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Abstract
Vision information is essential for planning and control of autonomous sys-
tems. Vision-based control systems leverage rich visual input for motion plan-
ning and manipulation tasks. This thesis studies the problem of Image-Based
Visual Servo (IBVS) control for quadrotor UAVs. Despite the effectiveness of
vision-based systems, the control of quadrotors with IBVS presents the non-
trivial challenge of matching the 6 DoF control output obtained by the IBVS
with the 4DoF of the quadrotor. The novelty of this work lies in addressing the
under-actuation problem of quadrotors using linear Model Predictive Control
(MPC). MPC is a well-known optimization control technique that leverages a
model of the system to predict its future behaviour as a function of the input
signal. We extensively evaluate the performance of the designed solution on
both simulated environment and real-world experiments.
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Sammanfattning
Visuell information är grundläggande för planering och kontroll av autono-
ma system. Visionsbaserade kontrollsystem drar nytta av rik visuell inmat-
ning för rörelseplanerings- och manipuleringsuppgifter. Den här avhandling-
en studerar problemet med Image-Based Visual Servo (IBVS) -kontroll för
quadrotor UAVs. Trots effektiviteten hos visionsbaserade system utgör kon-
trollen av quadrotorer med IBVS den icke-triviala utmaningen att matcha 6
DoF-kontrollutgång som erhållits av IBVS med 4DoF från quadrotorn. Ny-
heten i detta arbete ligger i en ny formulering av underaktiveringsproblemet
för quadrotorer med linjär Model Predictive Control (MPC). MPC är en väl-
känd optimeringskontrollteknik som utnyttjar en modell av systemet för att
förutsäga dess framtida beteende som en funktion av insignalen. Vi utvärderar
omfattande prestandan för den designade lösningen i både simulerad miljö och
verkliga experiment.
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Chapter 1

Introduction

In the last decades, automation and robotics have become an important field
of study to shape the future of society. From intelligent home assistants to
autonomous vacuum cleaners, this technological revolution is already around
us. Autonomous vehicles, operated without any direct human intervention, are
slowing becoming a reality. Because of its potential, this technology is being
applied not only for transportation but also in agriculture, in rescuing people
and in substitution of human operators performing tasks in dangerous envi-
ronments. In robotics vehicles operated autonomously are typically referred
to as Unmanned Vehicles (UV). When referring to an autonomous vehicle one
can immediately think of a self-driving car or an autonomous rover, but self-
piloted planes and drones belong to this category as well. Being more specific:
the firsts are Unmanned Ground Vehicles (UGVs) while the seconds are called
Unmanned Aerial Vehicles (UAVs). The use of autonomous aerial vehicles is
a very effective tool to substitute or support human operators in dangerous
environments while performing monitoring tasks, rescuing stragglers or de-
livering medical devices. To successfully perform its task, the UAV needs to
gain knowledge and understanding of the surroundings, guessing its position
and realizing which direction should be taken to reach its goal. To be able to
"see" the environment around, the vehicle needs to be equipped with camera
sensors that act as "eyes" for it.

UAVs are already in use in many different contexts such as photography,
movies production, inspection and agriculture. Interesting research areas are
trying to investigate the use of drones for noble causes such as helping to rescue
people in need, trapped after an avalanche or after an accident in a dangerous
environment. In particular, on this topic it is worth mentioning the SHERPA

1



2 CHAPTER 1. INTRODUCTION

Figure 1.1: Sherpa drone designed to support search and rescue activities in a
real-world hostile environment like the alpine scenario. 3

project 1 2 which is a UE funded project under the supervision of the Alma
Mater Studiorum of Bologna. SHERPA’s goal is to develop a mixed ground
and aerial robotic platform to support search and rescue activities in a real-
world hostile environment like the alpine scenario. In particular, the strategy
adopted to require a fleet of small UAVs to fly around looking for people to be
rescued. The small dimension of the aerial vehicles allows them to be agile
and fast in the search, cutting down the time needed to identify the position
of stragglers. On the other hand, the UAVs’ battery life is limited, therefore
they need a ground robot companion carrying spare batteries. Moreover, the
rover is equipped with a camera and a robotic arm able to replace the drone’s
battery when needed. To do so, the drones need to be able to land in a specific
position with respect to the rover.

Another good example is the study on ambulance drones 4 from Delft Uni-
versity, where they tested the use of a drone solution to promptly deliver defib-
rillator in case of an emergency. This can potentially save a lot of lives since
it could be easily called using an app from anyone, referring to the GPS co-
ordinates of the caller could reach the specific position easily and much faster
than a human-operated ambulance van. When the ambulance drone gets close

1Video link: https://www.youtube.com/watch?v=dKThQJ3VAl8
2Project link: https://www.unibo.it/en/research/projects-and-initiatives/Unibo-Projects-

under-7th-Framework-Programme/cooperation-1/information-and-communication-
technology-ict-1/sherpa

3Article link: https://www.tomshw.it/altro/sherpa-i-droni-al-servizio-del-soccorso-
alpino/

4 Websitelink link: https://www.tudelft.nl/en/ide/research/research-labs/applied-
labs/ambulance-drone/
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enough to the patient, it could identify them and land close enough such that
it gets easy for the people nearby to use the defibrillator.

Figure 1.2: Ambulance drone developed in TU Delft carrying and Automated
Defibrillator (AED) to provide fast first aid assistance to people suffer from a
cardiac arrest. 4

Agricultural applications for UAV are also largely explored recently where
researchers are trying to bridge the gap between the current and desired capa-
bilities of agricultural robots. In this kind of applications, the motion of the
UAV needs to follow the vineyards, both for inspection and for intervention
purposes. For example, the drone in Fig. 1.3 has been developed at ETH for
the Flourish Project 5. The drone is able to apply pesticides selectively to the
plants that need it.

1.1 Motivation
In this work, we will investigate the usage of vision sensors to close the control
loop in UAVs’ applications. Vision is essential for humans and living beings
to survive, as well as the ability to perceive and understand the environment is
crucial for an autonomous robot to accomplish any given task. Robot vision

5Project link: http://flourish-project.eu/
6Wesite link: https://worldfoodsystem.ethz.ch/news/wfsc-media/2018/08/robots-or-

drones-helping-precision-pesticide-application.html
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Figure 1.3: Agricultural drone developed in ETH in order to help in precise
pesticide applications. 6

refers to the capability of a robot to visually perceive the environment and in-
teract with it, [20]. Robot vision typically is applied to perform tasks such as
navigation in a known environment or exploration in an unknown one, avoid-
ing obstacles, looking for a given target, interaction with a human operator or
another robot.

In particular, we are going to focus on visual servoing that is a well-known
control strategy that uses visual information as feedback to control the motion
of a robot with respect to a given reference without the need of knowing its
global position. Despite the many advantages that this method provides, ap-
plying it for the control of drones is not trivial. In particular the problem of
the system being under-actuated needs to be faced: visual servoing algorithms
output a required velocity to be tracked by the vehicle for each of the six de-
grees of freedom, but the UAV is actuated just along four of them. For this
reason, it is essential that the tracking takes into account the actual dynamics
of the system and its physical limitations that are not taken into account by
the visual servoing. We investigate the use of linear Model Predictive Control
(MPC) to accomplish this task. MPC is an effective advanced control method
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that uses the dynamic model of the system to control it while satisfying a set
of constraints.

1.2 Literature review
As previously mentioned, visual information is crucial for motion planning
and control of robots in an unknown environment. As a matter of fact vision
allows robotic systems to obtain geometrical and qualitative information of
the surrounding space essential to accomplish any given task, [35]. In this
paragraph, we are going to discuss previous works done in this field that we
are going to consider as the background of this thesis.

The first experiments that use visual information to successfully correct the
robot position came from 1973, [33], and from then visual feedbacks has been
extensively used in robot navigation, obstacle avoidance and manipulation of
objects. We refer to Look-and-move algorithms when the visual information
is used in open loop and we call vision-based control or visual servoing in
the case of closed-loop. Visual servoing is based on techniques from different
subjects like image processing, computer vision and control theory. It consists
of two distinct processes: feature tracking and control, in this thesis we will
focus on the control part.

There are two fundamental types of visual servoing: PBVS - Position-
Based Visual Servoing and IBVS - Image-Based Visual Servoing. Despite the
potential problems in convergence and stability, [5], IBVS overcome many of
the calibration and robustness problems of PBVS, [12]. Moreover, depending
on the position of the camera with respect to the robot, we can distinguish
between eye-in-hand and eye-to-hand configuration. As the name suggests,
in the eye-in-hand configuration the camera is allocated on the robot itself,
in opposition in the eye-to-hand configuration the camera is not positioned
on the robot itself, but it is in the surrounding environment pointing to the
robot. Depending on the application, each configuration may have advantages
or disadvantage. As a matter of fact, with the eye-to-hand configuration one
could have a more general view on the robot and its surroundings, but, while
accomplishing the task, the robot itself could occlude the view. Moreover and
eye-to-hand configuration require the robot to operate in an equipped envi-
ronment. This can find a good application for industrial robots, such as auto-
matic manipulators or smart carrying systems. Furthermore, the eye-in-hand
configuration is better applicable to mobile robots in a partially or unknown
environment.

Since 1992, autonomous agents use vision systems and they are inserted in
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the automatic control loop as dedicated sensors, [8]. IBVS was first used in the
control of a class of under-actuated rigid body in 2002, [14]. For the first time,
the full dynamic system with all degrees of freedom was considered. They ex-
ploited the passivity-like properties of the system to obtain a Lyapunov control
algorithm using robust backstepping techniques. A novel control law based on
computer vision for quasi-stationary flights above a planar target is presented
two years later, [28]. The focus of this work is on the dynamics of an Un-
manned Aerial Vehicle (UAV) for monitoring of structures and maintenance
of bridges. Furthermore, in 2010, an image-based visual servo control for an
unmanned aerial vehicle(UAV) capable of stationary or quasi-stationary flight
with a camera mounted on board was proposed, [11]. The authors consider as
target-features a set of stationary and disjoint points on a plane. Before, there
were few integrated IBVS control designs for fully dynamic under-actuated
system models, for example, [27, 14, 15], where, as in previous works, they
used a nonlinear controller based on backstepping techniques. Finally, more
recent works on the topic concern attitude estimation and stabilization entirely
based on image feedback from a pan and tilt camera and biased rate gyros, [3].

In this work we are using MPC as a low-level controller. MPC is an ad-
vanced control strategy that aims to find an optimal control signal for a process
while satisfying a set of constraints. MPC uses the dynamic model of the sys-
tem to predict its future behaviour and uses that to determine the input signal
u that minimize the cost function. Initially, it was used in chemical applica-
tions, to control the transients of dynamic systems with hundreds of inputs and
outputs, subject to constraints, [29].

Historically modern control came from Kalman in the early 1960s who
worked on determine when a linear control system could be considered op-
timal, [16, 17]. LQR-linear quadratic regulator minimizes an unconstrained
quadratic objective function of states and inputs, but, even with powerful sta-
bilizing properties because of the infinite horizon, it had a low impact on the
industrial control applications because of the lack of constraints in its formu-
lation and the nonlinearities of the real system, [32]. Linear MPC is a special
case the unconstrained infinite horizon LQR, where the horizon N = inf and
the stage cost is given by the quadratic expression.

In the last decades, a lot of work has been done on MPC and it has been
applied in a lot of new fields. Quoting Camacho and Bordons in the preface of
their book Model Predictive Control, [4]: "The reason of this success can be
attributed to the fact that MPC is, perhaps, the most general way of posing the
process control problem in the time domain". In particular, here we are going
to focus on its application to control UAVs.
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In 2007 the first model predictive controller to control UAVs was designed.
The purpose of the workwas to see if a good tracking controller was achievable
when dealing with a highly nonlinear aircraft system. For the simulations, a
MATLAB Simulink model of the UAV ’Ariel’ is used, [30]. In the same year
an autonomous vision-based Landing and Terrain Mapping Using an MPC-
controlled Unmanned Rotorcraft was proposed, [36]. Two years late, in 2009
a model predictive control strategy was presented for the visual servoing of a
robot manipulator with eye-in-hand configuration, [21].

In 2010 predictive control was used with the image-based visual servoing
(IBVS) to deal with constraints such as robot workspace limitations, visibility
constraints and actuators limitations. These constraints are expressed into the
MPC formulation as state, output, and input constraints, respectively. Based
on the predictive-control strategy, the IBVS task is written into a nonlinear
optimization problem in the image plane, where the constraints can be easily
and explicitly taken into account [1].

More recently, in 2014 a real-time solution to onboard trajectory tracking
control of quadrotors was presented. The proposed approach combines the
standard hierarchical control paradigm that separates the control into low-level
motor control, mid-level attitude dynamics control, and a high-level trajectory
tracking with a model predictive control strategy, [2]. In 2015 an explicit so-
lution of model predictive control (MPC) for trajectory tracking of quadrotors
has been proposed. Here they represented the reference trajectory, system out-
puts and inputs using Bezier curves by using the differential flatness property
of the quadrotor. Thus, the formulated optimisation problem can be parame-
terised and converted into standard quadratic programming, that then can be
further formulated into multiparametric quadratic programming which is then
solved off-line as a piecewise affine function, [22].

Finally, in 2017 a classical Linear Model Predictive Controller (LMPC) is
presented and compared against a more advanced Nonlinear Model Predictive
Controller (NMPC) that considers the full system model, [18].

More recent works onModel Predictive Visual Servoing has been done for
fully actuated underwater vehicles. In 2019 Gao, Zhang, Wu, Zhao, Wang and
Yan presented a sliding-mode observer-based model predictive control (SMO-
MPC) strategy for image-based visual servoing (IBVS) of fully-actuated under-
water vehicles subject to the field of view and actuator constraints and model
uncertainties. With the consideration of system uncertainties, including exter-
nal disturbances and unknown dynamic parameters, a sliding-mode observer
is designed to estimate the modelling mismatch, which is feedforward to the
dynamic model in MPC, [10].
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1.3 Thesis Outline
We are going to start in Chapter 2 by presenting the system we are going to
work with and illustrating how we build its dynamical model. In Chapter 3 we
will continue by presenting some theory on visual servo control to give some
context to the work, followed by the results of some preliminary simulations
performed on MATLAB. Then, in Chapter 4 we are going to briefly introduce
MPC and present how we are using it as a low-level controller to address the
issue that the system is in fact under-actuated. We are going to explain the op-
timization problem we aim to solve and the model of the system we are using.
Furthermore in Chapter 5 we are going to describe the whole software archi-
tecture we implemented. Results from simulations and experiments will be
discussed. Finally in Chapter 6 we are going to go thought some conclusions
and future works.



Chapter 2

System Dynamics

2.1 Mathematical Notation
In this section, we are going to introduce the mathematical notation that is
used in this work.

• x: lower case letter indicates a scalar

• x: lower case bold letter indicates a vector

• X: upper case bold letter indicates a matrix

Moreover we will use the following abbreviations:

• c(θ) instead of cos θ

• s(θ) instead of sin θ

2.2 Coordinate Systems
To describe a quadrotor’s dynamical model we have to first introduce the ref-
erence frames we are going to use in the description. In particular, we are
going to introduce two coordinates systems: Inertial Reference Frame {FI}
and Body Reference Frame {FB}. The inertial frame is considered fixed with
respect to the world, while the body frame is fixed with the robot’s barycenter
therefore it moves with respect to the inertial frame with the UAV. In Fig. 2.1
is shown a representation of the different coordinate systems.

9
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Figure 2.1: Quadrotor model connected with its body frame represented in red
and the inertial frame in blue color. Body frame is fixed with respect to the
quadrotor, so it moves with it while the inertial frame is fixed with respect to
the external world.
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2.3 Euler Angles
To describe the UAV’s orientation with respect to the Inertial Coordinate Sys-
tem, we need away for describing 3D rotations. In this work, wewill parametrize
3D rotations with the use of Euler Angles. Euler Angles have been named af-
ter Leonhard Euler, who was the first one using them in the 18th century. His
theory is based on the principle that each 3D rotation can be unequivocally
defined using three angles. We define the Euler angles as follows:

• φ: define rotation around the x axis

• θ: define rotation around the y axis

• ψ: define rotation around the z axis

The resulting elementary rotational matrices are:

Rx(φ) =

1 0 0

0 c(φ) −s(φ)

0 s(φ) c(φ)

 , (2.1)

Ry(θ) =

 c(θ) 0 s(θ)

0 1 0

−s(θ) 0 c(θ)

 , (2.2)

Rz(ψ) =

c(ψ) −s(ψ) 0

s(ψ) c(ψ) 0

0 0 1

 . (2.3)

The final 3D rotation is defined as the combination of three elementary rota-
tions around axis x, y and z, respectively Rx, Ry and Rz. There are different
configurations, we are using ZYX notation, [35]. Therefore, a general rotation
is defined as follows:

Rzyx(φ, θ, ψ) = Rz(ψ)Ry(θ)Rx(φ), (2.4)

Rzyx(φ, θ, ψ) =

c(θ)c(ψ) s(φ)s(θ)c(ψ)− c(θ)s(ψ) c(φ)s(θ)c(ψ) + s(θ)s(ψ)

c(θ)s(ψ) s(φ)s(θ)s(ψ) + c(θ)c(ψ) c(φ)s(θ)s(ψ)− s(θ)c(ψ)

−s(θ) s(φ)c(θ) c(φ)c(θ)

 .
(2.5)
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Figure 2.2: Euler Angles representation. Inertial frame represented in blue
while body frame represented in red. φ define rotation around the x axis, θ
around the y axis and ψ the z axis.

2.4 UAVs
There are several kinds of UAV depending on the dimension and number of
actuators. In particular, we are going to focus on quadrotors that are character-
ized by four actuators and propellers. Quadrotors have four individual rotors
connected to the rigid cross airframe, as shown in Fig. 2.3. Note that the sys-
tem is underactuated because no actuator is directly providing motion on the
XY plane. Therefore that translation needs to be controlled with the available
four degrees of freedom, [24].

The UAV is therefore actuated for roll, pitch, yaw and thrust. In Fig. 2.4,
each degree of freedom is illustrated with respect to the body frame of the ve-
hicle. In particular, thrust represents a motion along the z axis, roll represents
a rotation around the x axis, pitch represents a rotation around the y axis and
yaw represents a rotation around the z axis. All axes here are considered in
the body frame.
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Figure 2.3: Quadrotor model with schematics of its actuation system. A
quadrotor is a UAV with four actuators and for propellers.

Figure 2.4: Schematics of the four actuated degrees of freedom of a quadrotor.
Thrust represent the translation along the z axis in the body frame, roll refers
to the rotation around the x axis, pitch around the y axis and yaw around z.
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2.5 Nonlinear Dynamical Model of the Sys-
tem

As a first approximation, we can consider the nonlinear model of a quadrotor
as described by [25]

ṗ = v, (2.6)
mv̇ = mg~z + Rf, (2.7)

Ṙ = Rω×, (2.8)
Jω̇ = −ω × Jω + τ, (2.9)

where p ∈ R3 and v ∈ R3 represent the UAV position and velocity in the
inertial frame, m its mass, g is the gravity contribution, the vector ~z gives
the direction of the z axis of the inertial frame, R is the rotational matrix, f
and τ are forces and moments expressed in body frame, ω ∈ R3 denotes the
angular velocities in the body frame, ω× denotes the skew-symmetric matrix
and J ∈ R3×3 is the inertial matrix expressed in the body frame.

As previously mentioned the quadrotor has four actuators: one for each
propeller. By controlling the power in each one of them it is possible to di-
rectly control the vehicle into four different types of motions: vertical motion
and rotations around x, y and z-axis. Namely, it is possible to directly actu-
ate thrust on the vertical direction and the three torques. It is clear now that
the system is under-actuated because horizontal motion along x and y can be
achieved with combinations of the other allowed motions. This is crucial for
our implementation since the high-level visual servo control does not take into
account the under-actuation of the system. So the nonlinear state-space model
we are considering now is composed of twelve states and four inputs signal to
control the system. The states are defined as follows: linear positions along x-
y-z, linear velocities along x-y-z, angular positions roll-pitch-yaw and angular
velocities along roll-pitch-yaw

x =
[
px py pz vx vy vz φ θ ψ ωφ ωθ ωψ

]T
. (2.10)

While the inputs are: τφ, τθ, τψ respectively moment with respect x, y, z axis
and fthrust is the force applied along z:

u =
[
τφ τθ τψ fthrust

]T
. (2.11)

In the next section, we are going to describe how we are linearizing and
than discretizing the model of the system in equations (2.6),(2.7),(2.8) and
(2.9).
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2.6 Linearization and Discretization
Solving non-linear optimization problem is very computationally expensive.
Therefore we linearize the dynamic of the system around the hovering equi-
librium point. Starting from the nonlinear model in equations (2.6),(2.7),(2.8)
and (2.9) we linearize around the hovering equilibrium configuration:

u0 =
[

0 0 0 mg
]T
, (2.12)

x0 =
[
px0 py0 pz0 vx0 vy0 vz0 0 0 0 0 0 0

]T
. (2.13)

The final linearized state space model obtained is ẋ(t) = Ax(t) + Bu(t),
Where the obtained matrices A and B are:

A =


I3×3 03×3 03×3

03×3 [g]× 03×3

03×3 03×3 I3×3

03×3 03×3 03×3

 , [g]× =

0 −g 0

g 0 0

0 0 0

 , (2.14)

B =


03×3 03×1

03×3 1
m
~z

03×3 03×1

J−1 03×1

 , (2.15)

where the vector ~z gives the direction of the z axis of the inertial frame, J−1

is the inverse of the inertial matrix expressed in the body frame and 03×3 is a
3 by 3 matrix with all zeros. Since the goal we have is to control the UAV’s
velocities around a given setpoint, the three states linked to the linear positions
p are not needed for our purpose. Therefore, we remove them from the model
used by the MPC. The final state-space model we are considering is composed
of remaining nine states: linear velocities along x − y − z, angular positions
roll-pitch-yaw and angular velocities along roll-pitch-yaw:

A =

03×3 [g]× 03×3

03×3 03×3 I3×3

03×3 03×3 03×3

 , [g]× =

0 −g 0

g 0 0

0 0 0

 (2.16)

B =

03×3 1
m
~z

03×3 03×1

J−1 03×1

 . (2.17)

Moreover, we discretize the model as zero-order-hold and we consider a
sampling time of Ts. The discretized state spacemodel is x(k+1) = Adx(k)+
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Bdu(k), where the matrices Ad and Bd are defined as follows:

Ad = eATs = L−1{(tI−A)−1}t=Ts , (2.18)

Bd =

(∫ Ts

t=0

eAtdt

)
B. (2.19)

L represents the inverse Laplace transform and eATs is the matrix exponential
of the system.



Chapter 3

Vision-based control

Visual information is crucial for motion planning and control of robots in an
unknown and unstructured environment. As a matter of fact, vision allows
robotic systems to obtain geometrical and qualitative information on the sur-
rounding environment, [35]. There are many vision-based control algorithms,
in particular, the first one comes from 1973, [34]. This control strategy has
been introduced by Shrai and Inoue in order to solve an assembling problem.
In general we refer to Look-and-move algorithms when the visual information
is used in open loop and we call vision-based control or visual servoing if vi-
sion sensors’ information, such as cameras, is used to close the loop. Visual
servoing is based on techniques from different subjects like image processing,
computer vision and control theory. It consists of two distinct processes: fea-
ture tracking and control, in this thesis we will mainly focus on the control
part, an example is shown in Figure 3.1.

Figure 3.1: Visual control scheme. Themotion command to the system (in this
case a quadrotor) is computed by the controller from the error in the features.
In particular, it consists of the difference between the goal configuration and
the one that has been detected by the vision sensor.

17
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3.1 Visual servoing
Visual serving is a control strategy that uses computer vision data from a cam-
era sensor to control themotion of a robot. The camera sensor can be placed on
the end effector of the robot or can be fixed in a static position in the workspace.
These two main configurations are respectively called: eye-in-hand and eye-
to-hand, [6].

The visual servoing controller is designed to minimize an error between
features position. That error is defined as follows:

e(t) = s(m(t), a)− s∗, (3.1)

where m(t) is a set of image measurements, s(m(t), a) is a vector of k vi-
sual features computed using the image measurements, a is the set of camera
intrinsic parameters and s∗ represents the desired values of the features, [6].
We are considering s∗ is constant, since in our setup the features are stationary
with respect of the workspace and there is a fixed goal position. Therefore the
changes in s depends only on the camera motion.

Depending on how s is designed there are two different visual servoing
schemes: image-based visual servo control (IBVS) and position-based visual
servo control (PBVS). In IBVS, s consists of a set of features that are imme-
diately available from the image data, on the other hand, in PBVS s consists
of a set of 3-D parameters that must be estimated from image measurements.
This means that IBVS performs the visual servoing in the image space, while
PBVS in the operational space. Some other advanced visual servoing control
schemes exist, such as: hybrid visual servoing and partitioned visual servoing,
[7]. In hybrid visual servoing, the control error is defined in the operational
space for some components and in the image space for others for this reason
this approach combines the advantages of PBVS and IBVS, [35]. By choos-
ing adequate visual features, the hybrid control scheme is able to decouple the
translational from the rotational motions. On the other hand, in partitioned
visual servoing, the goal is to create a one-to-one relationship between feature
and degree of freedom. This means having six features each one related to one
of the degrees of freedom of the system.

After having selected s, the control law should be designed. We start by
expressing the velocity of the camera as follows:

vc = (vc,ωc), (3.2)

where vc is the instantaneous linear velocity of the origin of the camera frame
and ωc is the instantaneous angular velocity of the camera frame. Then we



CHAPTER 3. VISION-BASED CONTROL 19

Figure 3.2: Projection of features on image plane. In this case we consider as
features the four corners of the base of a parallelepiped.

have that
ṡ = Lsvc, (3.3)

where Ls ∈ Rk×6 is the interaction matrix, or feature Jacobian, related to s,
where k is the number of visual features. Considering both equations 3.1 and
3.3, we obtain that

ė = Levc, (3.4)

where Le = Ls. Moreover

vc = −λL+
e e, (3.5)

where L+
e ∈ R6×k is chosen as the Moore-Penrose pseudo-inverse of Ls, that

is L+
e = (LT

e Le)
−1LT

e .
Considering that in real visual servoing applications, it is impossible to

know the exact values forLe andL+
e , and approximation or estimation of them

should be realized. Therefore, by adding the correct notation the control law
becomes:

vc = −λL̂+
e e. (3.6)
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3.2 The Interaction Matrix
Considering a 3-D point P = (X, Y, Z) in the camera frame, which projects
in the image as a 2-D point with coordinates p = (x, y).

We obtain that: {
x = X/Z = (u− cu)/fα
y = Y/Z = (v − cv)/f

(3.7)

where m = (u, v) gives the coordinates of the image point expressed in pixels
and a = (cu, cv, f, α) is the set of camera intrinsic parameters (cu and cv are
the coordinate of the principal point, f is the focal length and α is the ratio of
the pixel dimension).

By combining the derivative of equation 3.7 and
Ẋ = −vx − ωyZ + ωzY

Ẏ = −vy − ωzX + ωxZ

Ż = −vz − ωxY + ωyX

(3.8)

we obtain that{
ẋ = −vx/Z + xvz/Z + xyωx − (1 + x2)ωy + yωz

ẏ = −vy/Z + yvz/Z + (1 + y2)ωx − xyωy − xωz
(3.9)

from which it is possible to extract the interaction matrix easily

Lx =

[
−1/Z 0 x/Z xy −(1 + x2) y

0 −1/Z y/Z 1 + y2 −xy −x

]
, (3.10)

as shown in [6]. In order to be able to control a 6 DOF robot, at least 3 points
are necessary, therefore we got:

Lx =

Lx1

Lx2

Lx3

 . (3.11)

Note that with three points there exists multiple local minima poses, there-
fore the algorithm will give as output one of them while e converges, [6]. We
want to identify a unique goal position for the camera, therefore we will have
four non-collinear features. Therefore s is built as follows:

s =

x1 x2 x3 x4
y1 y2 y3 y4
Z1 Z2 Z3 Z4

 . (3.12)
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3.3 Stability Analysis
If the number of features is equal to the number of camera degrees of freedom,
and if the features are chosen and the control scheme designed so that Le and
L̂+
e are full rank, then the conditionLeL̂+

e > 0 is ensured if the approximations
involved in L̂+

e are not too coarse, [6].
Note that for IBVS only local asymptotic stability around a small neigh-

bourhood of the desired position is ensured, evenwith perfect knowledge of the
interaction matrix, [6]. It is well-known that if s is composed of three collinear
points, then the Interaction matrix will be singular. Even if the three points are
not collinear, problems may occur due to the not unicity of the goal camera
pose. This issue is solved by simply using four points as visual features.
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Model Predictive Control

Model Predictive Control (MPC) is a well known optimization-based control
technique. The intuition behind this control strategy is to use a dynamic model
for the system, to predict its future behaviour as a function of an input signal.
In this way, it is able to identify the best possible outcome and which action
performed at the current time instant will lead to it, [31]. A generic dynamic
model can be expressed in state space form through differential equations,

dx

dt
= f(x,u, t) (4.1)

y = h(x,u, t) (4.2)
x(t0) = x0 (4.3)

where x ∈ Rn is called state vector, u ∈ Rm is the input, y ∈ Rp is the output
vector and t ∈ R is the time. Moreover, t = t0 represents the initial time
instant and x0 is the initial configuration of the system.

A model is an abstract representation of the real system. In particular, we
are going to work with state-space representation, where the relationship be-
tween input, output and state variables is described through differential equa-
tions. The more generic state-space model is nonlinear, as the one used in
equations (4.1), (4.2) and (4.3). To simplify the problem, one can approxi-
mate the systemmodel with a linear one. Linear models are divided into linear
time-variant and linear time-invariant models depending on if the evolution of
the model itself evolves over time.

22
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A linear time-variant model is described as follows:

dx(t)

dt
= A(t)x(t) + B(t)u(t) (4.4)

y(t) = C(t)x(t) + D(t)u(t) (4.5)
x(t0) = x0 (4.6)

where A(t) ∈ Rn×n is called state transition matrix, B(t) ∈ Rn×m is the
input matrix, C(t) ∈ Rp×n is the output matrix and D(t) ∈ Rp×m represent
the coupling between input signal u and output y. If the matrices A, B, C

and D are time-invariant, the new model looks as follows:

dx

dt
= Ax + Bu (4.7)

y = Cx + Du (4.8)
x(t0) = x0. (4.9)

MPC is a powerful technique because it allows engineers to impose con-
straints on inputs and state variables during the computation of the control law.
We require states and inputs to satisfy constraints

x(t) ∈ X ⊆ Rnx ,∀t ∈ [0, T [∪]T,∞[, (4.10)
x(t) ∈ Xf ⊆ Rnx , t = T, (4.11)
u(t) ∈ U ⊆ Rnu ,∀t ∈ [0,∞[ (4.12)

with initial condition for the system given by x(t) = x0 and horizon T . Con-
straints as defined below

X = {x ∈ Rnx : xmin ≤ x ≤ xmax}, (4.13)
U = {u ∈ Rnu : umin ≤ u ≤ umax} (4.14)

are called hard constraints because they cannot be broken. They are usually
used for hardware limitations or to prevent safety critical situations to occur.
On the other hand, soft constraints are constraints that can be broken if nec-
essary. It is possible to softern the constraints by adding a slack variable s, as
follows

X = {x ∈ Rnx : xmin − s ≤ x ≤ xmax + s}. (4.15)

The slack variable s needs to be positive definite. Moreover, to make sure that
the constraints are broken just when necessary, a slack cost needs to be added
to the cost function. It is usually referred to as σ(s) and it is positive definite.
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MPC has its basis in linear-quadratic optimal control. For this reason we
will be considering how to derive an optimal control law for linear systems
with a quadratic cost function. Consider T time steps, the input sequence is
u = (u(0), u(1), ..., u(T−1)). The constraints discussed previously constitute
the main difference between a standard linear quadratic control and model
predictive control. We define the cost function to measure the deviation of
the trajectory of x(k),u(k) from the reference. This deviation is computed as
follows

V (x(0),u) = (4.16)
T−1∑
t=0

∆x[t]TQ∆x[t] + u[t]TRu[t] + ∆x[T ]TQfinal∆x[T ]

where ∆x[t] = x[t] − xref , ∆x[T ] = x[T ] − xref and Q ≥ 0, R > 0 and
Qfinal ≥ 0.

The intuition behind a cost function is to penalize the system while diverg-
ing from the reference trajectory and using a lot of energy. Depending on the
requirements of the specific problem, one can tune the weights Q and R ac-
cordingly. Qfinal is the terminal cost and it needs to approximate the infinite
horizon cost. In linear MPC it can be computed by solving the Riccati equa-
tion or, for a more conservative solution, one can use a value higher than the
solution of the algebraic Riccati equation (ARE).

4.1 Problem Formulation
The system we are considering is a linear time-invariant discrete system that
can be described by the generic formulation below

x(k + 1) = Adk(t) + Bdu(k), (4.17)

where Ad and Bd are the dynamics and transfer matrices of the linearized and
discretized state space model, as described in the section 2.6. Let nx be the
number of states x of the system and nu be the number of inputs u. At each
time instant t, we optimize on a horizon of T steps in the future. x(t+ i|t) and
u(t + i|t) are the t + i state and input predicted at time t. We denote the set
of predicted states and inputs as:

x = {x(t+ 1|t),x(t+ 2|t), ...,x(t+ T |t)}, (4.18)
u = {u(t|t),u(t+ 1|t), ...,u(t+ T − 1|t)}. (4.19)



CHAPTER 4. MODEL PREDICTIVE CONTROL 25

We consider the following cost function:

V (x(0),u) = (4.20)
T−1∑
t=0

∆x[t]TQ∆x[t] + u[t]TRu[t] + ∆x[T ]TQfinal∆x[T ]

where ∆x[t] = x[t] − xref , ∆x[T ] = x[T ] − xref and Q ≥ 0, R > 0 and
Qfinal ≥ 0.

Finally, we can write the formulation for the optimization problem in the
following form:

minimize (V (x0,u)) (4.21)
subject to x(k + t+ 1) = Adx(k + t) + Bdu(k + t), ∀k ∈ [0, T − 1]

x(k + t) ∈ X, ∀k ∈ [0, T − 1]

u(k + t) ∈ U, ∀k ∈ [0, T − 1]

x(T + t) ∈ Xfinal.

4.1.1 States and Input Constraints
Model predictive control is very powerful because allow the designer to in-
clude constraints on the states and on input. In our specific problem formula-
tion, we are including constraints on Ωθ, Ωφ and Ωψ to keep the system close
to the equilibrium point we are linearizing around. Moreover, input signals
(τθ, τφ, τψ and thrust) to the system need to be constrained as well to protect
the mechanical components.

4.1.2 Solvers
Model predictive control’s problem can be translated to a quadratic program-
ming (QP) problem if the following conditions are true:

• Qfinal ≥ 0,

• X, U and Xfinal are polyhedral sets.

A polyhedral set is a set inRn is said to be polyhedral if it is the intersection of
a finite number of closed half spaces, therefore it is described by linear inequal-
ities. Model predictive control’s problem can be also directly solved using an
algebraic modelling environment such as YALMIP, [23], with Gurobi solver,
[13], or a code generator and solver for convex optimization like CVXGEN,
[26].
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Experiments

In this chapter, we are going to describe the software implementation. More-
over, we will describe the different simulation setups used and the experiments
performed. Preliminary studies have been conducted in Matlab and in Python,
after that Simulations in Gazebo have been performed and the model of the
UAV used is a Storm SRD-370. Finally, experiments with a real UAV have
been conducted. In particular, we used a Foxtech Hover 1 Quadcopter. We
considered a simple experimental set up with a drone that needs to perform
a specific motion with respect to reference features placed on the floor. Four
features points of different colours have been used. Even in its simplicity, this
use case has many practical applications in particular in any situation in which
a drone is required to approach or land in a specific spot without any human
intervention.

5.1 Control System Architecture
The control loop implemented is represented in fig. 5.1. Reference signal is
given by the goal configuration of the features. Here we used four points as
features:

s =

x1 x2 x3 x4
y1 y2 y3 y4
Z1 Z2 Z3 Z4

 . (5.1)

This choice has been motivated in chapter 3. Then the error between the de-
sired feature’s position and the detected feature’s position in the image frame
is computed. This error signal is fed into the IBVS control block. In this block,
the velocity commands are computed as described in chapter 3, equation (3.6).

26
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Figure 5.1: Model Predictive Image based control scheme.

These velocity commands are fed into the MPC control block that takes into
account the under-actuated dynamics of the real system and it outputs a new
command for the UAV in terms of roll, pitch, yaw and thrust. The feedback
in the system is provided by the visual system that detects the new position of
the features in the image plane.

5.2 Matlab Simulation
A preliminary implementation has been prepared in MATLAB to simulate
the visual servo control loop, the blue block in fig. 5.2. For the sake of this
preliminary study, we are considering as inputs the starting and goal position
of the camera in the world frame. Then, given the fixed position of the four
point features in the world frame, we compute the positions of each feature
in the image frame by projection. Then, with that, we compute the visual-
servo control law such that the error on the features positions and velocities
on the image plane goes to zero. When that happens it means that that camera
has reached the location in the real world in the given goal position. Here, to
simulate the UAV behaviour, we used the linear dynamical model described
in chapter 2, equations (2.16) and (2.17). We tested a translation of 0.5 along
x, y and z. In fig. 5.3, 5.5 and 5.7 the movement of the features on the image
plane is shown. Moreover, in 5.4, 5.6 and 5.8 one can see the camera position
and velocity converging towards the desired one and the error going to zero.
Respectively the three translations are as follows:

• from position (0, 0, 2) to position (0.5, 0, 2),

• from position (0, 0, 2) to position (0, 0.5, 2),

• from position (0, 0, 2) to position (0, 0, 2.5).
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Figure 5.2: Control diagram for the preliminary simulation study on IBVS
controller.

Figure 5.3: Motion of the feature on the image plane during a x translation of
the camera from position (0, 0, 2) to position (0.5, 0, 2).
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Figure 5.4: Plots of camera positions, velocities and error in position during a
x translation of the camera from position (0, 0, 2) to position (0.5, 0, 2).



30 CHAPTER 5. EXPERIMENTS

Figure 5.5: Motion of the feature on the image plane during a y translation of
the camera from position (0, 0, 2) to position (0, 0.5, 2).
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Figure 5.6: Plots of camera positions, velocities and error in position during a
y translation of the camera from position (0, 0, 2) to position (0, 0.5, 2).
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Figure 5.7: Motion of the feature on the image plane during a z translation of
the camera from position (0, 0, 2) to position (0, 0, 2.5).
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Figure 5.8: Plots of camera positions, velocities and error in position during a
z translation of the camera from position (0, 0, 2) to position (0, 0, 2.5).
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5.3 ROS implementation
After the preliminary analysis in MATLAB, the entire software architecture
has been developed using ROS. It has been tested using the simulation envi-
ronment Gazebo [19]. We have structured the code into three ROS nodes: one
for detection, one for the visual servo control and one for the model predictive
controller. In this section, we are going to describe in detail the functioning of
each one of them and discuss the result obtained in simulation.

5.3.1 Perception node
This module is used to extract the image from the camera and to detect the
features on the image. The features consist of four coloured points (green, blue,
black and red). The implementation consists of a ROS node in C++ that uses
OpenCV functions to detect the four blobs of the features and then publishes
their positions to a specific topic such that then the subscriber in the IBVS node
can access them. This node is just a prototype and it has been used just in the
simulations. For the experiments, we did not have a camera mounted on the
drone and for time constraints we decided to use the information of the UAV
position from the Motion Capture System (MoCap) from the laboratory to
compute the feedback information on the position of the features on the image
plane by software. The focus of this thesis is to investigate how to overcome
the problem of under-actuation when using visual servo control with UAV by
adding a low level MPC controller. For this reason, we did not go in-depth for
the perception.

5.3.2 Visual Servo Control
The Visual Servo Control node, or IBVS node, is a ROS node in Python. It
gets the position of the features in the image plane from the perception node
and then it uses an image-based visual servo control algorithm, as described
in chapter 3. It compute the required velocities that allow the UAV to reach its
goal position. This target positon for the robot is the one where the features
on the image plane are in the desired configuration. This node is implemented
using classes as illustrated in the scheme below:

• IBVS: here the desired velocities are computed using the theory ex-
plained in chapter 3,

• FEATURES CLASS: this class is the one that subscribes to the vision
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node in order to access and update the position of each feature on the
image plane,

• UAV CLASS: This class contains the model of the system used by the
IBVS to compute the required velocities.

5.3.3 Model Predictive Control
Next is the low-level controller which is an MPC, we are using this to convert
the control input from velocities to attitude control. The MPC takes into ac-
count the fact that the UAV is under-actuated, by dynamical constraints and
state constraints in the optimization problem. The optimization problem we
are trying to solve is formulated in equation 4.21. We expressed it using the
solver CVXGEN [26]. To guarantee that the node was fast enough, we used
a C++ ROS node for this task. The model is a linear and discrete model of a
quadrotor, computed offline usingMATLAB as described in Chapter 2, by lin-
earizing around hovering configuration and discretizing using zero-order hold
with a sample time of Ts = 0.05. The state-space model consists of nine states
and four inputs and it’s described as follows:

x(t+ 1) = Adx(t) + Bdu(t) (5.2)
y(t+ 1) = Cdx(t) + Ddu(t) (5.3)

where

Ad =

I3×3 0.4905[i]× 0.0122625[i]×
03×3 I3×3 0.5I3×3

03×3 03×3 I3×3

 , [i]× =

0 −1 0

1 0 0

0 0 0

 (5.4)

Bd =



0 −0.000204375
Iy

0 0
−0.000204375

Ix
0 0 0

0 0 0 0.05
m

0.00125
Ix

0 0 0

0 0.00125
Iy

0 0

0 0 0.00125
Iz

0
0.05
Ix

0 0 0

0 0.05
Iy

0 0

0 0 0.05
Iz

0


, (5.5)

Cd = I9×9, (5.6)
Dd = 09×4. (5.7)
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min value max value
τφ −0.1 0.1

τθ −0.1 0.1

τψ −0.5 0.5

f 0 30

φ −0.26 0.26

θ −0.26 0.26

ψ −0.26 0.26

Table 5.1: Constraints on the states from the MPC optimization problem

The time horizon used is T = 10s and we added some constraints to the
input and states to make sure the system remains in close to the equilibrium
point around which we linearized the model, in particular the values are con-
tained in table 5.1. These values have been chosen empirically to ensure that
the system remains close enough to the equilibrium point around which the
model has been linearized.

Moreover, we used the RotorS [9] that converts from roll-pitch-yawrate-
thrust to the actuators input command. Here we are sending as output roll,
pitch, yaw rate and thrust instead of torques and thrust. To do so we are directly
feeding in the predicted states for roll, pitch and yaw rate and the computed
control input for the thrust. Note that this method works for translations only,
not for rotations as allowing small rotations around the z-axis would change
the kind of optimization problem.

We consider the following cost function:

V (x(0),u) = (5.8)
T−1∑
t=0

∆x[t]TQ∆x[t] + u[t]TRu[t] + ∆x[T + 1]TQfinal∆x[T + 1]

where ∆x[t] = x[t]− xref , ∆x[T + 1] = x[T + 1]− xref and Q ≥ 0, R > 0

andQfinal ≥ 0. State, final state and input costsQ andR are tuned to improve
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performance, the final value selected are the following:

Q =

03×3 100I3×3a 03×3 03×3

03×3 03×3 I3×3 03×3

03×3 03×3 03×3 I3×3

 , a =

1

1

3

 (5.9)

Qfinal =

03×3 500I3×3a 03×3 03×3

03×3 03×3 I3×3 03×3

03×3 03×3 03×3 100I3×3

 , a =

1

1

2

 (5.10)

R =


1000 0 0

0 200 0 0

0 0 200 0

0 0 0 100

 . (5.11)

The weights have been tuned with a trial and error procedure in order to
find the best configurations. We wanted to penalize the deviation between the
actual and the desired linear and angular velocities and input.

5.4 Gazebo Simulation
Preliminary tests of the full software architecture have been performed inGazebo
using the model of a UAV SRD370. We approximated its mass and inertia as
follows: m = 1.45kg, Ix = 0.04, Iy = 0.04 and Iz = 0.1. In simulation, the
MPC solver took a minimum of 0.72ms, an average of 5.8ms and a maximum
of 1.1ms. From Fig. 5.10, 5.12 and 5.14 we observe how the system converges
to the desired set-points with no steady state error. Moreover, in Fig. 5.9,5.11
and 5.13 we can observe the trajectory followed by the features on the image
plane. The tests included translations along x, y and z axis. Respectively the
three translations are as follows:

• from position (−0.2, 0.2, 1.2) to position (0.2, 0.2, 1.2),

• from position (−0.2,−0.2, 1.2) to position (−0.2, 0.2, 1.2),

• from position (0.2, 0.2, 1.2) to position (0.2, 0.2, 0.8).

5.5 Experiments
All the experiments have been performed in the Smart Mobility Lab (SML),
that is a hub for the development and experimentation of intelligent transporta-
tion solutions inside the Integrated Transport Research Lab (ITRL) KTH. In
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Figure 5.9: Motion of the feature on the image plane during a x translation of
the camera from position (−0.2, 0.2, 1.2) to position (0.2, 0.2, 1.2).
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Figure 5.10: Plots of camera positions, velocities and feature position er-
ror in the image plane during a x translation of the camera from position
(−0.2, 0.2, 1.2) to position (0.2, 0.2, 1.2). The vertical dashed line indicates
the time instant when the new goal position is set.
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Figure 5.11: Motion of the feature on the image plane during a y translation
of the camera from position (−0.2,−0.2, 1.2) to position (−0.2, 0.2, 1.2).
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Figure 5.12: Plots of camera positions, velocities and feature position er-
ror in the image plane during a y translation of the camera from position
(−0.2,−0.2, 1.2) to position (−0.2, 0.2, 1.2). The vertical dashed line indi-
cates the time instant when the new goal position is set.
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Figure 5.13: Motion of the feature on the image plane during a z translation
of the camera from position (0.2, 0.2, 1.2) to position (0.2, 0.2, 0.8).
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Figure 5.14: Plots of camera positions, velocities and feature position er-
ror in the image plane during a z translation of the camera from position
(0.2, 0.2, 1.2) to position (0.2, 0.2, 0.8). The vertical dashed line indicates the
time instant when the new goal position is set.
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SML there is a flying arena for UAVs equipped with motion capture system
(MoCap). The test-bed used for the experiments is based on a Foxtech Hover
1 Quadrotor, with an Nvidia Jetson TX2 and a PX4 flight controller. We ap-
proximated its mass and inertia as follows: m = 1.73kg, Ix = 0.04, Iy = 0.04

and Iz = 0.1. The experiment has been performed with a series of translations
of 0.5m along x, y and z axis. To guarantee safety during the experiment, a
safety switch has been developed using a ROS service. The switch has been
used to transition from our controller to a safe PID during the tuning of the
weights of the MPC. From Fig. 5.15, 5.16 and 5.17 we observe how the sys-
tem converges to the desired set-points, although a small steady state error.
Comparing these results with the one obtained in simulation, we can notice a
small decrease in tracking performances that is caused by the uncertainty or
the inertial parameters and an inaccurate force-to-trust mapping that depend
onmotor properties and propellers performances. During the experiments, the
MPC solver took a minimum of 7.9ms, an average of 8.4ms and a maximum
of 10.8ms. The tests included translations along x, y and z axis. Respectively
the three translations are as follows:

• from position (−0.2, 0.2, 1.2) to position (0.2, 0.2, 1.2),

• from position (−0.2,−0.2, 1.2) to position (−0.2, 0.2, 1.2),

• from position (0.2, 0.2, 1.2) to position (0.2, 0.2, 0.8).
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Figure 5.15: Plots of camera positions, velocities and feature position er-
ror in the image plane during a x translation of the camera from position
(−0.2, 0.2, 1.2) to position (0.2, 0.2, 1.2). The vertical dashed line indicates
the time instant when the new goal position is set.
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Figure 5.16: Plots of camera positions, velocities and feature position er-
ror in the image plane during a y translation of the camera from position
(−0.2,−0.2, 1.2) to position (−0.2, 0.2, 1.2).
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Figure 5.17: Plots of camera positions, velocities and feature position er-
ror in the image plane during a z translation of the camera from position
(0.2, 0.2, 1.2) to position (0.2, 0.2, 0.8). The vertical dashed line indicates the
time instant when the new goal position is set.



Chapter 6

Conclusions

6.1 Contributions
With this work, we presented a novel method to tackle the under-actuation
issue in the control of UAVs using image-based visual servoing. We imple-
mented a linear model predictive control loop to solve the issue. We tested the
proposed algorithm both with synthetic data in the Gazebo environment and
in experimental scenarios with UAVs, to prove that the method is fast enough
to run at high-frequency on-board the vehicle.

In particular, we focused our study on visual servoing that is a well-known
control strategy that uses visual information as feedback to control the motion
of a robot with respect to a given reference without the need of knowing its
global position. Despite the many advantages that this method provides, ap-
plying it for the control of quadrotors is not trivial. In particular the problem of
the system being under-actuated needs to be faced: visual servoing algorithms
output a required velocity to be tracked by the vehicle for each of the six de-
grees of freedom, but the UAV is actuated just along four of them. For this
reason, it is essential that the tracking takes into account the actual dynamics
of the system and its physical limitations that are not taken into account by
the visual servoing. We investigate the use of linear model predictive control
(MPC) to accomplish this task. MPC is an effective advanced control method
that uses the dynamic model of the system to control it while satisfying a set
of constraints.
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6.2 Results
A preliminary implementation has been prepared in MATLAB to simulate the
visual servo control loop. For the sake of this preliminary study, we are con-
sidering as inputs the starting and goal position of the camera in the world
frame. Then, given the fixed position of the four point features in the world
frame, we compute the positions of each feature in the image frame by projec-
tion. Then, we compute the visual-servo control law such that the error on the
features positions and velocities on the image plane goes to zero. When that
happens it means that that camera has reached the location in the real world
in the given goal position. Here, to simulate the UAV behaviour, we used the
linear dynamical model described in chapter 2. Then we developed a new
software architecture based on ROS, with visual servo control node written in
python and a model predictive control node written in C++. The solver for the
model predictive control optimization problem has been generated with CVX-
GEN. The first tests of the full software architecture have been performed in
Gazebo using the model of a UAV SRD370. Furthermore, experiments have
been performed in the flying arena of the Smart Mobility Lab (SML), that is
equipped with a motion capture system (MoCap). The test-bed used for the
experiments is based on a Foxtech Hover 1 Quadrotor, with an Nvidia Jetson
TX2 and a PX4 flight controller. Both in simulation and in the experiments we
tested translations along x, y and z axes. From the plots reported in chapter
5, one can observe how the system converges to the desired state. Althrough
there is some steady state error in the experiments with the real vehicle due to
uncertainties in the model, we achieved good performances.
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