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1.1 context
1.1.1 And there was light

Our civilisation runs on energy. This fact has never been more true
than today: between 1973and 2018 the world's total energy consump-
tion has more than doubled, according to the recent annual report
issued by the International Energy Agency44]. However, this rise in
energy consumption comes with that of CO , emissions, among other
environmental issues. Most countries of the world are thus increas-
ingly looking towards renewable energy as a serious alternative to
traditional fossil fuels and nuclear energy: in 2019 75% of new power
generating installations were using renewable energies, while this
share was of less than50% in 2009 according to the report published
recently by the Renewable Energy Policy Network for tB&st Century

[86].

Renewable energy comes from different sources. The most devel-
oped today are hydropower, wind (onshore and offshore) and solar
photovoltaic power: in 10 years, the wind power production capacity
has more than quadrupled, and this trend is accelerating. In particular,
offshore wind power production, despite representing only 5% of the



An extensive list of
offshore wind farms
is available on the
4C Offshore website
(nttps:
/lwww.4coffshore.
com/windfarms/ )

introduction

total wind power capacity, accounted for 10% of the new installations
in 2019 One can think of the newly installed wind farms in the North
Sea or off the Chinese coast. As of today, more than3000offshore wind
turbines have been deployed, and at least a thousand more will be
installed in the next two years. Another lesser-known source of renew-
able energy is ocean power (understand the body of water), despite
the latter's enormous potential: energy production via exploitation of
tidal streams and waves are being studied from Europe to Northern
America and China. While these projects are still in the early stages
of development, investments in that domain are steadily increasing,
re ecting the growing interest of governments and industries in ocean
power.

Figure 1.1: Map displaying the existing offshore wind farms in the North Sea
(https://windeurope.org/about-wind/interactive- offshore-maps/ )

These installations, however, require more inspection and mainte-
nance operations than their inshore counterparts: pressure, corrosion,
marine life (in particular the so-called fouling, a mix of algae, barna-
cles and other marine organisms), and industrial waste are a threat
to their integrity. Until recently, inspection and maintenance opera-
tions of offshore installations, such as oil platforms, were realised
thanks to a combination of highly skilled divers in diving suits and
robots piloted from the surface (usually known as Remotely Operated
Vehicle (RoV)). However, because of the risks of deep diving in an
industrial environment, and because of the size of the boat required
to launch, operate and recover these robots, the inspection and main-
tenance costs are particularly high. Therefore, the growing number of
offshore installations triggered the need for cheaper inspection and
maintenance processes.
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Figure 1.2: Maintenance operation on an underwater structure by a work
class ROV (Released by Oceaneering in the public domain)

1.1.2 Dawn of the robots

As mentioned earlier, the robots used for maintenance operations are
called rROVS. In short, a robot is launched by a surface vessel, to which
it remains linked via a tether for power and communication [ 7], [19].
The main reasons for using a ROV instead of an Autonomous Under-
water Vehicle (Auv) are the power demand during these operations
that is usually too high for batteries to sustain, and sometimes the
complexity of the mission (soldering pipes, guiding the installation
of a new wellhead. . .). They are usually classi ed into two categories
[19, Chapter 1], [25]:

Work classrovs weigh between a few hundred kilograms to a

few tons. They are usually equipped with various tools such as

robotic arms, probes, rotating brushes, spotlights. . . The latter are
often powered using a hydraulic pump, and so are the thrusters.

They embed a variety of classical sensors: Inertial Measurement
Unit (IMU), pressure sensor, cameras, altimeter, Doppler Velocity
Log (DVL), sonars, and more sophisticated acoustic localisation
systems (usually a transducer to interact with Long Base Line

(LBL) transponders or a transponder to interact with a vessel

mounted Ultra Short Base Line (USBL) antenna). Their missions
usually consist in heavy maintenance or deployment operations

on the ocean oor.

Observation claseovs are lighter than the work class ones (usu-
ally less than 300 kg). They embed fewer pieces of equipment,
usually a couple of cameras and spotlights, a Conductivity-

Temperature-Depth (CTD) probe and a reduced set of sensors
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for localisation purposes. Their missions typically fall in the
inspection category: checking an underwater pipeline or the wall
of a dam, exploring a wreck. .. They can sometimes be used for
light maintenance operations, such as the cleaning of underwater
structures.

Operating such heavy equipment requires major nancial, material
and human resources. First of all, deploying a ROV is only achievable
from a boat, equipped with a Launch And Recovery System (LARS)
and a power generator (except for the micro ROvs embedding batteries,
which can be launched manually). Secondly, an acoustic positioning
system is used most of the time, either a LBL, which requires the
deployment and the calibration of acoustic transponders underwater,
or an USBL, which requires an antenna adequately calibrated on the
surface vessel and a transponder on the robot. Thirdly, a Tether Man-
agement System (TMS), and a clump weight must be used, depending
on the operating depth and the robot's mass and power. Indeed, a
small robot cannot counter the tether's drag when diving too deep. In
that case, the clump weight tenses the tether, and the TMS controls the
length being released or rewound. The most sophisticated versions of
these pieces of equipment are automated to some extent: therov usu-
ally provides semi-automated manual control (e. g. for station keeping
or maintaining depth), while the TMS can mitigate the swell-induced
jerks in the tether.

Figure 1.3 shows the different steps of a ROV operation, and some
of the equipment mentioned above can be spotted on the pictures.

1.1.3 Towards autonomous ROVs

In this context of offshore installation growth, keeping such operation
procedures is therefore very costly in terms of time, human, mate-
rial and nancial resources. Thus, offshore companies have started
investing time and money in research and development programs
towards task automation, particularly inspection missions. Multiple
approaches are being considered:

Using residentrovs, whether autonomous or not, to perform in-
spection missions. ResidentrRovs are deployed once and parked
in a garage at the bottom of the sea. These garages embed a
TMS, and are linked to the shore to communicate with and
power the robot. The latter can then be operated directly from
the shore without the need for a surface vessel, and regardless
of the weather conditions.

Using a ROV deployed from a Unmanned Surface Vehicle (Usv).
The latter's goal is to enable powering and communicating with
the robot from the surface (and from the shore via satellites or a
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(a) The LARS launches Argos and
its garage ally by a crew member

(c) Argos overhanging a plane wreck by 40 m depth, linked to the surface by
its tether

Figure 1.3: Pictures taken during sea trials of the observation class ROV
Argos (Courtesy of Forssea Robotics/Balao)

more common data network) while reducing the costs involved
by a larger vessel, mainly due to the crew wages and the fuel
consumption.

Using a smaller than usual ROV deployed from a lighter than
usual surface vessel; the robot, the launch and recovery manoeu-
vres ideally being automated. Doing so also reduces operational
expenses while providing the security of having humans ready
to intervene, should any problem arise.

Variants of the two last scenarios also involve a garage hanging from
the surface unit to allow for easier recovery.
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1.1.4 Current issues in autonomous underwater robotics

Creating an autonomous underwater robot is no easy task. Multiple
constraints have to be taken into account [19, Chapter 2]. Since the
robot will be evolving underwater, the physical constraints inherent to
this environment must be considered: pressure, corrosion, darkness,
electrochemical reactions, temperature; all these force the constructors
to choose the materials used on the robot carefully. The latter's de-
sign must also account for the possibly rough operating conditions,
involving shocks, vibrations, and potentially careless handling by
operators.

1.1.4.1 Positioning of autonomous underwater robots

Unlike in terrestrial and aerial robotics, positioning a robot underwater
is quite tricky. While pressure sensors allow computing the robot's
depth quite precisely, there are no equivalent sensors for the robot's
horizontal position. There is no such thing as an underwater Global
Positioning System (GP9): positioning systems exist for underwater
applications (we already mentioned LBL and USBL acoustic systems),
but they are much more expensive, usually less precise, and require
speci c calibration processes. In their absence, underwater robots
generally rely on an iIMU (which can be — and ought to be — much more
precise than their aerial and terrestrial counterparts), the acceleration
and angular speed of which are integrated over time to obtain a rough
approximation of the robot's position. The latter can be enhanced by
using other sensors, such as the DVL, which measures the robot's
relative speed with respect to the ground, or the surrounding body of
water.

Cameras can be used to localise the robot with respect to a nearby
obstacle [29], [12§, [13(. However, cameras are of little help in detect-
ing points of interest or obstacles farther than a few meters because of
the surrounding darkness passed a hundred meters depth and water
turbidity. Additionally, the lack of identi able natural visual mark-
ers is problematic in some applications. Special techniques such as
polarised light and lenses, adapted Itering algorithms, and arti cial
markers ought to be used to achieve practical results [39], [10€], [129.
Sonars can be used, especially since the appearance of small, low-cost
units. However, in both cases, the data's online processing is computa-
tionally expensive, involving delays in the positioning algorithms and
a relatively low measurement frequency.

Argos, the autonomous observation class ROV developed by Forssea
Robotics (see Figurel.4), embeds the sensors mentioned above.
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Figure 1.4: Argos, an autonomous ROV developed by Forssea Robotics(Cour-
tesy of Forssea Robotics)

1.1.4.2 Accuracy of localisation & control algorithms

The accuracy and the precision of a robot's estimated position depend
on its sensors and positioning strategy. Measurements can be of two
different types: proprioceptivein which case the sensor is self-contained
and measures its own dynamical characteristics (acceleration, rota-
tional speed for example); and exteroceptivewhen the sensor mea-
sures a quantity linked to the environment (pressure, light, acoustic
waves...).

Usually, the robot's computer embeds a predictor-corrector algo-
rithm for localisation. In the absence of exteroceptive measurements,
the robot evolves in dead-reckoninglts position is estimated by inte-
grating proprioceptive data. Therefore, it can drift, and its accuracy
decreases quickly with time, depending on the offsets and noise of the
sensors and the associated ltering algorithm. This corresponds to the
predictor part of the localisation algorithm. When exteroceptive mea-
surements are performed, the corrector comes into play: the prediction
is computed using the newly obtained data, and if the precision and
accuracy of the data are high enough, the ones of the estimated posi-
tion will be adjusted. These predictor-corrector algorithms are most
of the time implemented using a avour of Kalman Iter [48, Chap-
ter 7], [121, Chapter 3], [111, Chapter 4]. These algorithms usually
require mathematical models of the robot and its sensors. However,
the parameters of the latter are not necessarily perfectly known.

Other factors can in uence the precision of a robot's estimated
position, in particular underwater, in a dead reckoning scenario:

underwater currents can reach a few meters per second;

in shallow water, the swell induces circular translation of the
body of water and of what it encompasses;
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the drag caused by the tether can be non-negligible, in particular
for small Rovs. The authors of [65], [66] proposed a solution to
that problem in the form of an actionable tether.

Therefore, the estimated position of a robot is uncertain. The control
algorithms then process uncertain data, outputting uncertain com-
mands, which results in an uncertain robot's behaviour.

1.2 autonomous underwater docking

In Section 1.1.3, we presented the three different scenarios envisioned
by offshore companies to increase automation in their inspection
and maintenance processes. What characterises the latter is that in
each case, the robot needs to cruise back autonomously to a speci c
area to be recovered, either a garage, the moon pool of ausv, or the
recovering area of a surface vessel. In other words, the robot must
perform a dockingmanoeuvre onto a speci ¢ target, whether it is the
centre point of a speci ¢ imaginary area, an underwater garage, or an
energy outlet to recharge its batteries. A well known, recent example
of an autonomous docking manoeuvre is the one performed by new-
generation cargo ships on the International Space Station (ISS) (see
Figure 1.5).

Figure 1.5: A SpaceX Dragon performing a docking manoeuvre with the ISS
(Copyright free picture from NASA)

1.2.1 Literature review

The subject of autonomous underwater docking started mushrooming
in the early nineties when the required technologies (control & lo-
calisation algorithms, computational power. . .) reached a suf ciently
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mature stage. Different approaches have been proposed: while the
most common one is based on a physical or imaginary funnel in which
the robot must enter [ 115, [117], [126], other designs include string-
based systems (the robot has to catch a string, which then pulls the
former towards the docking station) [ 33], [64], [114] or grasping-based
docking (an embedded robotic arm drives the docking manoeuvre)
[30], [9]1]. Usually, a docking mission is split into two phases [ 59|,
[61], [117, [129: the long-range, rough approach, during which the
robot must join a speci ¢ area located near its docking target; and a
short-range, precise approach which is usually triggered only if all
the safety conditions and localisation requirements are met. While
the robot mainly uses acoustic localisation systems or dead reckoning
during the long-range approach, it switches to more precise sensors
for the nal manoeuvre: cameras aiming for lights or visual markers
is usually the preferred solution [ 24], [61], [77], [91], [127, [124 al-
though other methods such as electromagnetic [31] or electric eld
[13] guidance have been studied . Chosen control methods range from
classical PID controllers [58], [9]] to fuzzy logic [ 93], [115.

Therefore, many different approaches do exist to complete an au-
tonomous docking mission underwater. At Forssea Robotics, the choice
has been made to orientate the efforts towards the "two-phases" ap-
proach, using visual markers detection as a short-range localisation
strategy. A classical chain of command controls the robot (see Fig-
ure 1.6), and the garage has a funnel shape to ease the manoeuvre (see
Figure 1.7).

1.2.2 Research approach

As we highlighted earlier, there are many different methods to per-
form a docking mission: differences lie in the docking station, the
chosen controller or localisation method. All of these methods have
proved to be ef cient to some extent. However, to deploy an entirely
autonomous ROV and recover it through a docking station demands
more guarantees. Indeed, it might be possible that the ROV cannot
dock into its garage because of some external events, or that the cho-
sen control method fails in certain conditions, or that the localisation
algorithm does not indicate the correct position of the robot. Therefore,
there is a need for a validation method that could prove feasibility
of a mission, and in our case of a docking manoeuvre. In this thesis,
we thus chose to work on validation methods applied to the docking
problem.
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Figure 1.6: Software architecture of Argos, an autonomous ROV devel-
oped at Forssea Roboticqhttps://forssea-robotics.fr/index.php/
products/rovs )

Figure 1.7: Argos manoeuvring to enter its garage (Courtesy of Forssea Robotic-
s/Balao)
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1.2.2.1 Presentation of the approach

An autonomous ROV is a complex machine, embedding various sen-
sors measuring data from the environment, and actuators acting on
the latter. All these pieces of equipment are controlled by a computer,
which is a discrete machine: its programs are paced by a clock, such
that it issues commands and reads sensors data at a speci c pace.
Therefore, an autonomous ROV (and more generally any robot) can
be modelled as a hybrid system with continuous- and discrete-time
processes interacting together. Thus, our goal is to prove feasibility
of a docking mission for a speci c robot (or hybrid system). In other
words, we want to nd a method capable of validating the engineering
choices made for a particular robot. Again, we believe that such a
method can be of interest, especially for industrial applications, where
proofs of correct functioning are usually required to allow the large
scale deployment of a system. Indeed, knowing that a docking mission
will always succeed if the robot starts from a speci c area, or that
it might fail if it is not equipped with a particular sensor will be of
interest to the designer and the users of such a robot.

It is worth noting that similar methods exist in different domains.
Special programming languages do exist to validate software for criti-
cal systems [20], rigorously simulating and verifying hybrid systems
[3], [12], [11§. However, these tools do not fully meet our require-
ments, because they concentrate on the software part of a system,
they focus primarily on simulating the system, or they are mainly
intended for linear systems veri cation. In our case, we want to deal
with non-linear uncertain hybrid systems and prove a priori that a
robot can dock into its garage if initialised in a given area.

In this thesis, we explored two different approaches to solve this
problem. We refer the reader to Chapter 2 for a more in-depth intro-
duction of the mathematical tools and concepts mentioned below.

1.2.2.2 Reachability analysis

Checking that a system can reach a speci ¢ area is known as reacha-
bility analysis Multiple methods exist to verify such a property (see
[1] for an extensive list and presentation of related research subjects).
The most intuitive one, especially in an industrial context, consists in
modelling the system using a mathematical formalism and simulating
the outcomes resulting from different initial conditions: tools such as
the ubiquitous Matlab/Simulink, or the open source Gazebo simu-
lation software are often used in robotics industries. Such a method
often leads to simulating as many outcomes as possible to obtain
a rough idea of the system's behaviour with various initial condi-
tions. While easy to understand and implement, this method lacks
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the mathematical guarantees we seek for our approach. To meet this

Figure 1.8: Reachability analysis of a robot leaving from its garage, equipped
with a speci ¢ set of sensors and controlled by a speci ¢ controller.
When entering the blue areas, the robot is able to recalibrate its
estimated position.

requirement, methods falling in the eld of symbolic reachability analy-
siscan be used ], [36], [38], [69], [95], [97]. Their working principle
consists in enclosing all the possible states taken by a system inside
a mathematical object, and studying the latter's evolution. Then, the
proof of reachability comes down to checking whether it is contained
inside the desired speci ¢ area. Similarly, proving that a system will

not enter a speci ¢ zone can be done using the same tools. The reader
may refer to Chapter 4 to have more details about this approach.

1.2.2.3 Stability analysis

We will take the following image to introduce this approach: imagine
that the robot is a marble, evolving on a cloth presenting hills and
valleys. Assume also that the robot has to reach one of the latter.
Proving that the robot will end up in the desired valley comes down
to proving that it is initialised in its catchment; or that it has enough
speed and the right heading to climb the hills separating it from the
right valley. This approach falls into the eld of stability analysis Again,
various methods are available to study the stability of a system [ 41].
Their working principles differ, ranging from eigenvalues evaluation

to the use of Lyapunov's theorems. Proving stability for an uncertain
system has also been studied f9], [101], as well as stability of hybrid
systems [14], [35]. We refer the reader to Chapter 3 for more details
about this approach.



1.3 contributions 13

Figure 1.9: Stability analysis of a marble on a cloth: the green marbles will
end up in the green valley, because of their initial position or their
initial velocity, to the contrary of the red marbles.

1.3 contributions

Aside from the two approaches we studied to prove feasibility of a
docking mission, we developed various tools that can have a broader
use than the one for which they were initially intended. We listed the
main ones below.

Comprehensive derivation of Lohner's algorithm, and an exam-
ple of implementation (see Section 2.4.5);

Algorithm to compute the centred form of an iterated function,
to allow for tighter image set enclosures (see Section 3.4.2);

Stability contractor, a formalism allowing to easily prove stability
of a system (see Section3.4.1);

Lohner contractor for tubes, to obtain tighter enclosures for
trajectories, and its implementation in the Tubex library (see
Section 4.3.2);

Comprehensive examples using the CAPD library, to broaden
its usage among the interval robotics community.
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2.1 introduction

In this chapter, we will present the mathematical tools and the concepts
used later in this thesis.

We recall that this work's goal is to propose a method to prove
feasibility of a docking mission between a robotand an underwater
asset.

Therefore, we start by introducing the different ways of modelling
dynamical systemsand robots more speci cally. Doing so will provide
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us with a mathematical tool to predict a robot's behaviour in time,
given an initial state. This subject is tackled in Section 2.2.

Now, as good as a model can be, it will always approximate the real-
life system, for reasons ranging from lack of computational power to
unknown effects acting on the robot, to unpredictable events occurring
during an operation. Since we seek mathematical proof of feasibility
of a mission, we will need to use specic tools to consider those
uncertainties while predicting the robot's behaviour. In this thesis, the
tool we chose to deal with the modelling of errors and uncertainties is
interval analysis which we introduce in Section 2.3.

We then introduce different methods to model dynamical systems'
evolution using interval analysis in Section 2.4. Thanks to the latter,
these methods perform guaranteed integratiorof a system's model,
which can then be interpreted to ensure its properties.

2.2 modelling robots

Mobile robots are unmanned vehicles, sometimes autonomous, which
evolve on land, in the air, on or under water, or even in space. These
robots can usually sense their environment and act on it via sensors,
actuators and an internal computer. Therefore, their behaviour is

dictated by the laws of physics and the internal logic of the embedded

computer [32], [48], [111].

2.2.1 Dynamical systems

Mathematically speaking, mobile robots can be modelled as dynamical
systems, i. e. a set of mathematical equations describing the system's
evolution in time. A general de nition for a dynamical system can be
found in [ 37, Chapter 1]

De nition  2.1. A dynamical systemis afunction f : T S!S such
that

1. T is one of the following: N, Z, R, R*.t 2 T is the evolution
parameteiof the system and T its time set

2. Sis a non-empty set, the state spacef the system containing its
statex;

3. f (0, ) is the identity function: forany x2S, f (0,x) = x;
4. f (t,f (s,x)) = f (t+ s,x) forany t,s2 T and forany x2 S.

Remark2.1. The Item 3 imposes that the system's state cannot change
over a null duration, i.e. it cannot instantaneously teleport itself to
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another point in its state space. The Item 4 imposes that the future
system's state depends on the current one.

Let us introduce a few notations and terms:

If we take x = Xp as constant, then it is the initial state of the
system. f , (t) is the ow of the system passing through Xo;

If we take the duration t as constant, thenf  (x) is called the state
transition of duration t t-transition or t-advanceof the system;

If T= R or R*, the system is called continuous-time(see Sec-
tion 2.2.2)

If T= N or Z, the system is said to be discrete(see Section2.2.3).

Remark2.2. In the rest of this thesis, we will assume that T= R or Z,
although t will be positive most of the time. We will also assume that
S=R", wheren2 N .

2.2.2 Continuous-time dynamical systems

2.2.2.1 De nition

Continuous-time dynamical systems are used to model phenomenons
that evolve continuously over time. These are widely found in real-life
problems' models, from moving vehicles to biological and chemical
processes. De nition 2.1 can be adapted to continuous dynamical
systems [41, Chapter 7], [92, Chapter 3]:

De nition  2.2. A continuous-time dynamical system is a function
f:R R"! R"suchthat

1. f (0,.) is the identity function: forany x 2 R",f (0,x) = x
2. f (t,f (s,x)) =f (t+ s,x) forany t,s2 R and for any x 2 R".

2.2.2.2 Relation between dynamical systems and ordinary differential equa-
tions

Differential equations (ordinary or partial) are widely used to model
continuous phenomenons: they are used for systems ranging from
atmospheric phenomenons [41, Chapter 14], [7€], [123 to electrical
oscillators' behaviour [ 41, Chapter 12], [127], biological processes
[41, Chapter 11], [47], physical & astronomical phenomenons [ 41,
Chapter 13], [57], [139, [133, and vehicles' and robots' trajectories [ 22,
Chapter 4], [32, Chapter 7], [48, Chapter 1], [111, Part A & F]. To model
the latter, one usually uses classical mechanics and usually obtains an
Ordinary Differential Equation (ODE) such as Equation ( 2.1).

x (1) = f(x (1)) (21)
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where f 2 CX(R™), t 2 R represents the time and x(t) 2 R" the
robot's state. This equation fully describes the system's behaviour,
and only depends on its current state: it is said to be autonomous
Sometimes, the function f can also depend on an input u (t), which
can be used to take external commands into account.

Autonomous systems are closely related to dynamical systems, in
the sense that Equation (2.1) has a unique solution f (Xp) passing
through a point xo 2 R" at a given time t = 0. This solution actually
corresponds to the ow of the associated dynamical system initialised
atxp2 R"and t = 0.

Remark2.3. It is rarely possible to nd an analytical expression for

f (t,x), except in particular cases, e. g. whenf is linear with respect to
X. However, using numerical methods, it is possible to evaluate f ata
speci c time for a speci c initial state [ 41, Chapter 7].

Also, note that for some ODEs, some solutions might only be de ned
loc