 hours for a long-range mission;

2. Fuel: The total fuel weight to be carried will be directly related to the endurance. For close-range,

the fuel mass must be as low as 10% of the aircraft’s MTOM. This value may increase up to 50%

when considering long-range;

3. Payload: The major concern regarding payload is being able to carry the MAD sensor and the

electrical power supplies required for the correct functioning of the sensor. In addition, the posi-

tioning of the sensor must be such that the distance to engines and strong electrical currents does

not affect the magnetic detection.

4. Speed and Wind: The aircraft must be able to track a submarine and withstand surface winds

of approximately 12m/s. Regarding speed, in the worst case scenario, the aircraft must be fast
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enough to follow a submarine that is traveling in the same direction as the wind is coming from.

Taking into account all these demands, it was possible to define some problem parameters:

• MTOM equivalent to 25kg. This value was selected due to current Canadian legislation on non-

recreational UAV system operations stating that if the MTOM does not exceed 25kg, there is an

exemption from the requirement to obtain a Special Flight Operations Certificate (SFOC) [124].

• Cruise Speed of 35m/s. Taking into account the claimed record speed of 23m/s for a submerged

vehicle held by the soviet K-222 Papa class, nuclear-powered submarine [125], Vcr was set to a

higher value to ensure that the aircraft is able to follow any submarine, accounting for the average

wind speed presented on the fourth item in the list of requirements above.

• Dash speed of 60m/s, defined considering the value of Vcr and of stronger wind gusts velocity that

may occur during storms in the Arctic, which rarely exceed 25m/s [126].

The values set for each requirement were decided on team meetings and are displayed on table 3.1.

Table 3.1: Aircraft requirements for forward flight.

MTOM 25kg
Cruise speed 35m/s
Dash speed 60m/s
Stall speed 20m/s

Maximum operational Load factor 3g
Static margin (Kn) 10% MAC

CV T 0.02

As mentioned earlier, this aircraft is intended to have VTOL capability. However, the configuration can

be better optimized for cruise since the low speed landing requirement can be relaxed and a suitable

higher stall speed can be selected that allows aerodynamic benefits in cruise, namely by increasing

cruise (L/D).

Although not a popular aircraft configuration, the canard configuration has the potential to be more

aerodynamically efficient than a conventional configuration due to the always positive lift production on

the canard surface for trimming purposes in any center of gravity (CoG) longitudinal position. This does

not always happen in a conventional configuration. A static margin of 10% of the mean aerodynamic

chord (MAC) was chosen for longitudinal stability.

One major drawback of the configuration is the requirement that the canard stalls before the wing for

stability reasons, preventing the aircraft wing to achieve near stall CL values which would be a penalty

for landing speed and field length. Another would be the size or position of the vertical surfaces for

lateral stability, particularly at low speeds. These drawbacks are both tackled by the VTOL capability

that can potentially assist for stability and control during the low speed flight stages.

Thus, like stated in section 1.2, a canard configuration was chosen to be aero-structurally optimized

according to the mission and aircraft requirements.
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3.1.2 Objective Function

Taking into account the given requirements, the ultimate objective of the optimization problem is to

maximize range. Range estimates can be calculated using the Breguet equation for propeller aircraft

[127] shown below:

R =
η

g

(L/D)

BSFC
ln
(
mi

mf

)
, (3.1)

where, η, g, (L/D), mi, mf and BSFC are the propeller efficiency, the acceleration of gravity, the lift

to drag ratio, the initial mass, the final mass at the end of the mission segment and the brake specific

fuel consumption, respectively. The last is defined as the mass flow rate of fuel per unit of engine

output power and it is measured in (kg/(W.s)), SI units. Since mi and payload mass are assumed

to be constant in this study, savings in structural mass will result in extended range due to increased

fuel capacity and not exclusively because of a potential reduction in aerodynamic drag arising from a

reduction in total aircraft mass.

However, at this stage of the design there is not enough information about the propulsion system to

be used on the UAV, neither about all the different components that will be integrated and their masses.

Hence, instead of setting equation 3.1 as the objective function, a multiobjective optimization including

(L/D) and the structural mass mS is chosen. The weighted sum method presented in section 2.2.2

allows to merge both objectives into a single function that measures the variation of range relative to a

reference aircraft configuration.

It is now essential to establish criteria and assumptions to define the weights for each objective. As

an approximation, range is assumed to vary linearly with both (L/D) and mS . This translates into the

following expression for the variation of range when compared to a reference:

∆R

Rref
=

1

Rref

∂R

∂(L/D)
∆(L/D) +

1

Rref

∂R

∂mS
∆mS . (3.2)

The influence of the two components can be established from equation 3.1. It is straightforward that

if the (L/D) ratio of a certain configuration is double of the reference (L/D)ref while every other factor

is equal, the range (Rref ) will also increase 100% from the reference, accordingly. Thus, the derivative
∂R

∂(L/D) can be easily obtained:

∂R

∂(L/D)
=

2Rref −Rref
2(L/D)ref − (L/D)ref

=
Rref

(L/D)ref
. (3.3)

The same process is used for the structural mass, which is considered to be a fraction of the final

mass (mS = mS/mf ×mf ). Hence, if mS is double of mSref , mf will be (1 +mSref /mfref ) times higher.

As follows, the derivative ∂R
∂mS

is calculated:

∂R

∂mS
=

ln

 mi(
1+

mSref
mfref

)
mfref

− ln
(

mi
mfref

)
2mSref −mSref

× η

g

(L/D)

BSFC
= −

ln
(

1 +
mSref
mfref

)
mSref

× η

g

(L/D)

BSFC
. (3.4)
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Substituting equations 3.3 and 3.4 in equation 3.2 results in:

∆R

Rref
=

∆(L/D)

(L/D)ref
−

ln
(

1 +
mSref
mfref

)
ln
(

mi
mfref

) ∆mS

mSref

, (3.5)

where, ∆(L/D) = (L/D)− (L/D)ref and ∆mS = mS −mSref .

Therefore, the weights of each component of the objective are defined as 1 and −
ln
(

1+
mSref
mfref

)
ln
(

mi
mfref

) for

(L/D) and mS , respectively.

For the first reference configuration it was assumed that the structural mass was 50% of the empty

aircraft mass (mf ). This assumption was somewhat arbitrary but considered reasonable by the author.

At each iteration, the new final and structural reference masses (mfref and mSref ) will correspond to

the previous plus the variation of structural weight from the prior best to the current best configuration

(equation 3.6):

mfrefi
= mfrefi−1

+ (msbesti
−msbesti−1

) , (3.6)

where i identifies the current iteration.

The reference design mentioned is updated during the optimization process and it will always corre-

spond to the best configuration from the current set of analyzed samples. A configuration is considered

the best if it is feasible and has the highest value of the prevailing objective function from all the samples.

Equation 3.5 is the objective function used for this optimization problem.

3.1.3 Design Variables and Parameterization

In order to evaluate the (L/D) and mS values required to calculate the objective function value, aero-

dynamic and structural models were built based on the parameterization summarized in this section. A

detailed description of the parameterization of the geometric model is presented on appendix A.

The design variables include geometric, aerodynamic and structural variables. The wing planform is

defined using span (bw), leading edge sweep angle (Λw) and bilinear chord and twist distributions defined

with four parameters each (crootw ,cdiscw ,ctipw ,ycdisc and γwroot ,γwdisc ,γwtip ,yγdisc ). The relative thickness

and camber of the wing airfoil are also variable parameters (tw and cbrw). The wingbox structure of the

wing is defined in a similar way. The thickness distribution of the wing spars and skin are also defined

by 4 parameters each (thktipspar ,thkdiscspar ,thkrootspar and thktipskin ,thkdiscskin ,thkrootskin , together with

ycdisc ). The chordwise position of the aft spar of the wing is fixed as 70% of the local chord while the

position of the front spar (posfspar) can vary between 10% and 25% of the local chord.

A trapezoidal winglet geometry parameterization is also included with span (bwglt), taper ratio (λwglt)and

winglet sweep (Λwglt) as variable parameters. Relative thickness and camber of the winglet airfoil are

also design parameters (twglt and cbrwglt). Figure 3.1 shows a possible configuration for the wing plus

winglet.

The canard planform is rectangular with a variable area (Sc) and span (bc). The camber of the canard
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(a) Wing contours. (b) Wing surfaces.

Figure 3.1: Wing representation.

airfoil is other variable parameters in the design (tc and cbrc). A constant thickness tube is the structure

modeled to support the canard loads and its radius and thickness values are design parameters (rtube

and thktube).

Root chord, taper ratio and span are the parameters defining the vertical fin (crootf , λf and bf ,

respectively). It has a fixed symmetric airfoil and only one spar located at 70% of its chord.

All airfoils are defined by the NACA 4-digit airfoil parameterization [128].

Distance between wing and canard aerodynamic centers (lc) and canard vertical position (zc) are

also variable and define the lifting surfaces completely in the configuration.

Lastly, the structure of the fuselage will consist on two identical laminate spars with constant thick-

ness and parallel to each other along the length of the fuselage. Each spar is designed with a circular

hole to fit the canard tube spar and a cut in the upper part to support the wingbox (seen in figure A.3 on

section A.3 of appendix A).

As regards the baseline shape of the fuselage, it was previously defined using the SOLIDWORKS

software [129] by Bruno Luı́s, as part of his master thesis [1], with the main focus of accommodating

the MAD sensor on the nose of the aircraft. The resulting shape is presented on figure 3.2 and it is the

one considered throughout this project. Thickness of fuselage spars (thkfuse) as well as spanwise and

transverse fuselage scaling factors (yscale and zscale) finalize the set of variable configuration parameters

used as design variables during the optimization. Table 3.2 below summarizes the design variables used

in this optimization.

3.1.4 Constraints

Aiming to reduce the computational resources required for the optimization, namely HF CFD analyses,

constraints related to geometry, trim conditions, longitudinal, directional and lateral stability and stall

conditions were taken as considerations during the definition of the design variables and their boundaries

and during the analysis of the different configurations.

The payload requires a minimum distance between the fuselage spars so it can fit inside and be

attached to them. This limitation is considered in the bounds of the related geometric variables, always
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(a) Longitudinal view of the fuselage. (b) Front section view of the fuselage.

Figure 3.2: Fuselage geometry.

Table 3.2: Design variables plus correspondent lower and upper bounds with respective units.* posbot
and postop correspond to the positions on the fuselage spar with a safety margin to the lower and upper
edges, respectively.

Variable L.B U.B Variable L.B U.B

yscale[ ] 1 1.05 γwtip [deg] γwdisc − 3 γwdisc
zscale[ ] 1 1.05 yγdisc [m] 0.3bw/2 0.7bw/2

thkfuse[m] 0.002 0.005 Λw[deg] 0 30
rtube[m] 0.2cctc 0.9cctc tw[ ] 0.1 0.15
thktube[m] 0.2rtube rtube cbrw[ ] 0 0.07
posfspar[m] 0.1c(y) 0.25c(y) bwglt[m] 0.05 0.2
thktipspar [m] 8.0× 10−4 1.5× 10−3 λwglt[ ] 0.2 0.6
thkdiscspar [m] 8.0× 10−4 3.0× 10−3 Λwglt[deg] 0 30
thkrootspar [m] 1.0× 10−3 5.0× 10−3 twglt[ ] 0.08 0.12
thktipskin [m] 6.0× 10−4 1.5× 10−3 cbrwglt[ ] 0 0.02
thkdiscskin [m] 6.0× 10−4 2.0× 10−3 bc[m] 1 2
thkrootskin [m] 6.0× 10−4 3.0× 10−3 Sc[m

2] 0.15Sw 0.25Sw

bw[m] 2.3 4 lc[m] 1.5 3.5
crootw [m] 0.15 0.5 zc[m] pos∗bot pos∗top
cdiscw [m] 0.1 crootw cbrc[ ] 0 0.07
ctipw [m] 0.1 cdiscw crootf [m] 0.1 0.2
ycdisc [m] 0.3bw/2 0.7bw/2 λf [m] 0.2 0.6
γwroot [deg] -3 10 bf [m] 0.2 0.4
γwdisc [deg] γwroot − 3 γwroot

assuring that the fuselage has the minimum width.

It is essential that the wing always stalls after the canard so that the aircraft can recover without

entering an irreversible stall, which translates to CLc > CLw , where the subscripts c and w indicate

canard and wing respectively. Assuming the wing generates 80% of the total lift and that the remaining

lift is generated by the canard, the canard will have a high probability to stall first if the relation (Sc/Sw) <

0.25 is verified, where S represents the lifting surface area. Said relation is included as a consideration

in the parameterization of the geometry, once again limited by the bounds on the design variables.

Other constraints were included during the CFD analysis of a configuration, including two trim con-

ditions: lift equal to the total weight; and zero pitching moment (Cm = 0). Additionally, a positive static

margin (Kn > 0) that ensures a longitudinally stable aircraft [130] condition is also imposed. By allowing
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the position of the CoG, the incidence of the canard and the angle of attack (AoA) to change in each

analysis, it is guaranteed the mentioned constraints will be respected for a specific combination of the

three parameters.

Directional and lateral stability requirements are attained by sizing the vertical fin geometry using

the previously determined volume coefficient equal to 0.02, assumed to be sufficient for good handling

conditions in flight [131].

The only constraint in this optimization procedure that requires a direct evaluation using a structural

model is the structural failure criterion at the ultimate load case considered, with a vertical load factor of

4.5g. Since the modeled structure is assumed to be entirely made of Carbon Fiber Reinforced Polymers

(CFRP), the Tsai-Wu failure criterion for composite materials (section 2.1.1.2) was used for this purpose.

The feasible region regarding this constraint will be where the Tsai-Wu failure index is smaller than 1.

3.1.5 Optimization Statement

In summary, the optimization problem can be presented as the maximization of range, with respect to the

design variables shown in table 3.2 limited to the respective bounds, and subject to the failure constraint,

according to which the maximum Tsai-Wu ratio index must be smaller than 1.

As the goal is to maximize range, the function provided to the optimizer for minimization is the sym-

metric of equation 3.5.

Having this, the optimization problem can be stated as:

minimize − ∆R
Rref

w.r.t yscale, zscale, thkfuse, rtube, thktube, posfspar, thktipspar , thkdiscspar , thkrootspar , thktipskin ,

thkdiscskin , thkrootskin , bw, crootw , cdiscw , ctipw , ycdisc , γwroot , γwdisc , γwtip , yγdisc ,Λw, tw,

cbrw, bwglt, λwglt,Λwglt, twglt, cbrwglt, bc, Sc, lc, zc, cbrc, crootf , λf , bf

subject to Max. Tsai-Wu failure index < 1

,

(3.7)

3.2 MDA Procedure

The MDA of this optimization problem is mostly based on two disciplines, structures and aerodynamics.

In order to have a fully defined MDA, on which the optimization will be based, it is necessary to

establish a structured architecture that includes and couples all disciplines.

3.2.1 Discipline Coupling

The analysis conducted throughout this project can be divided in four major steps:
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1. Generation of geometry based on the inputs for the design variables.

2. An initial LF estimation of the aerodynamic loading on the wing and the canard based on Prandtl’s

LLT (section 2.1.2.1).

3. A structural FEM analysis executed to calculate the structural mass as well as to evaluate the

structural integrity and strength of the UAV by applying the previously determined aerodynamic

loads.

4. A HF CFD analysis is used to determine both trim and stability conditions, and also to gather

performance results.

The analysis of each configuration is sequential, following the presented order. Moreover, step 4

is only performed if the configuration proves to be structurally feasible on the previous step. A more

detailed description of each main step mentioned above is presented below. In addition, the whole

process is represented on the following flowchart (figure 3.3).

Figure 3.3: MDA architecture.

3.2.1.1 Geometric models

Two geometric models are generated from the set of design variables for each configuration, one corre-

sponds to the structure of the aircraft, while the other represents the outer surface.

The structural model is created in ANSYS Mechanical APDL [102]. Besides the parameterization

and dimensions, it is also necessary to supply the model with the materials correspondent to each

component, along with the respective properties. As mentioned above, the whole structure is made

of CFRP, in particular, carbon fiber laminate plates. The composite sheets used in the layers of the

laminates can be either unidirectional (UD) carbon-epoxy, or bidirectional woven carbon-epoxy. The

properties of both materials are presented on table 3.3. The minimum stress values with negative sign

correspond to compression stresses.
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Table 3.3: Materials properties.

UD Carbon-Epoxy Woven Carbon-Epoxy

ρc[kg/m
3] 1449.1 1422.9

Ex[MPa] 1.17×105 67100
Ey[MPa] 6070 67100
Ez[MPa] 6070 7500
νxy[ ] 0.3 0.05
νyz[ ] 0.42 0.3
νxz[ ] 0.3 0.3

Gxy[MPa] 3100 4000
Gyz[MPa] 1600 1600
Gxz[MPa] 3100 4000
σxmax [MPa] 1453 711
σxmin [MPa] -368 -356
σymax [MPa] 39.6 711
σymin [MPa] -45 -356
σzmax [MPa] 39.6 50
σzmin [MPa] -45 -150
τxymax [MPa] 41 54
τyzmax [MPa] 40 39
τxzmax [MPa] 40 39
hn[mm] 0.165 0.208

All spars are composed of a stacking of woven layers only, except the canard tube. The later is

entirely made of UD carbon, with a minimum of 6 layers. The fuselage and wing plus winglet spars have

a minimum of 10 and 4 layers, respectively. The vertical tail has a fixed number of 5 layers.

Regarding the skin laminates, the wingbox section has a minimum number of 3 woven layers, yet

more layers are added according to the defined thickness. These layers can be either UD or woven,

depending on the already existing layers. The stacking sequence with the addition of new layers follows

the scheme displayed in figure 3.4. The remaining skin components of the wing, as well as the vertical

fin have a fixed number of 3 woven layers.

Figure 3.4: Stacking sequence of the wingbox skin with the addition of new layers.

Secondly, the outer mold line (OML) of the entire aircraft’s surface in forward flight configuration is

generated using SOLIDWORKS [129].
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Figure 3.5 and Figure 3.6 depict the OML and the structural model of an example configuration,

respectively.

Figure 3.5: Outer mold line of an example configuration.

Figure 3.6: Structural model of an example configuration.

3.2.2 Aerodynamic Loading estimation

The load distribution on both wing and canard are obtained from Prandtl’s LLT coupled with taking as

inputs the geometries and position of the two lifting surfaces, considering an identical NACA 2412 airfoil

for both surfaces. Moreover, the loads are obtained for a trimmed 4.5g pull up maneuver, which is

considered the ultimate load case.

3.2.3 Structural Analysis

In order to determine the structural weight and the Tsai-Wu failure index, two FEM simulations are

performed making use of the ANSYS Mechanical APDL software [102]. In the first simulation, the

geometry of half of the aircraft is imported. Additionally, the properties of the composite materials

used, as well as the laminate stacking sequence for each component are also provided in the structural

model. Two element types were considered, ’SHELL181’ and ’MPC184’. The first is used to represent

all stuctural elements of composite laminates, while the second is used for the connections between the

different components of the structure.

As only half of the structure is represented, it is required to impose some boundary conditions in the

symmetry plane, in particular, zero displacement in the pitch axis direction, as well as zero rotation in
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the roll and yaw axes, for all the nodes on the symmetry plane of the aircraft.

From the first analysis it is possible to determine the mass of the structure and the associated CoG

position. These are then used to calculate the mass and location for a mass point that is added to the

model so that the total mass corresponds to the whole aircraft mass and the center of mass is at the

desired location previously estimated from the trim equations with the aerodynamic loading.

Thereafter, the second simulation is run after loading the surfaces of the wing and the canard with

the predetermined aerodynamic loads for a load factor of 4.5. After solving, the Tsai-Wu failure criterion

is evaluated for the whole structure and the maximum value saved for the posterior surrogate model

construction. The deformed shape together with the evaluation of the Tsai-Wu criterion for an example

configuration are shown in figures 3.7 and 3.8

Figure 3.7: Deformed structure shape relative to undeformed shape contours.

(a) Entire structure. (b) Zoomed critical region

Figure 3.8: Evaluation of Tsai-Wu failure criterion.

If the configuration is feasible (the maximum value of the Tsai-Wu failure index is smaller than 1),

said configuration will proceed to the CFD analysis.

3.2.4 CFD Analysis

The software employed to perform the HF aerodynamic analysis is the ANSYS CFX [109] with the SST

set as the turbulence model (section 2.1.2.2). The analysis is executed on the OML model which is

uploaded into the simulation.

Before running the simulation, it is essential to converge the mesh by setting the element size param-

eters, thus defining the number of elements. The parameters considered to vary the number of elements
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are the maximum element size for both the UAV and the airflow, the growth rate and the curvature nor-

mal angle for the elements on the surface of the aircraft. Figure 3.9 shows the variation of drag in N with

the number of elements of the OML.

Figure 3.9: Mesh convergence test for the CFD analysis (Drag D[N ] vs. total number of elements).

Figure 3.9 shows the mesh convergence test that was performed in order to set the number of

elements for the model. It verifies that the drag decreases with the increasing number of elements.

Furthermore, the drag shows a variation of only 1.2% for more than 5257669 elements. From these

results, it can be assumed that the mesh is converged beyond this point. The selected number of

elements, for which convergence was reached, corresponds to the following values for the defining

parameters:

• Aircraft maximum element size of 0.01m

• Airflow maximum element size of 0.5m

• Growth rate of 1.2

• Curvature normal angle for the elements on the surface of the aircraft equal to 10 degrees.

The mesh used is unstructured, composed by tetrahedral elements and it is depicted in figure 3.10.

Figure 3.10: CFD mesh.
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The evaluation of the aerodynamic performance is performed in 5 steps to attain the (L/D) for a

trimmed flight condition at cruise speed:

1. In the first simulation the configuration is run with the canard incidence (ic) at 0 degrees and for

three different angles of attack. By determining the values of CL and pitching moment coefficient

(Cm) for all three conditions it is possible to estimate the position of the neutral point based on

the AoA (α), dCL/dα and dCm/dα derivatives estimates, and subsequently the corrected CoG

position, using the expression dCm/dα = −(dCL/dα)Kn [130] and assuming a static margin of

10%.

2. The newly obtained CoG position is used to update the Cm value for the three AoA.

3. A new CFD run with a deflected ic by 2 degrees is used to determine the derivatives dCL/dic and

dCm/dic . These derivatives are then employed to estimate the value of ic which trims the aircraft

at an AoA of zero degrees.

4. With the new estimation of ic implemented to the geometry, a simulation run with the new model

for the three angles of attack takes place, obtaining new values of dCL/dα, dCm/dα , CLα=0
and

Cmα=0
for this specific ic. These new values allow for a more accurate linearization of the lift and

pitching moment around the previously calculated near trim configuration.

5. Finally, a linear system of two equations for CL and Cm, shown in Equation 3.8 (∆ic is the differ-

ence between ictrim and the first estimation of ic used in step 4), is built and solved for the ictrim

and αtrim, i.e., trim condition. A validation simulation is then executed to verify the trim as well as

to retrieve the value of (L/D) for the aircraft trimmed configuration.

CLtrim = dCL
dα αtrim + dCL

dic
∆ic + CLα=0

Cmtrim = 0 = dCm
dα αtrim + dCm

dic
∆ic + Cmα=0

. (3.8)

3.3 MDO methodology

3.3.1 Surrogate models

Three Kriging based stochastic surrogate models were built in MATLAB [132] for a complete approxima-

tion of the solution. Two of them were generated from the structural data, modeling the constraint value

corresponding to the Tsai-Wu failure index, and the structural mass required for the objective function,

respectively. These include all design variables and represent 37-dimensional spaces. The other model

represents the performance ratio (L/D), resultant from the aerodynamic data, and it is also used in the

construction of the objective function. Differently, the (L/D) model does not include all 37 dimensions

but only 27, as the aerodynamic analysis is completely independent of 10 structural variables, being

these the two variables defining the canard spar tube (rtube and thktube), the position of the front spar

of the wing (posfspar), as well as the 6 variables specifying the spar and skin thicknesses of the wing
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(thktipspar , thkdiscspar , thkrootspar , thktipskin , thkdiscskin and thkrootskin ) and the thickness of the fuselage

spar (thkfuse).

The DACE MATLAB toolbox [133] was applied to produce the Kriging approximations of the computer

models.

A sampling plan with 41 samples, obtained from Latin-Hypercube sampling (section 2.3.1), was

employed to generate the initial surrogates.

A cross-validation comparison was performed for the structural models of both Tsai-Wu and structural

mass with the purpose of selecting the regression model that better predicts the existing samples. Two

regression models from the DACE toolbox were considered and implemented in the Kriging surrogates,

a constant and a linear regression models. The average and maximum relative errors (e) were registered

for both quantities and for the two types of regression. Table 3.4 shows the collected results.

Table 3.4: Cross-validation results for the Tsai-Wu and structural mass models, with a constant and a
linear regression.

Tsai-Wu Structural mass
Regression: Constant Linear Constant Linear

e 1.25 2412.88 0.20 36.89
emax 7.59 98373.48 0.99 1527.62

The constant regression proved to be a better approximation of the initial samples for both the Tsai-

Wu and mS , thus being selected.

However, only 8 out of the 41 samples are structurally feasible, and thus available to build the model

for (L/D), as only the feasible design points proceed to the aerodynamic analysis. With 8 samples

for a total of 27 design variables, a constant regression is used for the (L/D) surrogate, since a linear

regression requires a total of n+ 1 sampled points, being n the number of design variables [133].

In all three models, the fluctuations around the trend are determined by Gauss correlations also

included in the used toolbox.

3.3.2 Search Algorithm

3.3.2.1 Method comparison

A comparison between different search methods was made with the purpose of selecting the most

adequate method for the problem defined in section 3.1, i.e., the most efficient, as well as effective and

consistent.

The objective function chosen for minimization in this study was the Branin function [93]. It is a

two-variable function defined by the following expression:

f(x) =

(
x2 −

5.1

4π2
x2 +

5

π
x1 − 6

)2

+ 10

[(
1− 1

8π

)
cosx1 + 1

]
, x1 ∈ [−5, 10], x2 ∈ [0, 15] . (3.9)
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This function has three global minima f(x∗) = 0.397887, at x = (−π, 12.275), (π, 2.275) and

(9.42478, 2.475).

A quadratic constraint function g(x) (equation 3.10) was considered during the optimization:

g(x) = 0.9(x1 − 6)2 + x2 − 10 ≤ 0 . (3.10)

As a result, the minimum at x = (π, 2.275) is the only one in the feasible region, near the boundary.

Figure 3.11 (a) illustrates in three dimensions the function from equation 3.9, while figure 3.11 (b)

depicts a projected view of the same function in the considered design space, including the constraint

boundary g(x), delineated by the red dashed line, together with the global optimum, identified by the

green cross.

(a) Branin function in three dimensions (b) Two-dimensional projection of constrained Branin func-
tion plus global minimum.

Figure 3.11: Representation of the Branin function.

The optimization problem is now constrained and admits only one global minimum, making it more

representative of an engineering problem.

Four different search methods, previously presented in section 2.5, were chosen for comparison,

being these, the EI, WB2, and the previous two plus the implementation of the probability of feasibility

P [F (y)].

The incorporation of the PF in the search function was done making use of a sinusoidal function as

follows:

fsPF (x) = fs(x)× sin
(
P [F (y)]× π

2

)n
, fs < 0

fsPF (x) = fs(x)×
(
1.1− sin

(
P [F (y)]× π

2

)n)
, fs ≥ 0

, (3.11)

where, fsPF and fs are the search functions with and without the probability of feasibility, respectively,

and n is a factor that regulates the strictness of the boundaries.

Using the P [F (y)] in the sine function changes the trend of the feasibility quantity from linear to

a curve, that returns higher values of feasibility than the P [F (y)] itself, thus making the search less

conservative. The influence of n is shown in figure 3.12. The smaller n is, the greater the increase in

37



the probability of feasibility will be. Further, for smaller n’s, this difference is more significant for lower

P [F (y)] values. For the comparison study, n was set to 0.25, allowing to increase the exploration in the

optimization.

Figure 3.12: Variation of the influence of the probability of feasibility with the parameter n.

A GA (section 2.6) was used to search the surrogate. The optimization was performed in MATLAB

[132] using the function ’ga’ with the properties defined in figure 3.13.

Figure 3.13: Relevant properties of ’ga’ function.

In order to accomplish a complete comparison, 14 different initial sampling plans were used. The

sampling plans differ from each other in the number of samples, sampling method from which they

were obtained, and also in the capacity to cover the design space, measured by the Pairwise distances

method shown in section 2.3.2.

Table 3.5 shows the results of each method for all the sets of samples. Sampling plans 7 and 8 were

randomly generated while the remaining result from Latin-Hypercube sampling (section 2.3.1).

It is verified that WB2+PF is the method with the fastest average convergence, with a global average

of 6.5 iterations, followed closely by WB2 that presents an average of 7.8 iterations. Differently, EI

and EI+PF show slower convergence rates, taking an average of 25.4 and 12.3 iterations to converge,

respectively.

Additionally, EI+PF is the method with more successful optimizations, as none of the fourteen at-

tempts failed. WB2 also shows effective results with 13 successful runs and 1 failed optimization, cor-

responding to sampling plan 3. WB2+PF failed one time more than WB2, with a total of 2 failures for

sampling plans 2 and 4. On the other hand, EI is very inconsistent, as only 6 of the 14 optimization runs

were successful. Failures are represented in the convergence column (Conv.) of table 3.5 by the symbol

×. Some of the failures are due to the GA reaching the defined number of maximum generations (50),
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Table 3.5: Test optimization results for each method, including an indication of convergence along with
the number of iterations.

Sampling Plan Mininum WB2 EI WB2+PF EI+PF
[no. samples] Pairwise Dist. Conv. It Conv. It Conv. It Conv. It

1 [3] 0.3913 X 9 × Max.It X 7 X 14
2 [3] 0.4420 X 28 × Max.It × – X 14
3 [3] 0.5029 × – × – X 11 X 8
4 [3] 0.7153 X 8 X 7 × – X 18
5 [3] 0.7040 X 7 X 9 X 10 X 25
6 [3] 0.6582 X 4 X 16 X 5 X 10
7 [3] 0.5728 X 4 × – X 5 X 14
8 [5] 0.0783 X 6 X 7 X 5 X 7
9 [5] 0.3079 X 5 × Max.It X 7 X 9

10 [5] 0.2389 X 13 × – X 5 X 15
11 [5] 0.3402 X 7 × – X 4 X 9
12[10] 0.1212 X 3 X 3 X 10 X 13
13 [10] 0.1007 X 3 X 12 X 5 X 5
14 [10] 0.0932 X 4 × Max.It X 4 X 11

displayed by the expression ”Max.It”. The remaining failures, represented by ”–”, result from the inability

of the ’ga’ function to find new points within the population, that have better predicted objective values

than the existing samples.

A thorough interpretation of the results allows to understand how the convergence changes with the

number of initial samples. For the method using the WB2 alone, it is possible to see that the average

number of iterations decreases significantly with the number of samples. The average changes from

10 to 7.75 and to 3.3 iterations, for 3, 5 and 10 initial samples, accordingly. This corresponds to a total

improvement of 67%. WB2+PF and EI+PF also show a reduction, yet smaller, on the number of required

iterations, with improvements of 17% and 34%, respectively. Differently, for EI, although a reduction of

18% is also verified, it is important to emphasize that the iterations of the sampling plans 1, 2, 9 and 14

are limited to the maximum of 50, and it would require more iterations for the optimization to converge.

From the observation of the results along iterations for sampling plan 12, it was noticed that the

implementation of the PF shown in equation 3.11 is not well set for all possibilities, more specifically,

when fs is positive. Figures 3.14 and 3.15 depict this flaw for iterations 5 and 6 of the optimization with

WB2+PF corresponding to sampling plan 12. These figures show the new design point prediction (black

cross), the existing samples at the current iteration (white crosses), as well as the approximation of the

constraint (red dashed line), represented on the plot of the surrogate of the Branin function (left side

plots), and also on the plot of the objective search function (right side plots).

The way it is set, when the goal is to minimize the objective function and fs is positive, a high P [F (y)]

should influence fs by decreasing its absolute value, while keeping it positive, thus the use of the term(
1.1− sin

(
P [F (y)]× π

2

)n). When a design point is certainly feasible (P [F (y)] = 1), the sine will also

be equal to 1 and the whole term will have its minimum possible value of 0.1. However, if the objective

value keeps oscillating between negative and positive, the search function may not have the desired
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Figure 3.14: Fifth iteration prediction of sampling plan 12 with WB2+PF method.

Figure 3.15: Sixth iteration prediction of sampling plan 12 with WB2+PF method.

behavior. Considering that, at a given iteration, there is a region with a correspondent negative value for

fs and it is surely unfeasible, P [F (y)] will be equal to zero, making fsPF also equal to zero. If there is any

region where fs is positive, even if the boundaries are well defined and P [F (y)] is equal to one, fsPF will

always be positive. Figure 3.14 displays this specific situation, where the optimizer will prefer the point

that is already acknowledged to be unfeasible, over the feasible points with positive values, which is not

correct.

In opposition, on the given example, the values of the search function at the unfeasible region turned

positive in the next iteration, driving the optimizer to make a new feasible prediction, close to the bound-

ary and close to the real optimum (figure 3.15).

After analyzing all results in detail, EI showed to be the least consistent method, with only 43%

success rate. Also, both methods using WB2 have significantly faster average convergence rates, with

WB2+PF being the one with the lowest total average of iterations.

On the other hand, WB2 converges faster for higher numbers of initial samples, and it is the fastest

method in the most number of sampling plans (7 against 5 of WB2+PF). Further, WB2+PF has the

fragility of the possible inversion of the sign of the search function, that could be a problem for the prob-

lem defined in section 3.1, as the objective function for range variation will show relative improvements

and the objective values are expected to be close to zero when reaching convergence, and may shift

between positive and negative.

Overall, WB2 proved to be the most advantageous method out of the four tested, as well as the

most adequate for the ongoing optimization problem. Nevertheless, depending on the initial samples

and the shape of the surrogate model, WB2 is not always the best approach. Also, in some situations

the convergence rate is much lower than average. For example, the results in table 3.5 for sampling
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plan 2, exhibit a required number of 28 iterations to converge when using WB2, which is 360% higher

than average. Aiming to improve this results, the optimization for this sampling plan was run again

considering two methods for comparison, WB2 and WB2S (section 2.5.3) with a scaling factor sf = 5.

From the observation of table 3.6, it can already be seen that WB2S was more effective than WB2,

as the later was incapable of converging in the 50 maximum iterations. WB2S was also more efficient

than the previous optimization with WB2 for the same sampling plan, reducing the number of iterations

by 36%.

Table 3.6: Test optimization results for WB2 and WB2S, including an indication of convergence along
with the number of iterations.

Sampling Plan Mininum WB2 WB2S
[no. samples] Pairwise Dist. Conv. It Conv. It

2 [3] 0.4420 × Max.It X 18

Figure 3.16 shows the eighteenth iteration for both methods, which is the last for WB2S. The pre-

dictions from the first ten iterations are very similar, with both methods selecting new samples in the

lower right corner of the design space, where a local minimum is located. The scaling factor in WB2S

enables the optimizer to jump out this region to explore the surrogate in less sampled regions with higher

expected improvement, in particular, the valley close to the left-side of the boundary that includes the

optimum. In contrast, WB2 persists locally exploiting around the local minimum, getting trapped there up

to the fiftieth iteration (figure 3.17). The adaptation to WB2S showed an improvement in this situation.

Figure 3.16: Eighteenth iteration prediction of sampling plan 2 with WB2 and WB2s methods.
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Figure 3.17: Fiftieth iteration prediction of sampling plan 2 with WB2 method.

3.3.2.2 Selection and implementation

Taking into account the comparison discussed above, eight search methods are considered for the

optimization problem defined in 3.1.5, being these the EI, WB2, WB2S, prediction-based exploration

(ŷ), and all the previous with the implementation of PF. All the models are used at each iteration to

define eight different search functions (fS). The following expressions were used to set up the search

function for the different methods:

• EI:

fSEI = −AE[I(mS)]

mSref

−BE[I(L/D)]

(L/D)ref
; (3.12)

• WB2:

fSWB2
= A

m̂S −mSref − E[I(mS)]

mSref

−B (̂L/D)− (L/D)ref + E[I(L/D)]

(L/D)ref
; (3.13)

• WB2S:

fSWB2S
= A

m̂S −mSref − 10× E[I(mS)]

mSref

−B (̂L/D)− (L/D)ref + 10× E[I(L/D)]

(L/D)ref
; (3.14)

• ŷ:

fSŷ
= A

m̂S −mSref

mSref

−B (̂L/D)− (L/D)ref
(L/D)ref

; (3.15)

• EI+PF:

fSEI+PF = fSEI × sin
(
P [F (y)]× π

2

)n
; (3.16)

• WB2+PF:

fSWB2+PF
=

fSWB2
× sin

(
P [F (y)]× π

2

)n
, fSWB2

< 0

fSWB2
×
(
1.1− sin

(
P [F (y)]× π

2

)n)
, fSWB2

≥ 0

; (3.17)
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• WB2S+PF:

fSWB2S+PF
=

fSWB2S
× sin

(
P [F (y)]× π

2

)n
, fSWB2S

< 0

fSWB2S
×
(
1.1− sin

(
P [F (y)]× π

2

)n)
, fSWB2S

≥ 0

; (3.18)

• ŷ+PF:

fSŷ+PF
=

fSŷ
× sin

(
P [F (y)]× π

2

)n
, fSŷ

< 0

fSŷ
×
(
1.1− sin

(
P [F (y)]× π

2

)n)
, fSŷ

≥ 0

; (3.19)

where, A = ln
(

1 +
mSref
mfref

)
/ln
(

mi
mfref

)
and B = 1.

The search is then performed by a GA. Once again, the MATLAB [132] ‘ga’ function is used for this

purpose. The GA is set with a maximum number of 50 generations, a population size of 400 individuals

and also, a function and constraint tolerances both of 1× 10−8. The initial population will correspond to

all the feasible samples at each iteration.

All methods will generate one new potential sample point per iteration. The new point is then chosen

by the author after an analysis based on a set of criteria and on experience.

The points originated from WB2 and WB2S have priority. The one with the best predictions for

the objective function and/or higher uncertainty in the first iterations is selected. If both turn out to be

structurally unfeasible, the previous criteria should be applied to the remaining methods. If none of

the points is appropriate for evaluation or feasible, the points that had the structural mass and Tsai-Wu

failure index calculated are added to update the two structural models and the optimization is reiterated.

3.3.3 Optimization Cycle

Each complete optimization iteration is performed according with the scheme displayed in figure 3.18.

After everything is set up to start the optimization, the GA optimizer will provide 8 new samples together

with their respective predictions, which are used to select the design point that should proceed to eval-

uation. The MDA is carried out as explained in section 3.2. Both structural and aerodynamic databases

are then updated with the obtained results, which in turn allow to update the existing surrogate models.

Finally, these models, along with the samples are supplied to the GA to generate new samples.

The cycle is repeated until either the outputs from the GA converge to an optimum or there is no

more time available for further iterations. The last one being restricted by the deadline for the delivery of

the master thesis.

Figure 3.18: Optimization iteration cycle.
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Chapter 4

Post-Processing

4.1 Discussion of Results

Before initiating the optimization, all 41 initial samples were evaluated, and number 5 was set as refer-

ence with the corresponding reference values:

• mSref = 9.731kg;

• mfref = 19.462kg;

• (L/D)ref = 13.6.

At each iteration of the optimization, during the evaluation of a new selected design point, the aerody-

namic analysis is much more time-consuming, requiring approximately 8 hours to be completed versus

30 minutes, which is the approximate time required for the structural analysis. For this reason, it was

decided to select multiple points per iteration to calculate mS and the Tsai-Wu failure index, while only

one of them would be fully evaluated. The CFD analysis of this last point runs in parallel with the struc-

tural analysis of the remaining points. This strategy aims to improve the approximation of the structural

boundary allowing a more precise exploration and optimization within the feasible region.

Additionally, the computational resources available made it possible to run two CFD analyses at

the same time in some occasions. When this was true, besides the configuration generated from the

optimization algorithm, another one would be created by the author to run in parallel. The last would

be based on the current best configurations with additional modifications towards a design with higher

(L/D), while maintaining the structural mass. The approach includes increasing the aspect ratio, chang-

ing the wing and canard incidences according with the AoA required for the trim condition and also

adjusting the area ratio Sc/Sw. The insertion of these points to update the models was done with the

objective of manually boosting the optimization.

Along the optimization, two cross-validation comparisons for the two regression models (constant

and linear), identical to the one made before starting the optimization presented in section 3.3.1, were

performed to adapt the models to better fit the samples and the design space.
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The first was done after 37 iterations of structural evaluations of design points, of which only 12

proceeded to a CFD analysis. A total of 78 samples, for the two structural models were used for the

cross-validation. Once again, there were not enough samples with a calculated (L/D) to build a model

with a linear regression, as only 20 samples were available. The obtained errors are presented in table

4.1. This time, while a constant regression still provides smaller errors in the constraint model, the

linear regression proved to be more precise for the mass prediction. Thus, a linear regression was

implemented in the structural mass model from this iteration forward.

Table 4.1: Cross-validation results for the Tsai-Wu and structural mass models, with a constant and a
linear regression.

Tsai-Wu Structural mass
Regression: Constant Linear Constant Linear

e 0.94 2.77 0.12 0.11
emax 8.62 29.87 0.97 0.75

The last comparison of the regression models was done with an additional number of 120 and 15

samples, from the previous comparison, for the two structural and the (L/D) models, respectively. With

a total of 35 aerodynamically evaluated samples, it was now possible to include the (L/D) model in the

comparison. Table 4.2 displays the collected results of these cross-validations.

Table 4.2: Cross-validation results for the Tsai-Wu, structural mass and (L/D) models, with a constant
and a linear regression.

Tsai-Wu Structural mass (L/D)

Regression: Constant Linear Constant Linear Constant Linear

e 0.40 0.79 0.09 0.05 0.07 1.60
emax 6.60 14.41 0.75 0.60 0.53 17.33

Regarding the structural models, the conclusion from the previous comparison is still verified, as the

Tsai-Wu criterion is better approximated by a constant regression and the structural mass by a linear

regression. For (L/D), both the average and the maximum error are smaller for the constant regression,

being this the one selected to continue using.

From the examination of the results from tables 3.4, 4.1 and 4.2, it can be seen that the bigger the

number of samples used to build the surrogates, the more accurately approximated they are. The best

average error for Tsai-wu and mS decreased 68% and 75%, respectively, by adding 157 new samples.

Additionally, it is verified that the difference in the errors between the constant and linear regressions

also decreases with increasing number of samples. This is due to the approximation function having

to interpolate all the samples, passing through all the points, meaning that the influence of the type of

regression on the model accuracy decreases with the number of samples.

When comparing the two structural models, which both include all 37 design variables and always

share the same samples for construction, the structural mass always shows better approximations than

the Tsai-Wu model, indicating that the failure criterion is represented by a more complex function than
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the structural mass. In contrast, (L/D) has small errors (e =7%), almost identical to mS (e =5%), with

significantly less samples for the model construction. This is due to the fact that the model of (L/D) has

less dimensions than the structural models, as its construction is based on 27 design variables against

the 37 used for the structural models.

Figures 4.1, 4.2, 4.3, plot the evolution along the optimization of mS , the (L/D) ratio and the Tsai-

Wu failure index, respectively. Only samples corresponding to iterations with complete aero-structural

evaluations are displayed. The initial samples are represented in black on the negative side of the

horizontal axis, green points correspond to samples generated by the optimization and blue points to the

manually modified configurations introduced by the author.

Figure 4.1: Evolution of mS along the optimization.

Figure 4.2: Evolution of (L/D) along the optimization.
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Figure 4.3: Evolution of the Tsai-Wu failure index along the optimization.

Besides 8 of the initial samples, a total of 32 new design points were fully evaluated, of which 11

were introduced by the author. These 40 samples represented on the plots correspond to 14.5% of the

276 configurations that went through structural analysis.

In the first 6 complete iterations a major decrease in the structural mass was verified,mS permanently

dropped below 6kg, which is a reduction of more than 38% from the initial reference. At this stage, a

total of 13 new samples were added to the structural models.

Differently, the (L/D) declines in the first 3 complete iterations, in comparison with the initial (L/D)ref .

In the subsequent iterations, the (L/D) trend increased gradually until it reached its optimum value at

the end of the optimization.

Beyond the sixth complete iteration, the decrease in mS became less significant between iterations.

Further, the structural mass is predicted with more precision than the Tsai-Wu failure index, like previ-

ously noticed from tables 4.1 and 4.2, resulting in a high uncertainty in the constraint model, and thus

an unreliable structural boundary. For this reason, many of the generated samples were unfeasible,

particularly, from 57 selected and structurally analyzed samples, only 14 turned out to be feasible, which

corresponds to only 25%.

At this stage of the optimization, due to the low percentage of feasibility from the selected design

points, as well as to the fact that the wingbox structure showed almost no change between the 57 added

samples, it was decided to sweep the structural design variables of the wing in order to identify their influ-

ence on the structural models, and also to improve the prediction of the Tsai-Wu boundary. Seven design

variables were used for this approach, posfspar, thktipspar , thkdiscspar , thkrootspar , thktipskin , thkdiscskin
and thkrootskin . Each variable was selected and varied between the lower and upper bounds, non-

dimensionally from zero to one, with a step of 0.1, while keeping the remaining 36 variables fixed (equal

to the current best). This led to the generation of 11 configurations per design variable, thus a total of

77 configurations. Additionally, two more configurations were considered, one with all seven variables at

the lower bound, and the other at the upper bound.
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After performing the structural analysis on all 79 generated configurations, the uncertainty on the

constraint model, measured by the averaged mean squared error (MSE) of all the predictions, decreased

34%, from 5.292 to 3.487.

Unlike the behavior of the (L/D) and mS models, the evolution of the Tsai-Wu index values is less

consistent, which was anticipated as the Tsai-Wu model demonstrates higher uncertainty and complex-

ity. Nevertheless, a tendency to obtain higher indexes closer to one is verified, as most points after

iteration 20 have the index value above 0.7, meaning that the optimization is evolving around the struc-

tural boundary as the structural mass decreases.

Figures 4.4 and 4.5 plot the evolution along the optimization of the objective function ∆R and the

ratio R/Rref0 , respectively, where Rref0 is the range of the initial reference configuration. The color

scheme used to represent the design points at each iteration corresponds to the one applied in figures

4.1, 4.2 and 4.3.

Figure 4.4: Evolution of the objective function along the optimization.

Figure 4.5: Evolution of range ratio, R/Rref0 along the optimization.
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Figures 4.4 and 4.5 allow the verification that range is increasing along the optimization and starts

converging with ∆R tending to zero with the number of iterations. Similarly to the (L/D), the author’s

predictions represent most of the greater improvements in range, as (L/D) has a higher influence on

range than mS . This is due to the fact of the weight of the mass component in the objective function,

−ln
(

1 +
mSref
mfref

)
/ln
(

mi
mfref

)
, decreasing its magnitude with the reduction of mS , having an initial mag-

nitude of 0.8911, smaller than the weight of the (L/D) component in the objective function, which is

constant and equal to 1.

It is also observed that once the structural models were updated with the design points from the

sweeping of the structural variables, i.e., from iteration 24 forward, it was possible to almost double the

increase in range at iteration 27, after two iterations to better estimate (L/D). The enhanced focus of

the optimizer on (L/D) was due to the significant improvement of the structural predictions.

The optimal configuration developed in such way to increase the aspect ratio of both wing and canard,

in particular, the average aspect ratios of the first 10 iterations are 11.28 and 15.35, while for the last

10 iterations are 13.33 and 18.98, for the two lifting surfaces, respectively. It is also verified that the

AoA is gradually smaller in magnitude, as the optimization adapts the incidence and twist angles of the

wing, and along with ic, tries to trim the aircraft aligned with the flow, thus reducing the fuselage drag

for the same trimmed lift, as the aircraft mass is always equal to 25kg. Consequently, (L/D) and range

increase.

Structurally, the component which had the highest Tsai-Wu failure index in almost all iterations was

the fuselage spar in the region of the connection with the canard tube. A possible approach to improve

this feature could be to strengthen the fuselage spar laminate in the region around the canard, allowing

the rest of the spar to be thinner, thus significantly decreasing the structural mass.

The optimization was stopped after iteration 32 because the time limit was reached. Nevertheless, it

can be considered approximately converged as in the last 5 iterations that had an improvement in range,

the relative variation of range (objective function) is always smaller than 5%. However, the last iteration

showed an improvement of 3%, whereas the previous improvement was only of 0.1%, meaning that the

result could have achieved further convergence if more time was available.

It cannot be verified if the exploited optimum region corresponds to a local or a global optimum.

Moreover, the existence of designs with negative objective values in the latter iterations indicate that

the optimizer is not being able to easily find better predictions than the ones already existing samples,

meaning that the current optimum is located in a valley of the design space.

Figure 4.6 displays the final population of the solved problem, with the horizontal and vertical axes

corresponding to mS and (L/D), respectively.

The final population shows that 21 points, which correspond to 66% of the new fully-evaluated sam-

ples, are inside a good feasible region with the structural mass between 4 and 6 kilograms, and the

(L/D) between 14 and 17.

Additionally, the optimization seems to be developing towards a utopia point, in the top left corner of

figure 4.6, with mS = 4kg and (L/D) = 17, although this point might not be possible to reach.
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Figure 4.6: Final population.

4.2 Characterization and validation of final design

The achieved optimum design point at the end of the optimization has the following outputs:

• mS = 4.209kg;

• mf = 13.940kg;

• (L/D) = 16.6;

• R/Rref0 = 2.85.

The final design represents a reduction of 56.7% in the structural mass, which corresponds to 16.84%

of the MTOM, along with an increase of 22.1% in the lift to drag ratio, from the initial reference sample,

resulting in a range almost three times larger than Rref0 in cruise. The trim conditions in cruise obtained

from the CFD analysis were verified for a combination of an angle of attack αtrim and a canard incidence

angle ictrim equal to 1.6 and 1.3 degrees, respectively. Additionally, an identical analysis was carried out

considering dash instead of cruise, resulting in a (L/D)) of 7.9 for a trimmed aircraft at αtrim = −1.9◦

and ictrim = 0.9◦.

The CoG of the aircraft is located in front of the wing, at a longitudinal distance of lw = 0.338m to the

wing aerodynamic center. This position was obtained from the trim and longitudinal stability conditions.

This configuration is a product of the combination of the values of the design variables presented in

table 4.3.

The resulting structure and outer shape are represented on figures 4.7 and 4.8, respectively. Addi-

tionally, figure 4.9 depicts the three main dimensions of the aircraft in meters.

51



Table 4.3: Values of the design variables for the final design.

Variable Value Variable Value

yscale[ ] 1.00 γwtip [deg] 0.7897
zscale[ ] 1.00 yγdisc [m] 0.4681bw/2

thkfuse[m] 0.02 Λw[deg] 2.4389
rtube[m] 0.0056 tw[ ] 0.1261
thktube[m] 0.0049 cbrw[ ] 0.0177
posfspar[m] 0.2078c(y) bwglt[m] 0.0949
thktipspar [m] 1.3× 10−3 λwglt[ ] 0.2025
thkdiscspar [m] 2.0× 10−3 Λwglt[deg] 22.5907
thkrootspar [m] 1.0× 10−3 twglt[ ] 0.1081
thktipskin [m] 9.2513× 10−4 cbrwglt[ ] 0.0078
thkdiscskin [m] 9.5602× 10−4 bc[m] 1.2994
thkrootskin [m] 6.7512× 10−4 Sc[m

2] 0.1580Sw

bw[m] 2.7384 lc[m] 1.5002
crootw [m] 0.3977 zc[m] 0.0204
cdiscw [m] 0.1570 cbrc[ ] 0.0593
ctipw [m] 0.1314 crootf [m] 0.2
ycdisc [m] 0.4649bw/2 λf [m] 0.5657
γwroot [deg] 2.2912 bf [m] 0.3387
γwdisc [deg] 2.2890

Figure 4.7: Representation of the structure of the final configuration.

Figure 4.8: Representation of the outer shape of the final configuration.
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Figure 4.9: Aircraft dimensions.

It is possible to see that the two variables corresponding to the fuselage scale in the two transverse

directions of the fuselage converged to the minimum value allowed, generating a slender fuselage in

order to reduce the negative contribution of the fuselage drag to the (L/D). This dimensions guarantee

that the fuselage its just wide enough to fit the MAD sensor inside.

The fin dimensions are almost at the upper bounds set for the variables, increasing the area of the

fin, therefore reducing its distance to the CoG, for a constant CV T . This way, the fin is placed at the

trailing edge of the wing. This combined with the value of lc, that also converged to the minimum, leads

to a a short fuselage, reducing its surface area and consequently the fuselage drag.

The chord and twist discontinuities of the wing are almost coincident, and the wing displays a washout

almost only after the discontinuity.

In addition, the wing presents an aspect ratio of 13.16. On the other hand, the aspect ratio of the

canard is much higher, with a value of 18.75. The canard is placed at a high position, at the top of

the fuselage. Moreover, figures 4.10 and 4.11 illustrate the stream lines around the aircraft and the

pressure distribution on the surface, as well as on the symmetry plane of the aircraft, respectively. It is

possible to see from the stream lines that the stream generated by the canard hits the wing directly. As

a consequence, the surface of the wing covered by the canard stream suffers a downwash, unloading

the wing surface, identified by the lower pressure in the leading edge of the wing after the discontinuity

(dark blue region in the wing displayed in figure 4.11), in comparison with the pressure at the leading

edge closer to the root. A possible approach to this problem would be to lower the canard, so it would

not interfere with the airflow around the wing, allowing for more lift to be generated closer to the root,

thus approximating the lift distribution to an elliptical shape and increasing (L/D).
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Figure 4.10: Stream lines around the aircraft.

Figure 4.11: Pressure distribution on the surface and on the symmetry plane of the aircraft.

Still regarding the shape of the final configuration, the winglets have considerable dimensions as its

defining variables are not set at the minimum allowed values, indicating that their influence is beneficial

to the overall performance of the aircraft.

Further, the maximum Tsai-Wu failure index is close to one, as a result of the structural component

of the optimization to reduce mass. Figure 4.12 shows the value of the Tsai-Wu failure index for all

elements of the structure, while figures 4.13 (a) and (b) display the two most critical regions, in particular,

the connection between the canard and the fuselage spar, and the wing root. The region of the fuselage

spar supporting the canard tube was once again the element with the highest Tsai-Wu failure index with

a value of 0.89. The upper surface of the canard tube also shows high failure index values closer to

the root, in comparison with the rest of the structure. The wing skin also stands out from the rest of

the structural components for displaying failure index values around 0.3 and 0.4 closer to the root, in

particular near the front spar, while most of the structure exhibits an average value lower than 0.1.
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Figure 4.12: Tsai-Wu failure index values on entire structure.

(a) Canard connection region. (b) Wing root region.

Figure 4.13: Tsai-Wu failure index values on critical regions.

Taking into account the thickness distributions defined by the obtained values for the structural design

variables, the total number of layers and stacking sequence of each component translates in the following

characterization for the different components.

The fuselage spar is composed by 10 woven carbon layers, which is the minimum imposed, indicating

that it could possibly still be reduced while maintaining integrity.

The canard tube has a total of 30 UD carbon layers, in comparison with the imposed minimum of 6.

Taking into account the large tube thickness obtained for a small canard, an alternative structure for this

surface should be considered. For example, include a carbon fiber skin, similar to the wing skin, capable

of bearing part of the aerodynamic loads and allowing a thinner tube.

Regarding the wingbox, both skin and spars are thinner at the root, with both these thicknesses

being at the lower bound of the variables. The bigger thickness of both these components is at the

discontinuity of the thickness distributions, which is located at 46.5% of the half span. Figures 4.14 and

4.15 show the distribution of the number of layers along half span, as well as the stacking sequence, for

the wingbox skin and spars, respectively.
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Figure 4.14: Distribution of the number of layers of wingbox skin along half span.

Figure 4.15: Distribution of the number of layers of wingbox spars along half span.

This thickness distribution is possibly due to the fact that the wing section is larger close to the

root, which translates in a higher inertia, thus the required thickness is smaller. Contrarily, from the

discontinuity to the tip the thickness is greater as a result of a smaller wing section.

4.2.1 Computational Validation

To further validate the obtained design, two additional analyses were performed, one CFD analysis to

obtain a detailed aerodynamic characterization of the aircraft, and a modal analysis on the structure to

identify the vibration modes.

The CFD analysis was conducted in ANSYS CFX [109] like the previous ones. A total of 12 simula-

tions with different AoA varying between -5 and 15 degrees, besides the one that trimmed the aircraft,

were considered. With the gathered data it was possible to plot the curves of CLvs.α (figure 4.16),

CDvs.α (figure 4.17), Cmvs.α (figure 4.18), the drag polar CDvs.CL (figure 4.19) and also (L/D)vs.CL

(figure 4.20).
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Figure 4.16: CLvs.α curve for final configuration.

Figure 4.17: CDvs.α curve for final configuration.

Figure 4.18: Cmvs.α curve for final configuration.

57



Figure 4.19: Drag polar for the final configuration.

Figure 4.20: (L/D)vs.CL curve for final configuration.

The trim condition mentioned above is represented by the yellow points on the plots.

Figures 4.19 and 4.20 allow to identify the point of higher (L/D), marked in black. The maximum

value observed for (L/D) is 17.39, which is 5% higher than the value obtained for the trim condition. It

is verified for CL = 0.724 at an AoA of 3 degrees, which is a higher lift coefficient than CLtrim . If Vcr

was reduced, this configuration could be trimmed for the maximum (L/D), as CLtrim would increase.

However, cruise speed cannot be reduced due to the mission requirements.

The value of the drag coefficient for CL = 0 can be determined from the plot on figure 4.19 and it

is approximately CD0 = 0.029, which is higher than expected. Additionally, the drag coefficients of the

wing, canard and fuselage were plotted separately in figure 4.21 in order to determine the influence of

each component (orange, yellow and grey curves, respectively). The largest contribution to the drag

is from the wing, as for the same condition of zero lift, it has an estimated CD0w = 0.012. Part of the

verified high wing drag may be due to the interference of the canard air streams. Also, the fuselage

exhibits a value of 0.011 for CD0fuse , being almost identical to CD0w for the condition of zero lift. The

canard presents a CD0c of approximately 0.0056, which is also a high value considering the small size

of the canard. Further, comparing the curves for the canard and for the fuselage in their whole extension

for multiple AoA, it is possible to see that they are almost coincident. One of the causes of the canard
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drag is its large camber on the airfoil, with a value of 5.9%.

Figure 4.21: CDvs.α curves the wing, canard and fuselage of the final configuration.

Figure 4.16 shows that the maximum value for the lift coefficient, CLmax = 1.533, was obtained for

an angle of attack of α = 13◦ (identified by the red markers on the plots), meaning that this angle can

possibly correspond to the stall angle. In turn, trimming the aircraft at CLmax would translate to a stall

speed of 21.5m/s. However, a CFD analysis aiming to trim the aircraft with CLmax proved that it is not

possible to cancel the pitching moment as the canard cannot compensate the negative contribution of

the wing to the pitching moment.

Further, four additional angles of attack around α = 13◦ were included in the simulations in order

to plot the CLvs.α curves for both the wing and canard shown in figure 4.22, and clearly identify which

lifting surface stalls first. The lifting coefficient of the canard CLc (orange curve) is always higher than

the one of the wing, CLw (blue curve). Also, the canard enters stall at an angle of attack of 12◦ with

CLcmax = 1.327, while for the wing this condition is only reached at an angle of attack of 13.5◦ and

CLwmax = 1.204, thus confirming the requirement which imposes that the canard must stall before the

wing, presented on section 3.1.1.

Figure 4.22: CLvs.α curves for the two lifting surfaces of the final configuration.
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Knowing that stall is verified first on the canard, an estimation of the stall speed was determined by

trimming the aircraft with CLc = CLcmax and considering only the pitching moment generated by the

lifting forces. The system of equations 4.1 describes this trim condition:

M = 0

Lc + Lw = mig

⇔

ScCLcmax (lc − lw)− SwCLw lw = 0

1
2ρV

2
stall(ScCLcmax + SwCLw) = mig

. (4.1)

Solving equation 4.1 for Vstall and CLw , the values of 27.61m/s and 0.72 are obtained for the two

variables, respectively. The corresponding stall angle is then obtain by interpolating the trending line that

better fits the CLw curve in figure 4.22 at CLw = 0.72, which resulted in αstall = 4.746◦. The incidence

of the canard can also be estimated. Knowing that CLcmax was verified for α = 12◦ with an incidence

of the canard of ictrim = 1.316◦, thus a total canard angle of attack of αc = 12 + 1.316 = 13.316◦, the

incidence of the canard for the obtained stall condition is then given by ic = αc − αstall = 8.57◦. The

estimated Vstall is 28.4% higher than the initial prediction of 21.5m/s, which in turn is 7.5% higher than

the desired Vstall of 20m/s. The stall condition could be improved by increasing the area of the canard,

as it corresponds to only 15.8% of Sw, which is almost at the lower bound of the variable. A bigger Sc

would allow to trim the aircraft at a higher CLw , thus reducing the stall speed.

The modal analysis was performed in ANSYS Mechanical APDL [102], using the same structural

model and boundary conditions as before. The first ten mode shapes were identified and registered in

table 4.4. The axes X, Y and Z indicated in table 4.4, correspond to the directions of the roll, pitch and

yaw axes of the aircraft respectively. Figures 4.23 to 4.42 display the deformation of the aircraft for each

of the identified modes.

Table 4.4: Vibration modes and respective frequencies.

Frequency[Hz] Mode Location

12.863 Bending Z Wing
21.389 Bending Z +X Canard
21.470 Bending X + Z Canard
22.958 Bending Z +X Canard
27.387 Bending X Fin
43.023 Bending Z Wing
61.991 Bending X Wing
75.561 Bending Z Fuselage
91.112 Torsion Y Wing

109.74
1)Torsion Y 1)Wing

2)Bending X 2)Fin

The first identified mode (figures 4.23 and 4.24) is obtained for a frequency of 12.863Hz and it

corresponds to a bending of the wing in the Z direction.
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Figure 4.23: Mode shape 1 general aircraft deformation and undeformed aircraft contours.

Figure 4.24: Mode shape 1 total deformation on critical region.

The next three natural frequencies are related to the bending of the canard in bothX and Z directions

(figures 4.25 to 4.30). At the frequencies of 21.389Hz and 22.958Hz, the bending is more noticeable in

the Z direction, while for a vibration of 21.470Hz, the bending in X is more intense.

Figure 4.25: Mode shape 2 general aircraft deformation and undeformed aircraft contours.
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Figure 4.26: Mode shape 2 total deformation on critical region.

Figure 4.27: Mode shape 3 general aircraft deformation and undeformed aircraft contours.

Figure 4.28: Mode shape 3 total deformation on critical region.

Figure 4.29: Mode shape 4 general aircraft deformation and undeformed aircraft contours.
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Figure 4.30: Mode shape 4 total deformation on critical region.

At a vibration frequency of 27.387Hz, the fin displays its first mode shape corresponding to a bending

in X (figures 4.31 and 4.32).

Figure 4.31: Mode shape 5 general aircraft deformation and undeformed aircraft contours.

Figure 4.32: Mode shape 5 total deformation on critical region.

Both the sixth and seventh vibration modes occur on the wing, for bending in Z and X directions and

frequencies of 43.023Hz and 61.991Hz, respectively (figures 4.33 to 4.36).
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Figure 4.33: Mode shape 6 general aircraft deformation and undeformed aircraft contours.

Figure 4.34: Mode shape 6 total deformation on critical region.

Figure 4.35: Mode shape 7 general aircraft deformation and undeformed aircraft contours.
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Figure 4.36: Mode shape 7 total deformation on critical region.

The fuselage also exhibits a modal frequency at 75.561Hz, associated with bending in the Z direction

(figures 4.37 and 4.38).

Figure 4.37: Mode shape 8 general aircraft deformation and undeformed aircraft contours.

Figure 4.38: Mode shape 8 total deformation on critical region.

It was also possible to identify two torsion mode shapes in the wing, one at 91.112Hz and other

at 109.74Hz. The identified torsion develops in the Y direction for the two frequencies (figures 4.39 to

4.42).
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Figure 4.39: Mode shape 9 general aircraft deformation and undeformed aircraft contours.

Figure 4.40: Mode shape 9 total deformation on critical region.

Moreover, a bending mode in the X direction is also visible in the fin for the last detected natural

frequency (figures 4.41 and 4.42), coupled to the wing torsion mode mentioned above.

Figure 4.41: Mode shape 10 general aircraft deformation and undeformed aircraft contours.
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Figure 4.42: Mode shape 10 total deformation on critical region.
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Chapter 5

Conclusions

5.1 Achievements

This master thesis addresses the entire process of a surrogate based, multiobjective, multi-fidelity MDO

of the fixed-wing part of a VTOL canard configuration UAV, developed to fly close to sea level and

to be capable of detecting and following submerged submarines making use of a MAD sensor. The

aircraft was optimized to maximize range by formulating the objective function considering two different

objectives, minimizing the structural mass as well as maximizing the lift to drag ratio.

The first step was to identify and select the design variables and constraints that were considered

adequate and allowed to parameterize the aircraft in such way that the design variables have influence

on the objective.

It was then possible to generate two parametric models to represent the structure and the exterior

surfaces, taking into account most of the constraints, such as, dimensional restrictions and also trim,

stability and stall conditions. The only exception was the structural integrity, measured by the Tsai-Wu

failure criterion, being the only constraint applied directly to the optimization algorithm.

A decomposition architecture was prepared to run at each complete iteration of the optimization. It

included a preliminary LF calculation of the aerodynamic loads based on Prandtl’s LLT, a structural FEM

analysis to calculate the structural mass as well as the Tsai-Wu failure index, and also a CFD analysis

for the aerodynamic characterization of the aircraft and to determine the trim conditions.

An initial sample set with 41 different samples obtained from a Latin-Hypercube sampling was used

to build three Kriging based surrogate models, for the structural mass, the lift to drag ratio, and also for

the Tsai-Wu failure index. The employment of surrogate models reduced the number of design points

that went through complete evaluations improving the efficiency of the optimization.

The exploration of the design space was carried out by applying a strategy integrating multiple search

methods exploiting combinations of surrogate predictions, expected improvement and the probability of

feasibility.

A GA was used at each iteration to assess the considered search functions, providing new points

for evaluation that were estimated to be an improvement from the existing samples. The selected new
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points were evaluated and subsequently added to the database to update the surrogate models at each

complete cycle.

A final solution was obtained when the available time for the optimization expired. The optimum found

exhibits a significant improvement in range in comparison with the initial best configuration, indicating a

successful optimization, although convergence was not completely verified.

Finally, a more detailed characterization and validation of the the final configuration was carried

out to increase confidence on the design, as well as to identify some of its handicaps, and also to

verify that the constraints and requirements were met, except the one for the stall speed. The final

design also revealed some drawbacks related to drag and interference between the wing and canard air

flows. Modifications on the canard design should be considered targeting a better overall performance.

In particular, increasing its area would allow to trim the aircraft for higher values of lift coefficient on

the wing, consequently reducing the stall speed. Furthermore, lowering its position would reduce the

interference on the airflow around the wing making the wing lift distribution more elliptical, thus reducing

drag.

5.2 Future Work

Although the optimization was effective by increasing range to almost the triple, it would benefit of ad-

ditional time to run more iterations, as the last iteration showed an increase in the variation of range,

indicating that further improvements could still be achieved before reaching convergence. Also, the wing

and canard drag are very significant, suggesting that both surfaces can possibly be further optimized.

The time limitation is mostly due to two reasons. First, the running time required for the HF simula-

tions, in particular the CFD analysis, which corresponds to approximately 85% of the time of an entire

optimization cycle. This factor can be less restraining with the development of new computational tools

and more powerful computers that allow to run heavier simulations faster. On the other hand, the lack of

automation between the different stages of each iteration, such as, the transfer of data from one software

to another, as well as the update of the database and the surrogate models, made it necessary for the

author to perform these tasks manually, which was very time consuming. A more continuous analysis

considering multi-fidelity would allow the optimization to run autonomously for longer periods, reducing

the number of manual interventions required.

The learning and prediction process of the Kriging surrogate models showed a slow development in

this problem and it is mostly data driven, requiring a large quantity of sampled input information to make

satisfactory predictions and explore desired regions of the design space, even when employing search

methods like the EI and the PF. The author’s input was essential to select the new samples to evaluate,

as well as to introduce the new design points to guide the optimizer towards the optimum. A possible

approach could be to remove some of the black-box limitations of surrogate modeling by adding features

to the search methods that give preference to certain regions of the design space based on empirical

knowledge. For example, promoting configurations with higher aspect ratios or configurations that can

be trimmed at a small AoA, being aligned with the flow in an ideal condition, as these two factors are
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known to have a beneficial influence on the increase of the lift to drag ratio. It could be implemented in

a similar way to the PF, except instead of prioritizing designs that are more likely to be feasible, it would

give more weight to designs that are expected to possess the desired properties.

Finally, the next task should be proceed to the detailed design of the UAV. It is important to identify all

the components to integrate in the aircraft, as well as position them taking into account the desired CoG

position. Additionally, the propulsive design should be of special focus, including the engine selection,

power distribution, selection and sizing of the rotor blades, among others. A fully defined propulsion

system will allow the absolute quantification of range, instead of the relative improvements obtained so

far.

71



72



Bibliography

[1] B. M. W. Luı́s. Design and development of a magnetic anomaly detection unmanned aerial vehicle.

Master’s thesis, Instituto Superior Técnico, 2019.
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Appendix A

Geometric parameterization

The entire parameterization of the aircraft was performed in MATLAB. Three orthogonal dimensions

were considered, x, y and z, corresponding to the chordwise, spanwise and transverse directions of the

aircraft, respectively. Also, the origin of the referential is the leading edge point of the wing root airfoil,

assuming an incidence of zero degrees.

The parameterization of the airfoils will be identical for all lifting surfaces plus the vertical stabilizer,

being these, wing, winglets canard and fin. Each airfoil will correspond to a NACA Four-Digits airfoil

[128]. In the NACA Four-Digit series, the first digit corresponds to maximum camber (cbr) in percentage

of the chord (c), the second specifies the maximum camber position (p) in tenths of chord, and finally, the

last two digits indicate the maximum airfoil thickness (t) in percentage of the chord. The mean camber

line (zcbr) and thickness distribution (zt) are defined by equations A.1 and A.2, respectively:

zcbr = cbr
p2 (2px− x2) , 0 ≤ x < p

zcbr = cbr
(1−p2) [(1− 2p) + 2px− x2) , p ≤ x ≤ c

, (A.1)

zt = ± t

0.2
(0.2969

√
x− 0.1260x− 0.3516x2 + 0.2843x3 − 0.1015x4) . (A.2)

Having this, the upper and lower surface points are given by equation A.3, where the subscripts u

and l refer to the upper and lower surfaces, respectively and θ corresponds to the angle between the x

axis and the tangent to the mean camber line and is defined as presented in equation A.4:



xu = x− ztsinθ

zu = zcbr + ztcosθ

xl = x+ ztsinθ

zl = zcbr − ztcosθ

, (A.3)

θ = tan−1

(
dzcbr
dx

)
. (A.4)

For every different airfoil in the aircraft, a non-dimensional airfoil with an unitary chord is generated.
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A total of 200 points are considered to define each airfoil. The coordinates of said airfoil points are then

multiplied by the chord at a determined location, thus sizing the airfoil to scale.

A.1 Wing

Like mentioned in section 3.1.3, the chord, twist and thickness distributions of the wing skin and spars

are defined with four parameters each, specifically, the value at the root, the value at the tip, as well as

the value and position of the discontinuity. It is then possible to define a bilinear distribution, like seen in

equation A.5 for the chord c, for example:


c(y) =

cdiscw−crootw
ycdisc

y + crootw , 0 ≤ y ≤ ycdisc

c(y) =
ctipw−cdiscw
bw
2 −ycdisc

y − ctipw−cdiscw
bw
2 −ycdisc

bw
2 + ctipw , ycdisc < x ≤ bw

2

. (A.5)

In equation A.5, y represents the spanwise position and ycdisc is the position of the chord discontinuity.

The same reasoning is used for the twist, skin and spar thickness distributions, replacing the variable c

for γ, thkskin and thkspar, respectively. The position of the discontinuity of both thickness distributions is

the same used for the chord distribution.

The wing airfoil is constant along the whole wing, and the only fixed parameter is the maximum

camber position (pw), which is located at 40% of the chord. Considering the bilinear chord distribution,

three airfoils were sized, positioned and rotated in order to generate the wing, one at the root, one at

the discontinuity and other at the tip. The wing spars are placed perpendicular to the chord line in each

airfoil according to their position. The 100 airfoil points on the upper camber are iterated to find the two

points that are before and after the spar chordwise position, respectively. The coordinates of the spar

points are then interpolated from the coordinates of those two points. If one the airfoil points corresponds

exactly to the position of the spar, its coordinates are used instead. An identical procedure is applied

to the lower camber, thus identifying a total of four points that define the two spars in each spanwise

section.

Equation A.6 depicts the process of airfoil generation, and allows the determination of the airfoil

points final coordinates [xaflw , zaflw ] for each spanwise position:



xaflw(y) = [(adxaflw × c(y) + tan(Λw)× y)− xrot(y)] cos(γ(y))

+ adzaflw × c(y) sin(γ(y)) + xrot(y)

zaflw(y) =− [(adxaflw × c(y) + tan(Λw)× y)− xrot(y)] sin(γ(y))

+ adzaflw × c(y) cos(γ(y))

, (A.6)

where, [adxaflw , adzaflw ] are the coordinates of the non-dimensional wing airfoil located at the origin,

Λw is the wing sweep angle, γ(y) is the wing twist angle at the spanwise position y and xrot(y) is the

chordwise position of the elastic axis, assumed to be located at 30% of the chord line at each spanwise

section.

A wingbox extension to the region inside the fuselage is also considered. The wingbox section at
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the wing root is extended, perpendicularly to the airfoil section, to the symmetry plane of the aircraft,

which is located at a distance of dfuse/2 to the wing root, with dfuse being the spanwise dimension of the

fuselage. This dimension is defined as dfuse = yscale × 0.17m, where 0.17m is the spanwise dimension

of the original fuselage from [1].

The wing aerodynamic center is assumed to be above the CoG at a distance of zw = 0.07m, while

the horizontal distance lw is obtained from the calculation of the aerodynamic loads in trim conditions

with Prandtl’s LLT (section 2.1.2.1). These two parameters fully define the position of the wing.

A.2 Winglet

Identically to the wing airfoil, the maximum camber position of the winglet pwglt is the only fixed airfoil

parameter for the winglet, and also equal to 40% of the chord.

The spanwise distance, as well as the vertical distance (in the z axis), between the leading edge of

the winglet root section and the wing tip are both equal to r = 0.05m, like seen in figure A.1. The chord

line of the winglet is then located at y = bw/2 + r.

Figure A.1: Winglet position.

The winglet root chord crootwglt is calculated by extending the wing chord distribution to the a position

of y = bw/2 + r:

crootwglt =
ctipw − cdiscw
bw
2 − ycdisc

r + ctipw . (A.7)

As the winglet chord distribution is parameterized by the taper ratio λwglt, only two sections are

required to define the winglet, in particular, the root and tip sections. The winglet tip chord is then given

by ctipwglt = crootwgltλwglt.

The chordwise distance between the leading edge at the wing tip and the leading edge at the winglet

root, is also determined by considering an extension of the wing leading edge sweep, allowing to param-

eterize the airfoils at the root (z′ = 0m) and at the tip of the winglet (z′ = bwglt):
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xaflwglt(z
′) = adxaflwglt × c(z′) + tan(Λw)× (bw/2 + r) + tan(Λwglt)× z′)

yaflwglt(z
′) = adyaflwglt × c(z′) + bw

2 + r

. (A.8)

The transition between the wingtip and the root of the winglet is created by considering the sizing of

airfoil sections and posterior rotation of 25 angular increments δ (figure A.1), with δ ∈ [0; 85] degrees.

The non-dimensional airfoil used for this area is the same as for the wing, and the twist is identical to the

wingtip twist γtip.

Like before, the chord at each position is obtained from the wing chord distribution at the tip, and

depends on the spanwise position, which in turn is determined by δ:

y =
bw
2

+ r sin δ , (A.9)

⇒ ctrans(δ) =
ctipw − cdiscw
bw
2 − ycdisc

r sin δ + ctipw . (A.10)

The transition airfoil points coordinates require a transformation in all three dimensions due to the

rotation δ. The sizing and positioning of the airfoils at each section is then given by equation A.11:



xafltrans(δ) =

[
adxaflw × ctrans(δ) + tan(Λw)× bw

2
− xrot(y)

]
cos(γtip)

+ adzaflw × ctrans(δ) sin(γtip) + xrot(y) + r sin δ tan(Λw)

yafltrans(δ) = bw
2 + r sin δ

zafltrans(δ) =−
[
adxaflw × ctrans(δ) + tan(Λw)× bw

2
− xrot(y)

]
sin(γtip)

+ adzaflw × ctrans(δ) cos(γtip) + r(1− cos δ)

. (A.11)

The wing-winglet transition is terminated by linearly connecting the winglet root airfoil points with the

corresponding transition airfoil points for δ = 85◦.

A.3 Canard

The position of the canard is fully defined by the longitudinal and vertical distances between the aerody-

namic centers of the two lifting surfaces, lc and zc, respectively. Both these distances are set as design

variables. Like the wing, the aerodynamic center of the canard is assumed to be at 25% of the chord.

Regarding the canard airfoil, the only design variable is the maximum camber cbrc, as the maximum

camber position is set as pc = 0.4 and the airfoil relative thickness is also fixed at tc = 0.12. Two identical

airfoils are generated in order to represent the canard, one at y = 0 and other at y = bc/2.

The constant chord of the canard is obtained by diving its surface area by the span (equation A.12),

which are both set as design variables:

cc =
Sc
bc

. (A.12)
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The canard tube outer circumference is generated similarly to the airfoils, as 200 points are consid-

ered for each section. And also like the airfoils, two circumferences are generated, one at y = 0 and

other at y = bc/2. The tube is centered at the aerodynamic center of the canard and the 200 points are

placed by considering rotation increments of φc with a radius of rtube and φc ∈]0; 360] (figure A.2). Thus,

the two-dimensional coordinates of the tube section are determined by equation A.13:

xtube(φc) = rtube cosφc − (lc − 0.25crootw)

ztube(φc) = rtube sinφc + zc

. (A.13)

Figure A.2: Canard tube section parameterization.

The lower and upper bounds of the variable zc mentioned in table 3.2 of section 3.1.3, i.e., posbot and

postop, correspond to the positions on the fuselage spar with a safety margin of smg = 5mm to the lower

and upper edges, respectively, measured from the aerodynamic center of the wing. The geometry of the

fuselage spar is displayed in figure A.3. Thereby, posbot and postop are determined by equation A.14:

posbot = zfspar − hfuse + rtube + smg

postop = zfspar − rtube − smg
, (A.14)

where, zfspar and hfuse are the coordinate of the top point of the front spar at the wing root section in

the z axis, which corresponds to the coordinate of top edge of the fuselage spar, and the height of the

fuselage spar measured in the z axis, respectively.

A.4 Fin

Identically to the winglet, the fin can be completely defined by two airfoil sections, as the airfoil param-

eters are constant and fixed and the chord distribution is characterized by the taper ratio λf . The airfoil

is symmetric, meaning that cbrf = 0 and pf = 0, and also the relative thickness is set as tf = 0.10. The

chord at the root, crootf , and at the tip, ctipf = crootfλf are used to dimension the two airfoil sections.

The fin has one spar located at 70% of the chord, and it is parameterized the same way as those of

the wing.

The position of the fin is such that its root section is aligned with the top of the fuselage spar, being
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located at z = zfspar . Further, the fin is placed symmetrically on the aircraft, meaning that its chord line

is on the symmetry plane y = −dfuse/2. On the other hand, the longitudinal position is determined by

the distance between the center of gravity and the aerodynamic center of the fin (assumed to be at 25%

of its root), lf , which is calculated from the volume coefficient CV T = 0.02, required for stability [131]:

lf =
CV T bwSw

Sf
, (A.15)

where, Sf = bfcf is the surface area of the fin. In turn, cf is the mean aerodynamic chord of the fin and

it is given by the following equation:

cf =
2

3

crootf (1 + λf + λ2
f )

1 + λf
. (A.16)

It is then possible to establish the two-dimensional coordinates of the fin airfoil sections at the root:

xaflf (z) = adxaflf × cf (z) + lf − lw + 0.25crootw − 0.25cf (z)

yaflf (z) = adyaflf × cf (z)− dfuse
2

. (A.17)

A.5 Fuselage

The outer surface of the fuselage is parameterized by three scaling factors, applied to the three dimen-

sions of the original fuselage shape, in particular, xdimi = 3.49m, ydimi = 0.17m and zdimi = 0.12m. The

parameters yscale and zscale are design variables and, identically to the calculation of dfuse from yscale

and ydimi , the height of the fuselage spar is given by hfuse = zscalezdimi . Differently, the longitudinal

sizing of the fuselage is done by applying xscale, which is obtained from equation A.18:

xscale =
lfuse + 0.622

3.49
, (A.18)

where, lfuse is the total length of the fuselage spar and 0.622 the longitudinal distance, in meters,

required in the nose of the fuselage to fit the MAD sensor.

A representation of the fuselage spar is shown in figure A.3, where the red markers represent the

aerodynamic centers of each surface.

Figure A.3: Geometry of fuselage spar.
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The spar is coincident with the wing and canard root sections, being placed at the plane y = 0. The

top edge of the spar is at z = zfspar , while the lower edge is at z = zfspar − hfuse. The front edge of

the spar is set at a longitudinal distance of lxtrfront = 5rtube to the aerodynamic center of the canard,

and the rear edge coincides with the position of the trailing edge of the fin, therefore at a distance of

0.75crootf to the aerodynamic center of the fin. Thus, the total length of the fuselage spar is determined

by:

lfuse = lxtrfront + lc − lw + lf + 0.75crootf . (A.19)

A.6 Stacking of laminate layers

The number and type of layers of each component of the structure of the aircraft is defined by the

thickness, stacking sequence and minimum number of layers set for each component.

First, the laminate is generated with the minimum number of layers and the laminate thickness is

calculated by multiplying the number of layers of each type of carbon fiber sheet by the corresponding

nominal thickness hn.

Some structural elements have their required thickness determined by the design variables. In these

cases, if the required thickness is bigger than the laminate thickness, a new layer is added, according to

the stacking sequence, and the new laminate thickness is now equal to the previous plus hn of the added

layer. This process is repeated until the laminate thickness is larger or equal to the required thickness of

that component.
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