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Abstract

This thesis presents novel methods for wind vector estimation for Airborne Wind Energy
(AWE) systems, a technology that employs tethered aircraft to harvest high-altitude clean
wind energy. Indeed, an accurate measurement of the wind vector is crucial for optimal
control techniques devolved to the maximization of power harvesting.
Two different approaches are developed and evaluated. The first one exploits a solver of
nonlinear equations, which minimizes the difference between measured and estimated kite
dynamics. The second one instead employs an optimization problem, where a gradient-
based method is used to minimize its quadratic cost function.
The performances of the two methods are evaluated using simulated data. The former is
assessed against noisy measurements, while the latter is tested through uncertainty of the
aerodynamic coefficients.
After conducting a thorough analysis, it is found that the optimization approach is more
robust and accurate than the nonlinear solver approach, and possible future developments
are suggested to improve the wind estimation techniques.

Keywords: Optimization, AWE, Wind, Estimation





Abstract in lingua italiana

Questa tesi presenta nuovi metodi per la stima del vettore vento per i sistemi Airborne
Wind Energy, una tecnologia che impiega velivoli vincolati al terreno per generare energia
eolica pulita ad alta quota. Una accurata misurazione del vettore vento è cruciale per
l’impiego che ne viene fatto nelle tecniche di controllo ottimale utilizzate nella massimiz-
zazione della produzione di energia.
Sono stati sviluppati e valutati due differenti approcci. Il primo sfrutta un risolutore di
equazioni non lineari, che minimizza la differenza tra la dinamica del kite misurata e quella
stimata. Il secondo invece impiega un problema di ottimizzazione, in cui viene utilizzato
un metodo basato sul gradiente per minimizzare la funzione di costo quadratica.
Le prestazioni dei due metodi sono valutate utilizzando dati simulati. Il primo viene
verificato in presenza di misure con rumore, mentre il secondo viene esaminato tramite
l’incertezza dei coefficienti aerodinamici. Dopo aver condotto un’analisi approfondita, è
emerso che l’approccio di ottimizzazione è più robusto e accurato rispetto all’approccio
con il risolutore non lineare e vengono suggeriti possibili sviluppi futuri per migliorare le
tecniche di stima del vento.

Parole chiave: Ottimizzazione, AWE, Vento, Stima
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1

Introduction

Wind energy is one of the most promising renewable energy sources, as it is clean, abun-
dant, and cost-effective.
The first idea of the feasibility of Airborne Wind Energy (AWE) systems was conceived in
1980, with the publication of ‘Crosswind Kite Power’ by Miles L. Loyd ([10]). In its work,
Loyd laid the foundations for a new technology able to harvest the strong high-altitude
wind using an autonomous tethered aircraft.
This emerging field aims to overcome the limitations of conventional wind turbines, such
as high material costs, environmental impacts, and low power density.
Moreover, AWE systems are also able to reach higher altitudes (approximately 200–500 m
from the ground), where the wind is stronger and more consistent. In fact, as highlighted
by Loyd’s work, the potentially available power grows with the wind speed through a
cubic relationship. In such a framework, even a small increment in wind magnitude can
drastically increase the energy yield of a given system.

As presented in various works, such as [5] or [14], AWE systems can be classified into
two main categories, depending on the location of the power conversion: on-ground, also
called pumping power, and onboard. On-ground conversion employs either a flexible or a
rigid wing, while onboard conversion is feasible only with a rigid aircraft. Figure 1, taken
from [5] clearly displays the previously defined typologies.
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Figure 1: Operation principles of the three airborne wind energy system layouts: (a)
on-ground (pumping power) conversion with a flexible aircraft, (b) on-ground conversion
with a rigid aircraft, and (c) onboard power conversion

Regardless of the specific typology, AWE systems require complex automatic control to
operate efficiently in all phases. The dynamic motion is highly influenced by the wind
encountered by the kite, being both the primary power source upon which the control is
based, and the main disturbance effect, drifting the kite towards undesired trajectories.

Although the wind speed at the kite level is of fundamental importance, as depicted by the
previous considerations, its actual magnitude is usually unknown in real-world systems.
Indeed, in most implemented systems, the absolute wind speed considered comes from
ground-level anemometer measurements. These are then exploited to give a rough ap-
proximation of the direction and magnitude of the wind at the altitude of flight, through
the use of approximation equations, which will be introduced and described in Section 1.2.
However, this technique often produces unsatisfactory results, due to the height difference
between the measurements and the kite, and the nonlinear and stochastic nature of the
wind at such altitudes.
An alternative technique is to employ an onboard sensor, a Pitot tube, able to measure
the velocity of apparent wind, namely the wind generated by the superimposition of the
kite movement with the absolute wind. While this solution might seem straightforward,
practical implementation is often quite hard due to excessive noise in the measurements.
Moreover, wind estimation is also essential in different fields, such as Air Traffic Manage-
ment (ATM). Indeed, in [9] the focus was to estimate the wind speed vectors at different
altitudes, assuming homogeneous wind in the horizontal plane.
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In summary, the performance and feasibility of AWE systems are highly affected by
high-altitude wind speed, which determines the available power and the optimal flight
trajectory. Therefore, accurate estimation and prediction of the wind speed are essential
for the design, control, and optimization of AWE systems.
However, wind speed estimation for such systems poses several challenges, such as the
nonlinear and stochastic nature of the wind, the limited and noisy measurements from
the onboard sensors, and the complex aerodynamics and dynamics of the tethered aircraft.

Contribution of the thesis

The main objective of this thesis is to develop and evaluate novel methods for wind speed
estimation for AWE systems.
This topic of research has been inspired by a recent internship at Kitemill, a world-leading
Norwegian company in the industry [1]. The company employs an innovative rigid-wing
on-ground conversion technology with the objective of automatic production of clean en-
ergy.
One of the developmental aspects that Kitemill still has to explore on a deeper level is
a methodology able to find the optimal flight direction. This research has been inspired
by the idea that having an accurate wind speed measurement at flight altitude could not
only help in the process of resolving the issue, but also improve the system flexibility, in-
troducing the ability to quickly adapt to the frequent changes of the wind speed direction
at high altitudes.

A comprehensive analysis of the literature on state-of-the-art methodologies identified
that, while the study of the topic of wind estimation is still new and fertile in the AWE
field, there are a number of valid contributions on this subject ([9], [12], [7]), among which
[13] has been recognized as particularly relevant. In the referenced study, the topic at
hand is addressed with the use of an Extended Kalman Filter (EKF), exploiting a known
wind speed measurement at a specific low altitude.
However, the methods introduced in this work don’t employ any dedicated wind sensors.
Instead, the wind vector will be estimated solely from the measurement of dynamical
quantities of the kite.
Furthermore, an additional focus is to develop models of broad applicability, ensuring
that the techniques introduced can be adapted to a diverse typology of systems.

This thesis is structured as follows: Chapter 1 provides an introduction to the models
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employed, considering both the aerodynamic model and the wind-related one. Chapter 2
describes the novel approaches developed in this work. Within this chapter, following an
initial exploration of the current state-of-the-art, the two distinct approaches—namely,
the Nonlinear Solver approach and the Optimization approach—are explained. The
conclusion and potential future development are outlined in the final part.
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In light of the research’s primary focus on the estimation of the wind vector, the work
was developed solely in simulation, attributing a role of fundamental importance to the
modeling aspect. Within the field of Airborne Wind Energy, diverse models have been
conceptualized and presented, ranging from generic to highly specific frameworks. This
diversity is exploited in order to highlight different aspects of the systems, specific to the
targeted objective.

In this first chapter, the main modeling approaches will be presented and described, in
order to provide a comprehensive outlook on the ways in which the topic of wind estima-
tion has been considered in this work.
In Section 1.1 the simulation model will be introduced, providing a foundational under-
standing of the structure and components of the model exploited to create feasible flight
data, in an attempt to replicate a real-world scenario.
Section 1.2 will describe the Wind model approach used in this work. After an initial ex-
ploration of the current state of the art, the nuanced approach to this fundamental piece
of AWE system simulation will be introduced and analyzed, along with its reasoning.

Notation and units Vectors will be denoted by bold characters, while their Euclidean
norm will be indicated with ∥.∥. Parameters specific to the kite and the tether will be
denoted respectively with the subscripts k and t. The components (x, y, z) of a generic
vector r will be represented as rx, ry and rz respectively. Additionally, if a the value of a
generic variable v is measured, it will be depicted by ṽ.

1.1. Aerodynamic Model Description

Having underlined the presence of a vast variety of AWE systems, it’s possible to begin
to analyze the specific one used in this research.
In the case of the aerodynamic model description, consider a flexible wing linked to the
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ground with one or more tethers. In order to make the model as generic as possible, an
equivalent point mass located at the aerodynamic center of the kite was used to summa-
rize the application point of the different forces acting upon the system, and include both
the mass of the kite and the mass of the tether, similar to what is presented in [13], from
which the picture in the following section was taken.

Figure 1.1: AWE System diagram

Albeit simple, this approach provided a fair
compromise between flight accuracy and simu-
lation time; it’s worth remembering that the
main objective of this work was an estimation
one, hence a complex model would lose general-
ity and give close to zero additional usefulness.
An additional level of detail for the equations
can be found in [4], from which the work origi-
nated.

The system will be fully described in an inertial
reference system, fixed on the ground station, the
point where the tether is attached to the ground.
This right-handed reference frame will be denoted
with R = (X, Y, Z), where X is the primary wind
direction, Z points upwards and Y completes the right-handed coordinate system. In
Figure 1.1, the aforementioned reference system is depicted using its unit vectors x0, y0,
and z0.
The system is composed of two masses. Along with the mass of the kite mk, the other
essential inertia to acknowledge is the mass of the tethers; assuming nt as the number
of the tethers and d, L, and µt the tether diameter, length, and volumetric density,
respectively, the total tether mass is given by

mt =
1

4
ntπd

2Lµt (1.1)

Under the assumption of a perfectly taut tether, meaning that the length of the tether is
exactly the distance between the ground station and the kite, the line mass can be placed
midway between the previously stated positions.
By defining the two masses, one can subsequently introduce the equation of gravitational
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force as

FG = (mk +
1

2
mt)

 0

0

−g

 (1.2)

where g is the earth’s gravitational acceleration, inserted with a negative sign to define
the force downward direction.

The position of the kite in the presented Cartesian reference system will be described by
vector r. It originates from the tether ground attachment point, ending at the equivalent
point mass m, concentrated at the wing’s position. Indeed, considering the previously
introduced taut tether assumption, the resulting force acting on the tether, composed of
its weight and the aerodynamic drag, can be translated to the kite point-mass position
by keeping constant their produced moment. In this way, all the forces acting upon the
system can be applied to a single point, facilitating the computation of the resultant force
acting on the kite, essential in the simulation effort.
Moreover, the kite position can be alternately defined in terms of spherical coordinates.
This definition can be proposed by introducing the assumption that the wing evolves on
a sphere centered at the lower attachment point of the tether, a usual presupposition in
the field of AWE modeling, especially for flexible wing systems, as stated in [13] and [4].
Defining with θ the angle between the vertical direction z0 and r, with ϕ the angle between
x0 and the projection of r on the X − Y plane and recalling that L is the length of the
cable, coinciding, based on the previous assumptions, with the length of the position
vector r, the position vector can be defined as

r =

L sin θ cosϕ

L sin θ sinϕ

L cos θ

 (1.3)

By analytical derivation, exploiting the first and second derivative with respect to time
of L, θ and ϕ, it’s possible to define the first derivative of r as

ṙ =


L̇ sin θ cosϕ+ L

(
θ̇ cos θ cosϕ− ϕ̇ sin θ sinϕ

)
L̇ sin θ sinϕ+ L

(
θ̇ cos θ sinϕ+ ϕ̇ sin θ cosϕ

)
L̇ cos θ − Lθ̇ sin θ

 (1.4)
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and the second derivative of r as

r̈ =
[
r̈x r̈y r̈z

]T
(1.5)

where

r̈x = L̈ sin θ cosϕ+ 2L̇
(
θ̇ cos θ cosϕ− ϕ̇ sin θ sinϕ

)
− 2Lθ̇ϕ̇ cos θ sinϕ

+ L
(
θ̈ cos θ cosϕ− ϕ̈ sin θ sinϕ− θ̇2 sin θ cosϕ− ϕ̇2 sin θ cosϕ

)
r̈y = L̈ sin θ sinϕ+ 2L̇

(
θ̇ cos θ sinϕ+ ϕ̇ sin θ cosϕ

)
+ 2Lθ̇ϕ̇ cos θ cosϕ

+ L
(
θ̈ cos θ sinϕ− ϕ̈ sin θ cosϕ− θ̇2 sin θ sinϕ− ϕ̇2 sin θ sinϕ

)
r̈z = L̈ cos θ − 2L̇θ̇ sin θ − L

(
θ̈ sin θ + θ̇2 cos θ

)
It’s important to also introduce the apparent wind vector wa, defined as

wa = W − ṙ (1.6)

Easily retrievable by the previous equation, the apparent wind is the wind experienced by
the kite, resulting from the interaction between the nominal wind W and the movement
of the kite, described by ṙ. Moreover, it is the main element governing the magnitude and
direction of the aerodynamic forces generated by the kite. Indeed, it is always directed as
the drag force FD, while the lift force FL lies in the perpendicular plane with respect to
it, with a direction defined by the vector zl.
Depicting with ρ the air density, A the wing projected area, CL the lift coefficient, and CD

the equivalent drag coefficient, encapsulating both the kite and the tether(s) drag effect,
it is possible to introduce the equations for the aerodynamic forces, defined as

FL =
1

2
ρACL∥wa∥2zl

FD =
1

2
ρACD∥wa∥2

wa

∥wa∥

(1.7)

(1.8)

The flight path is controlled through the use of two inputs. The first one, defined as
us represents the steering effort for the kite, hence employed for the computation of the
steering angle ψ. As a general rule, the steering input causes the lift force to rotate in
the plane perpendicular to the apparent wind vector, giving rise to a rolling motion. For
this reason, ψ is also called roll angle.
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Figure 1.2: Roll angle ψ due to
steering input us

In a scenario involving a flexible-wing system em-
ploying at least two tethers, this phenomenon
arises from the motion of lateral lines attached
to the wing tips, as illustrated in Figure 1.2. In
contrast, in a rigid-wing configuration, this phe-
nomenon is induced by the differential movement
of ailerons—control surfaces positioned along the
trailing edge of the wings.
These examples underscore the diverse forms the
steering input can take within the field of AWE,
thus supporting this work approach in using ψ as

an input, alternately to us. This strategic choice enhances the model’s versatility, elimi-
nating the necessity to account for specific system structures.
The second input of the model is instead the magnitude of the tether force ∥FT∥, repre-
senting the effort of the control system in maintaining the tether length close to a reference
value. Exploiting this input, the overall tether force acting on the point-mass m can be
defined as

FT = ∥FT∥
r

∥r∥
(1.9)

As depicted by the previous Equation 1.9, the direction of the tether force is solely defined
by the position vector r since the former always acts along the tether direction.

The system parameters will be summarized in vector p, defined as

p = [ρ,A,CL, CD,mk, nt, d, µt] (1.10)

Concerning the in-depth dynamics and control logic, the equations governing the pro-
posed model are not explicitly detailed in this work, as it exploits the same mathematical
framework as introduced in [4]. Indeed, as previously introduced, this research’s main
goal focuses on the methodology used for wind estimation, employing the aerodynamic
model mainly for feasible flight data creation.

1.2. Wind Model Description

Wind modeling is another important aspect to be analyzed. To improve the generality of
this research, it was crucial to select an appropriate wind model, able to simulate different
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real-world scenarios while introducing enough variability to avoid excessive repeatability
in the flight path of the kite. In literature, different models can be found, in particular
focusing on how the wind speed changes along the main direction, with respect to the
altitude. As described in [2], the main ones are called log-law and power law ; both exploit
a wind speed measurement at a known height href to analytically compute the wind
speed at a generic height h, building a curve typically referred as wind profile, condensing
environmental factors into parameters.
In particular, the log-law is described by the following equation

vw(h) = vw(href )
log( h

h0
)

log(
href

h0
)

(1.11)

while the power law can be depicted as

vw(h) = vw(href )

(
h

href

)α

(1.12)

where h0 is called surface roughness and α is the friction coefficient. Both coefficients
represent a measure of the effect of obstacles limiting free wind movement; as such, they
increase as the area considered gets more and more crowded, for example by tall buildings
or windbreaks.

In this work, an alternative approach was developed. Rather than relying on an analyt-
ical function, a set of arbitrarily chosen points was employed to implement interpolation
functions. Considering that the goal of this research is to estimate the wind vector at
each time step, the choice to use interpolating functions contributed to improving the
generality of the approach, expanding the field of possible real-world wind conditions,
without the constrain of slowly varying analytical wind models.
Furthermore, a distinctive aspect of this methodology involves considering two separate
functions to determine the wind vector, defined as

W =

Wx

Wy

0

 (1.13)

The first function computes the wind magnitude in the principal X direction, denoted with
Wx, dependent only on the kite’s altitude, while the second one introduces variability by
determining the wind magnitude in the Y direction Wy, perpendicular to the primary
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one. The dependency of the latter on the kite position in the X-Y plane introduces a
more dynamic wind vector, improving the model’s versatility.
Concerning the Z direction, it has been decided to keep the magnitude equal to zero.
For the purpose of this work, having the wind vector point upwards or downwards has
been deemed unnecessary, since the same effect can be recovered by incrementing the
magnitude of the other two components at adjacent altitudes. It’s worth noting that
constraining the wind vector in the X-Y plane is a standard procedure in any simulation
work concerning AWE systems.
With this nuanced approach, it was possible to craft a more irregular wind vector field for
the kite to fly through, improving the robustness of the results. Indeed, this methodology
allows a broader coverage of scenarios, simulating real-world conditions such as fluctuat-
ing winds.

In building the first interpolation function, concerning the wind magnitude in the primary
direction, the points used are summarized in the following table

Kite Altitude (m) Wx (m/s)

0 0
5 1.4
10 5.6
15 7.0
20 8.4
25 14.0
40 14.0
50 14.0

Table 1.1: Data Points employed in the generation of the wind profile along X direction,
Wx

The rationale for selecting the specific data points in the previous table is now explained.
These points were chosen in order to create a realistic wind profile both for the problem
at hand and a real-world perspective. Addressing the former, the objective was to empha-
size the variability of wind speed within the typical altitude range of kite flight, which, as
outlined in the following Chapters, will span between 15 and 30 meters. Concerning the
latter, the assumption of a wind speed of approximately 7 m/s at 15 meters of altitude
can be considered reasonable based on practical considerations.
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Regarding the second interpolation function, as previously stated, the following points
were chosen to introduce variability in the horizontal plane; supposing that the kite would
fly symmetrically around the Y = 0 plane, with this addition it would experience an un-
balance between the left and the right part, contributing to the previously stated objective
of incrementing the coverage of different flight scenarios.
These data points are depicted in the following table:

Kite Position (X, Y) (m,m) Wy (m/s)

(0, 0) 0
(0, -50) 0
(0, 50) 0
(25, 0) 0

(30, -10) 5
(50, 10) 10
(60, 0) 0

(60, -50) 0
(60, 50) 0
(80, -20) -10
(100, 0) 0

(100, -50) 0
(100, 50) 0

Table 1.2: Data Points employed in the generation of the wind surface along Y direction,
Wy

Both types of interpolation functions were implemented using a Cubic Spline interpolation
method. This method was chosen for its ability to generate a smooth and continuous cubic
polynomial, even from irregularly spaced data points. Furthermore, it extends seamlessly
to three dimensions, exploiting a network of cubic polynomials to create a smooth, con-
tinuous surface through a set of three-dimensional data points.
Finally, the results of the two interpolations are shown in Figure 1.3. In Figure 1.3a the
blue circles represent the data points, while the interpolation curve is represented by the
orange line. In Figure 1.3b, the data points are the black points, while the surface is the
result of a two-dimensional interpolation.
As expected, the obtained results show a high level of variability, while simultaneously sat-
isfying acceptable real-world expectations between the considered altitude range. Within
the simulation, these functions were implemented using 1-D and 2-D lookup tables re-
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spectively, which were fed by the position of the kite at each time step.

(a) X direction
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Figure 1.3: Generated wind plots for (a) Wx and (b) Wy
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Techniques

The initial chapter of this thesis served the purpose of introducing the foundational mod-
eling frameworks and notions upon which the system at hand is developed. In this second
part, the focus will shift towards the task of estimation, the core topic of this research.
Accurate wind estimation, as presented in the introductory part, is of paramount impor-
tance for the Airborne Wind Energy sector. Indeed, the assessment of wind conditions is
crucial for operating efficiently in a highly dynamic and unpredictable environment.
Having underlined the importance of the topic, a careful literature analysis depicted a
lack of research on the latter. While the subject of wind estimation has been largely
treated in the field of traditional wind energy, namely wind turbines, in papers such as [6]
or [8], only a few works analyze this problem in the setting of AWE. The most relevant
work can be found in [13], where the researchers propose the use of an Extended Kalman
Filter (EKF) framework for the purpose of estimating aerodynamic parameters and wind
information. Starting from this foundational knowledge, this Chapter aims to explore and
evaluate different methodologies for the estimation of the wind vector W at each time
step.

In Section 2.1, a solver able to solve nonlinear equations is leveraged to minimize the dif-
ference between simulated and estimated dynamics, with the wind vector as the unknown
variable.
Section 2.2 will instead present and develop the use of optimization in order to solve the
problem at hand. Following its introduction and definition, the Estimation model will be
applied in conjunction with an optimization problem, establishing a robust framework to
produce the expected results.
Lastly, in Section 2.2.4 a sensitivity analysis of the results will be performed. After an
initial explanation of the reasons behind the choice of the uncertain parameters, the ef-
fects of the latter in estimation processes will be analyzed through plots and numerical
performance indicators, such as RMSE.
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2.1. Nonlinear Solver Approach

2.1.1. Description

In the previous introductory part, it has been shown that there are different wind esti-
mation approaches, and that each approach can be better suited under different circum-
stances. When faced with an estimation problem in reality, it’s essential to take into
account that the real dynamics are always different from the theoretical equations that
can be manually derived. As such, in order to make the tests more realistic, the simulation
model and the estimation one should be different.
In this first approach, however, the idea was to test the feasibility of the problem at hand,
assuming perfect knowledge of the simulation model: in turn, this means that it’s as-
sumed perfect comprehension of every parameter of the system and that there is a perfect
correspondence between the simulation and estimation dynamic equations, leaving only
the Wind vector to be estimated.
Even considering the previously noted drawbacks, this approach can still be considered
useful for bench-marking other results in the presence of uncertainty in model parameters
or noise on measured signals.

This comes down to the solution of a problem composed of 6 equations in 3 unknowns,
where the equations are the difference between the measured derivatives of the states and
the estimated derivatives of the state computed with the unknown wind.
The wind magnitude is involved in a nonlinear way in the model of the system, as de-
picted by Equation 1.7, therefore a solver capable of handling nonlinear equations is
needed. Moreover, the system of equations to be solved can be defined as non-square (or
over-determined), meaning that the number of equations is greater than the number of
unknowns.
Since this work was developed in MATLAB, its solver fsolve was selected due to its imple-
mentation. With the default configuration, the fsolve function cannot handle non-square
systems, hence the solver algorithm was changed to employ the Levenberg-Marquardt
method, which solves the problem through a Least Square approach, using an interpola-
tion between the Gauss-Newton method and a Gradient Descend one. A more in-depth
explanation of the method can be found in [11].

In this specific case, as previously stated, the unknown is the wind vector W, hence the
system of equations to be solved is
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˜̇x− ẋ(W ) = 0 (2.1)

where

ẋ =



θ̇

ϕ̇

L̇

θ̈

ϕ̈

L̈


W =

Wx

Wy

Wz

 (2.2)

and ˜̇x are the measured values obtained within the simulation.
At each time step, the vector of measured states x̃ =

[
θ̃ ϕ̃ L̃ ˜̇θ ˜̇ϕ ˜̇L

]T
is fed, together

with the parameters vector p (defined in 1.10) and measured inputs ψ̃ and ∥F̃T∥, into an
exact copy of the model used for the simulation (see Chapter 1.1), making it a function
of only the wind vector W . Summarizing the knowledge introduced in Chapter 1.1, the
model equation can be depicted as

ẋ(W ) = fx(x̃, ψ̃, ∥F̃T∥,p,W ) (2.3)

Moreover, in the solver was implemented a soft start approach, where the initialization
vector W0 was taken equal to the estimated wind vector at the previous time step. Conse-
quently, the only initialization vector to be manually tuned was the one used at the start
of the estimation procedure, assumed for simplicity to be equal to the actual wind. It’s
worth noting, however, that no real difference was created using a generic initialization
vector since the solver was quickly able to converge to the same solution.
In particular, this lack of tunable hyper-parameters is one of the strengths of this ap-
proach, as it will be even clearer in the next chapter.

Lastly, it’s also worth noting that no constraints have been set for any of the unknowns.

2.1.2. Results

During testing, we considered only the first 25 seconds of the simulation, since after
that the pattern became repetitive, providing no additional information for the problem
at hand. This was due to the kite reaching a periodic behavior, where it would stay
indefinitely.
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For this initial test, the initial state vector, determining the position and speed of the kite
at the start of the simulation, was composed by the following values

x̃0 =



θ̃0

ϕ̃0

L̃0

˜̇θ0
˜̇ϕ0

˜̇L0


=



π
3
rad

0 rad

50m

0 rad/s

0 rad/s

0m/s


The correctness of the results has been evaluated using the Root Mean Squared Errors
(RMSE) against the actual wind components retrieved during the simulation, considering
also its norm. The Mean Absolute Percentage Error (MAPE) has also been computed,
albeit only along the X direction, since the other ones present values close to 0 and are
therefore unable to be dealt with by the indicator.

Zero Noise

The initial test was composed as introduced in the previous part, considering perfect
knowledge of the various signals fed into Equation 2.3 and considering zero noise.
As one can expect, the results show near-perfect accuracy in all directions. The spikes in
Figure 2.1c correspond to big variations in the magnitude of the wind in either the X or
the Y direction, in turn producing numerical errors during computation.
The results can be depicted in Figure 2.2, while the performance evaluators are summa-
rized in Table 2.1.
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(a) X direction (b) Y direction

(c) Z direction

Figure 2.1: Estimation results using the Nonlinear Solver approach, with perfect state
measurements, γ = 0

Introducing Noise

Improving on the previous results, the same experiments were computed introducing noise
into the signals. In particular, the noise added to the signals was proportional to their
values and drawn from a standard normal distribution, depicted with σ, through the
function randn of MATLAB.
For a generic signal y, its noisy version was computed as

ynoisy = y + γ · y · σ (2.4)

where γ is a tunable parameter able to control the magnitude of the noise; for example,
with γ = 0.01, the noise will be scaled by 1% of the magnitude of the signal.
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In the case at hand, the noise was applied only to the vector of states x̃, as it can be seen
as a noise measurement of kite states. Taking into account the supposition that inputs
are given directly by the controller, ψ̃ and F̃T were left without noise.
With this approach, results decline really quickly. With a noise level of as low as 0.1%,
the results obtained are the following.

(a) X direction (b) Y direction

(c) Z direction

Figure 2.2: Estimation results using the Nonlinear Solver approach, with noisy state
measurements, γ = 0.001

The performance results are presented together with the noiseless case in Table 2.1.
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Noise RMSEX RMSEY RMSEZ ∥RMSE∥ MAPEX

No 0.006515 0.010951 0.014060 0.0190 0.0083
Yes 0.373862 0.721726 0.924809 1.2312 2.2380

Table 2.1: Performance evaluation of Nonlinear Solver estimation approach, with and
without state measurement noise

Increasing the noise level further generates an unfeasible problem for the solver, for which
it cannot find a solution.
This behavior is due to the structure of the problem. Indeed, as previously introduced,
the system at hand is over-determined, therefore the solution may not be unique.
However, this effect may be reduced by modifying the structure of the nonlinear equa-
tion considered, employing a square system able to be solved by stricter Least Squares
algorithms, as the default Trust Region algorithm approach.

2.2. Optimization approach

In this second part of the Chapter, the problem at hand is approached through the use
of a Gradient-Based Optimization approach, part of a family of methods that exploit
first- and second-order optimality conditions in order to find the minimum of a given cost
function.

Before introducing the optimization problem, it’s important to underline a key difference
with respect to the previous method. In this approach, the simulation model and the
estimation one are different. This radical change brings the application of this approach
closer to a real-world scenario, where the perfect knowledge of the dynamic equations
governing the system is unfeasible.
For this reason, the next part will be dedicated to the description of the estimation
problem, developed to be adapted to the optimization model, that will be later introduced.

2.2.1. Estimation model

The estimation model is supposed to be formed by equations concerned with treating the
variables needed for the following optimization part. As such, the equations from Chapter
1 have been reorganized in order to compute the kite acceleration r̈, an essential part of
the cost function. Moreover, as previously discussed, a similar approach was considered
in [13], from which the following equations are inspired.
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wa =

Wx

Wy

Wz

− ˜̇r

FL =
1

2
ρ A CL ∥wa∥2

zlxzly
zlz


FD =

1

2
ρ A CD ∥wa∥2

wa

∥wa∥

FT = ∥F̃t∥
r̃

∥r̃∥

mt =
1

4
nt π d

2 µt ∥r̃∥

m = mk +
1

2
mt

r̈ =
FL + FD + Fg − FT

m

(2.5)

(2.6)

(2.7)

(2.8)

(2.9)

(2.10)

(2.11)

Overall, the model can be summarized as

r̈ = fest(r̃, ˜̇r, ∥F̃t∥,p,W , zl) (2.12)

where p = [ρ,A,CL, CD,mk, nt, d, µt] represents the modified vector of constant parame-
ters.

An important distinction with respect to the simulation model, and with respect to the
previous methodology, lies in the adoption of constant aerodynamic coefficients. In simu-
lation, this is achieved by calculating the mean of the coefficients’ values throughout the
simulation. However, this approach is easily extendable in a real-world scenario, where
computing a constant value is the result of aerodynamic insights and considerations on
the actual system.

Another noteworthy subject for discussion is the exclusion of the steering input us, which
in turn is used for the computation of the steering angle Ψ, in the estimation model equa-
tions. As described in Chapter 1.1, in this instance, the direction of the lift force FL will
be treated as an additional optimization variable, condensing the aerodynamic knowledge
into constraints the optimizing process must consider. Nevertheless, the other input ∥F̃t∥
remains an integral component of the model.
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2.2.2. Optimization Problem Description

The idea is to solve at each time step a nonlinear optimization problem, trying to min-
imize the difference between the measured accelerations of the kite and computed ones
from an estimation model summarized with Equation 2.12.
In order to solve this optimization problem, this work employed a Sequential Quadratic
Programming (SQP) method, that uses Broyden–Fletcher–Goldfarb–Shanno (BFGS), a
quasi-newton method, to approximate the Hessian matrix, in order to check if the best
candidate meets the second-order optimality condition. Through the use of BFGS, this
crucial approximation can be computed by using only information on the gradients of the
cost function and constraints. A detailed mathematical derivation of these methods can
be found at [3]
Moreover, the gradients are computed from manually provided analytical expressions, as
opposed to the default application of finite differences approaches such as Central Dif-
ferences. Albeit more expensive from an implementation perspective, this introduction
greatly reduced the number of function evaluations during the optimization process, in
turn reducing the execution time.
The optimizer selected to solve the problem at hand was fmincon of MATLAB due to its
efficiency in the implementation of the previously described algorithms and its standard-
ized use, improving the reproducibility of this work. The generic problem this solver tries
to solve can be depicted as

min
x
f(x) such that



c(x) ≤ 0

ceq(x) = 0

A x ≤ b

Aeq x = beq

lb ≤ x ≤ ub

(2.13)

By defining the direction of the lift vector zl thought its directional components as

zl =
[
zlx zly zlz

]T
(2.14)
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it’s possible to depict the vector of optimization variables as

u =
[
Wx Wy Wz zlx zly zlz

]T
(2.15)

In optimization problems, the careful choice of the cost function is crucial, as it directly
influences the behavior and outcome of the process. In this specific case, the selected cost
function was Quadratic. This is in fact a quite common choice in the optimization field as
it guarantees convexity, ensuring a single global minimum, and efficiency in mathematical
operations, such as differentiation.
Moreover, it is composed of the sum of two terms. The first one involves the difference
between the measured acceleration ˜̈r, retrieved during the simulation, and the estimated
one r̈, computed using the Equations 2.12. The second term concerns the difference
between the optimization vector values at the current and at the previous time step, sym-
bolized by uold. Its purpose is to limit the increase or decrease of u in a single step, under
the assumption that both the wind magnitude and the lift force direction cannot rapidly
change. Indeed, it greatly reduced an unsatisfactory spiking phenomenon in the results,
present in initial versions of the problem.

Overall, the optimization problem can be expressed as

minimize
u

(˜̈r − r̈)TQ(˜̈r − r̈)+ (u− uold)
TQdiff (u− uold)

subject to r̈ = fest(r̃, ˜̇r, ∥F̃t∥,p,u),

u ≤ u ≤ u,

Wz = 0,

∥zl∥ − 1 = 0,

zT
l wa = 0

(2.16a)

(2.16b)

(2.16c)

(2.16d)

(2.16e)

(2.16f)

where Q ∈ R3×3 and Qdiff ∈ R6×6 are both diagonal matrices.

Lastly, it’s important to emphasize the motivation and value behind the introduced con-
straints:

− The constraint depicted by 2.16c concerns the lower and upper bounds of the op-
timization variables. Even if they are not straightly necessary for the computation
of a correct result, these constraints greatly help the optimizer to find a feasible
minimum. In particular, u and u contain upper and lower bounds, respectively.
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only for the two initial optimization variables, namely Wx and Wy, implying limits
on the wind magnitude in the directions where it is different from zero.
Nonetheless, this peculiar form was chosen to align with the solver used in this
work. Indeed, fmincon deals with this type of Linear Inequality Constraint sepa-
rately from the other constraints of the same kind, as described by 2.13.
The numerical values were selected considering the expected values of the wind mag-
nitude in both the interested directions. However, in a real-world scenario, these
constraints could be less restrictive, as they mainly serve the purpose of speeding
up the computation, eliminating highly unfeasible results.
In this particular work, the boundary values for Wx and Wy were chosen as

Wx = 5 Wx = 15

Wy = −2 Wy = 10

where, as previously introduced, the underlined values symbolize the lower bound
while the overlined values indicate the upper one.

− The knowledge recovered from Equation 1.13 is represented in the constraint Equa-
tion 2.16d. Indeed, this Linear Equality Constrain symbolizes the absence of a wind
component in the upward direction, forcing its magnitude to 0.
During the implementation phase, this constrained was adapted to the solver through
the use of matrix Aeq and vector beq, defined as

Aeq =



0 0 0 0 0 0

0 0 0 0 0 0

0 0 1 0 0 0

0 0 0 0 0 0

0 0 0 0 0 0

0 0 0 0 0 0


beq =



0

0

0

0

0

0


− Since the vector zl is used to define the direction of the lift force, it must be a unitary

vector. As such, constrain 2.16e is introduced to force its norm to 1. Moreover, this
constrain is a Nonlinear Equality one, since its expanded form is√

z2lx + z2ly + z2lz = 1

This alternative configuration provides a clearer depiction of how the nonlinearity
of the optimization variables influences the equation.
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− Finally, the last constraint 2.16f illustrates another fundamental aerodynamic notion
presented in Section 1.1, the orthogonality between the apparent wind vector wa

and the lift force, represented by its unitary direction vector zl.

2.2.3. Results

The previously introduced optimization approach was then developed in order to get
numerical results. Similarly to Section 2.1.2, the initial 25 seconds of simulations were
considered, as they included the most significant part.

After an initial trial and error phase, the values of Q and Qdiff were fine-tuned through
a grid search approach, based on the sum of the three RMSEs.
The best results were produced with

Q = 102 ·

5 0 0

0 5 0

0 0 5

 Qdiff = 107 ·



1 0 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0 0

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1


generating an RMSE of 1.2771, 0.7514, 0.0000 on the X, Y and Z direction respectively,
with a norm of 1.4818 and a MAPE along X of 11.1213.

The following figure visually depicts the results obtained under those assumptions.
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Figure 2.3: Estimation results using Optimization approach, with constant aerodynamic
coefficients CD and CL

2.2.4. Sensitivity Analysis

In the final part of this work, attention is directed toward an in-depth sensitivity analysis
of the two aerodynamic coefficients. In particular, the estimation procedure was tested
with increased and decreased values of CD and CL, up to ± 20%.
These particular parameters were selected as they represent a common real-world uncer-
tainty. Indeed, the specific flight pattern of AWE systems can make the computation of
the coefficients rather difficult, since they also depend on the demanding estimation of the
angle of attack of the kite, as described in [4]. Moreover, considering a mean value for CD

and CL improves the generality of this approach, one of the main focus points of this work.
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Figure 2.4 depicts the values of the aerodynamic parameters during a standard simulation,
together with their mean values, symbolized by an overline, and their upper and lower
modification bounds. Since CL has a higher mean value with respect to CD, its bounds
significantly deviate from the mean. In turn, worse RMSE results can be expected during
this sensitivity analysis for the former.
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Figure 2.4: Modified values of Aerodynamic Parameters

Furthermore, the tests have been performed with scaling values of the aerodynamic coef-
ficients. In particular, CD and CL have been modified by ±5%, ±10%, ±15% and ±20%,
generating 8 different tests. It’s also important to specify that to in order to improve the
quality of the results, only one change has been tested at the same time, meaning that if
CD was modified, CL would take its mean value CL throughout the simulation.

The analysis has been performed only on this second estimation method. Indeed, in the
first approach, the strong assumption of perfect knowledge of the simulation model during
the estimation procedure removed the need for the analysis of different behaviors with
modified parameters. Moreover, by looking at Figure 2.2, it’s clear how small changes in
the default values quickly worsen the results.

Lastly, in the following plots and data tables, the results on the Z component of the
wind vector have been discarded. As clearly depicted by Figure 2.2c, the constraint 2.16d
forced that magnitude to 0, also in the case of modified parameters.
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Drag Coefficient Analysis

Figure 2.5 and 2.6 depict the estimated wind magnitude in the X and Y directions re-
spectively, produced with different values of the drag aerodynamic coefficient.
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Figure 2.5: Wx Estimation results obtained with (a) increasing and (b) decreasing values
of CD
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Figure 2.6: Wy Estimation results obtained with (a) increasing and (b) decreasing values
of CD

Table 2.2 summarizes the results, using RMSE as the performance indicator. The second
and the third column represent the RMSE value along the X and Y directions respectively,
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while the fourth column depicts the sum of the two. As previously discussed, the Z
direction has not been taken into account since the constraints in the optimization problem
force it to 0, in turn producing an RMSE equal to 0. Additionally, in the fifth column
the MAPE along the X direction is presented, following the same reasoning described in
the previous approach.
This result is also underlined by Table 2.3, where the described effect in the Z direction
is reported in both the mean and the standard deviation.

CD RMSEX RMSEY ∥RMSE∥ MAPEX

Mean 1.2771 0.75144 1.4817 11.121
-5% 1.6381 0.85854 1.8495 14.704
-10% 2.0106 0.97337 2.2338 18.335
-15% 2.3902 1.0928 2.6281 22.005
-20% 2.7749 1.2148 3.0291 25.709
+5% 0.93778 0.6571 1.1451 7.5962
+10% 0.65091 0.58314 0.87392 4.2921
+15% 0.50804 0.53958 0.74112 3.4342
+20% 0.61405 0.53549 0.81474 5.4936

Table 2.2: Performance Indicators of Sensitivity analysis of CD

Mean Standard deviation

RMSEX 1.4224 0.8291
RMSEY 0.8007 0.2497
RMSEZ 0.0000 0.0000

Table 2.3: Mean and Standard deviation of RMSE Data for CD

Lift Coefficient Analysis

The same analysis has been performed on the lift coefficient CL.
The results in both Figure 2.7 and 2.8 highlight a greater discrepancy in the estimation
performance as CL is modified by increasing factors. Indeed, as the initial considera-
tions pointed out, a 20% increase on CL deviates from its mean further than the same
proportional increase on CD, producing overall worse performance indicator values.
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Figure 2.7: Wx Estimation results obtained with (a) increasing and (b) decreasing values
of CL
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Figure 2.8: Wy Estimation results obtained with (a) increasing and (b) decreasing values
of CL
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CL RMSEX RMSEY ∥RMSE∥ MAPEX

Mean 1.2771 0.75144 1.4817 11.121
-5% 0.77863 1.7498 1.9152 5.1932
-10% 1.1941 3.0873 3.3102 9.7973
-15% 2.2425 4.5571 5.079 18.978
-20% 3.5813 6.1415 7.1094 31.893
+5% 1.9667 1.1752 2.2911 18.481
+10% 2.6247 2.2282 3.443 25.084
+15% 3.2253 3.296 4.6116 31.034
+20% 3.7694 4.3246 5.7368 36.401

Table 2.4: Performance Indicators of Sensitivity analysis of CL

Mean Standard deviation

RMSEX 2.2955 1.0875
RMSEY 3.0346 1.7563
RMSEZ 0.0000 0.0000

Table 2.5: Mean and Standard deviation of RMSE Data for CL
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Conclusions and future developments

The topic of absolute wind vector estimation is a crucial step towards the optimization of
AWE systems. The nuanced methodologies established in this work improved the existing
ones present in the literature. In particular, the exploitation of optimization techniques
generated excellent results, albeit employing a simplistic estimation model.
Moreover, the entirety of the work was developed with a very general approach, hence
the methodologies can be quite easily replicated on different systems.

Although the Nonlinear Solver approach generated promising results, its reliance on strong
assumptions and susceptibility to noisy measurements, causing a fast divergence, led to its
performance being considered inferior to that of the Optimization approach. Indeed, the
latter proved to be robust in the presence of uncertainties and flexible in the employment
of constraints, derived from aerodynamic considerations.

Additionally, given the nuanced contributions presented in this work, several interest-
ing topics emerge as potential subjects for further research. The main outlooks are the
following:

• Testing with Real-world Data. This research focused its efforts in a simulated
environment. A straightforward development of the presented techniques would
be to employ on-field data to evaluate the estimation method’s performance in a
real-world scenario.

• Reconstruction of a Wind field. The estimated wind vector information could
be merged together with the known position of the kite in order to build an esti-
mated wind field. Two-dimensional Gaussian distributions could be employed at
selected discrete points to construct a wind surface in an area of interest. Moreover,
the created map could be used to estimate the wind direction and magnitude in
unexplored zones, through probability or machine learning frameworks.

• Implementation of kite as a sensor. In most AWE systems, the operation is
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divided into a power production phase, also called pumping phase in rigid wing
systems, and a retrieval phase. A third one, which can be called Exploration phase,
could be added in between the previous two, with a focus on inspecting unexplored
zones. The new data retrieved during this phase could then be exploited to enhance
the previously introduced wind field model, possibly improving the selection of more
suitable flight zones.
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