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PATH FOLLOWING OF AUTONOMOUS UNDERWATER VEHICLES IN
THE PRESENCE OF UNKNOWN DISTURBANCES

SUMMARY

First of all, this study can be briefly explained as follows. It is about the path following
of autonomous underwater vehicles (AUVSs) when exposed to external environmental
factors such as currents in predefined paths. In this study, algorithms were developed
to solve the relevant problem based on the dynamic model of the Remus-100
autonomous underwater vehicle (AUV).

In this context, the performances of three guidance methods are compared to solve the
problem, these guidance methods are line of sight (LOS) guidance, integrated line of
sight(ILOS) guidance, and adaptive line of sight(ALOS) guidance. Additionally, a
linear quadratic regulator (LQR) controller was designed to control the AUV. The
states of the autonomous underwater vehicle, which is the input of the autopilot, were
estimated using the Extended Kalman filter (EKF).

The reason for this study is that AUVs are being used a lot today and path following
is critical in these vehicles. To briefly mention the usage areas of AUVs, these
technologies are used in scientific research about oceanography, marine biology,
mapping the seafloor, environmental monitoring about pollution levels, and geology
research of the seafloor. In addition, AUVs may be used in military and defense for
underwater surveillance and anti-submarine warfare. These vehicles are used in oil and
gas exploration to inspect and map underwater pipelines and infrastructure.
Additionally, they are operated in search and rescue operations to find missing ships
and airplanes. Finally, they can be used in commercial fishing to help fishermen
determine the best fishing locations and underwater archaeology to explore and map
the underwater archaeological sites.

These usage areas bring with them an important problem that needs to be solved with
high accuracy, and this is the path-following problem. These vehicles must follow
predefined paths with high accuracy, even with limited position information and in
situations where they are exposed to current disturbance. Otherwise, these vehicles
cannot successfully perform the defined tasks. In this study, a solution to the 2-D path
following problem is presented. The sub-topics focused on solving the problem are the
design of the navigation, guidance, and autopilot algorithms of the AUV. Briefly, the
navigation algorithm is the algorithm that calculates where and in what orientation the
underwater vehicle is at the moment. The guidance algorithm calculates the heading
angle that the underwater vehicle should apply to follow the path defined in 2-D. The
autopilot algorithm ensures that the underwater vehicle is kept in the desired
orientation. As a result, these algorithms must work properly simultaneously for the
AUV to follow a defined path.

When first focusing on the navigation algorithm, its output is also the reference input
of the autopilots of underwater systems operating in real-time. In this context, these
inputs need to be estimated and measured accurately. In addition, if a state that is not
directly measured is to be used as an input to the autopilot, this state needs to be
estimated. In addition, for the autopilot to produce proper outputs, the noise level of
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noisy measurement data produced from sensor models must be reduced, and this can
be made possible with EKF.

In addition, this AUV is exposed to the effects of underwater currents during its
operations. This disturbance can create major problems in docking missions where
location accuracy is important and in long-term missions such as military applications
or mapping. Therefore, these disturbance components need to be estimated. In this
context, using the EKF, the AUV's position components, velocity components,
acceleration components, Euler angles, angular rates, and sea current components will
be estimated. The sensors to be used when making these predictions are an ultra short
base line (USBL) acoustic positioning system, inertial measurement unit (IMU), depth
sensor, compass, and Doppler velocity log (DVL). The reason for using EKF is that it
can be easily applied to nonlinear systems, with its prediction accuracy, adaptability,
and simplicity.

In this study, autopilots were designed using the LQR technique. The LQR method
offers a robust framework for control design, optimizing control inputs to minimize a
specified cost function while considering system dynamics and constraints. This study
applies LQR to the nonlinear dynamics of AUV by first linearizing the model using
numerical techniques. This allows for the formulation of the control problemina linear
framework, where LQR can effectively compute feedback gains to steer the system
towards desired states.

The primary advantage of utilizing LQR lies in its ability to provide stable and efficient
control across a range of operating conditions. By optimizing a quadratic performance
index, LQR ensures that the AUV achieves the desired performance while adhering to
system constraints. Furthermore, the straightforward implementation process of LQR
simplifies the design and facilitates real-time deployment on AUV platforms. This
enables the development of robust autopilot systems capable of navigating complex
underwater environments. As a result, when the LQR controller was tested under
various conditions, it was seen that it worked with high performance and low control
effort even in disturbed environments.

Finally, it is briefly mentioned that the guidance methods used in the path following
strategy, LOS, ILOS, and ALOS guidance methods were used in this study. These
guidance algorithms take as input the waypoints of the path they need to follow and
the currently calculated position of the AUV. As output, they calculate the heading
angle the AUV should apply to follow this path. The calculated heading command
gives satisfactory results in path following in 2-D for autonomous underwater vehicles.
In these methods, the location information given as input is the location information
that is the output of EKF. In addition, the vehicle's states used as reference in autopilots
are also components calculated by EKF. The dynamic model output of the vehicle was
not used as input in the autopilot and guidance algorithms, these inputs were the
outputs of the EKF. If dynamic model outputs were used, reliable results could not be
obtained in testing the usability of these algorithms in real life. Therefore, the outputs
of the dynamic model were used as ground truth and the actual states of the vehicle
were converted into sensor outputs using sensor models. States that were not directly
measured by sensors were estimated with EKF. With this approach, an attempt was
made to simulate a real AUV operation.

During the testing phase, 4 different paths were defined and tested. The first of these
paths is a straight path, the second is a circular path, and the third is a path where both
a straight route and turning maneuvers are made. The last path is sinusoidal. While
testing these paths, current disturbance was added to the environment, and in this way,
it was aimed to test situations where the vehicle was exposed to current disturbance.
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In this context, tests were carried out with 3 current speed components and 4 current
direction components. These tests compared the performance of 3 different guidance
algorithms in different current components and path definitions. The cross-track error
component, which calculates the distance from the path, was used as the comparison
parameter. Finally, it was concluded that some guidance laws are more advantageous
in certain situations. Briefly speaking, ILOS guidance law shows superior performance
in circular and sinusoidal paths, which shows that ILOS guidance gives better results
in paths containing curvature. It has been observed that LOS guidance giving good
results on straight and semi-rectangular paths, which shows that LOS guidance gives
better results on flat paths compared to other methods. In this case, it can be concluded
that since the defined paths are predetermined paths, if there are straight lines in the
planned path, LOS guidance can be used during this process, and ILOS guidance can
be used actively in the parts of the path that contain curvatures, that is, in places where
there are turns and maneuvers. This ultimately enables maximum path-following
performance to be achieved in all designed paths. Since one guidance law performs
better than the other according to the path features, automatic guidance law switching
can be performed in AUV tasks by establishing a simple switch-case logic and
achieving minimum cross-track error. One of the most important results of this study
can be explained as follows: Depending on the characteristics of the defined path, the
guidance law may change during the mission because the currently used guidance laws
calculate the yaw angle command as a result of instantaneous calculations, that is, they
do not contain any retrospective terms. Therefore, transitions between these algorithms
do not create any discontinuity. Finally, all of the algorithms developed within the
scope of this study have been developed to be used in real underwater vehicles, so |
believe that the algorithms to be developed for Remus-100 in the future can be used
as a reference source.
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OTONOM SUALTI ARACLARININ BILINMEYEN BOZUNTULARIN
VARLIGINDA YOL TAKIBI

OZET

I1k olarak, bu tezin ¢alisma konusu otonom su alt1 araclarinin, akintilar gibi dis cevre
faktorlerine maruz kaldiginda, Onceden tanimlanmus yollar1 takip edebilmesi
problemine ¢6ziim sunulmasi ile ilgilidir. Bu ¢alismada, Woods Hole Osinografi
Enstitiisii tarafindan gelistirilen Remus-100 otonom su alti aracinin dinamik modeli
referans alinmustir. Ilgili problemin ¢dziimiine yonelik algoritmalar bu dinamik model
kullanilarak gelistirilmistir.

Bu kapsamda, bu problemin ¢éziimiine yonelik {i¢ farkli giidiim yontemi uygulanmis
ve test edilmistir. Calismanin sonucunda da bu {i¢ farkli giidim y&nteminin
performanslart karsilastirilmistir. Bu giidiim yontemleri goriis hatti giidiimii, integral
goriis hatt1 giidiimii ve adaptif goriis hatt1 giidiimii algoritmalaridir. Bu otonom su alti
aracinin otopilotu i¢in LQR kontrolcii tasarlanmistir. Otopilotun girdisi olan su alti
aracinin durumlari, Genisletilmis Kalman filtresi kullanilarak kestirilmistir.

Bu calismanin nedeni otonom su alt1 araglarinin giiniimiizde ¢ok fazla kullanilmaya
baslanmasidir ve bu araglarin kullaniminda yol takibinin kritik olmasidir. Bu araglarin
kullanim alanlarina kisaca deginmek gerekirse bu araclar, osinografi, deniz biyolojisi,
deniz tabaninin haritalanmasi, kirlilik seviyelerinin ¢evresel izlenmesi ve deniz
tabaninin jeoloji arastirmalari ile ilgili bilimsel arastirmalarda kullanilmaktadir. Ek
olarak, bu araglar askeri alanda ve savunmada su alt1 gézetleme ve denizalti karsiti
savas i¢in kullanilabilmektedir. Ayrica bu araglar, petrol ve dogalgaz aramalarinda, su
alt1 boru hatlarin1 ve altyapisini incelemek ve haritalamak i¢in kullanilmaktadir. Ek
olarak kayip gemi ve ug¢aklarin bulunmasina yonelik arama kurtarma operasyonlarinda
da gorev almaktadirlar. Son olarak, balik¢ilarin en iyi balik avlama yerlerini
belirlemelerine ve su alt1 arkeolojik alanlarin1 kesfetmeleri ve haritalandirmalari igin
su alt1 arkeolojisine yardimci olmak amaciyla kullanilabilmektedirler.

Bu kullanim alanlan yiiksek dogrulukla ¢oziilmesi gereken 6nemli bir problemi de
beraberinde getirmektedir ve bu problem yol takibi problemidir. Bu araglarin, sinirh
konum bilgisine sahip olduklar1 durumlarda ve su akintisina maruz kaldiklar
durumlarda bile Onceden tamimlanmis yollar1 yiiksek dogrulukla takip etmeleri
gerekmektedir. Aksi takdirde bu araglar tanmimlanan gorevleri basariyla yerine
getiremezler. Bu ¢alismada 2 boyutta yani x-y diizleminde tanimlanan bir yolun takibi
problemine bir ¢6ziim sunulmustur.

Bu c¢alismada bu problemin ¢6ziilmesi i¢in odaklanilan alt konular ise, otonom su alt1
aracinin navigasyon, giidiim ve otopilot algoritmalarinin tasarimidir. Bu g¢alismada
ortaya konulan navigasyon algoritmasindan kisaca bahsedilirse, su alt1 aracinin o an
nerede ve hangi oryantasyonda oldugunu hesaplayan algoritmadir. Glidiim algoritmast
ise, su alti aracinin 2 boyutta tanimlanan yolu takip edebilmesi i¢in uygulamasi
gereken rota acisini hesaplar. Otopilot algoritmasi ise, su alti aracinin istenilen
oryantasyonda tutulmasini saglar. Sonug olarak su alt1 aracinin belirli bir yolu takip
edebilmesi i¢in bu algoritmalarin es zamanli olarak diizgiin ¢aligmasi gerekmektedir.
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Bu calismada navigasyon algoritmasinin kapsamina bakildiginda, genisletilmis
Kalman filtresi kullanilarak sualt1 aracinin bazi durum bilesenlerinin kestirim yolu ile
elde edilmesi olarak tanimlanabilir. Navigasyon algoritmasi ¢iktis1 ayni zamanda
otopilotun referans girdisidir. Bu baglamda bu girdilerin dogru bir sekilde otopilota
saglanmasi gerekmektedir. Ayrica dogrudan oOlciilmeyen bir durum otopilota girdi
olarak saglanmasi durumunda, bu durum bileseninin kestirilmesi gerekir. Ek olarak,
otopilotun kararsizliga neden olmayacak ciktilar {retebilmesi i¢in sensor
modellerinden {iretilen giiriiltiilii 6l¢iim verilerinin giiriiltli diizeyinin azaltilmasi
gerekmektedir ve bu da genisletilmis Kalman filtresi ile miimkiin kilinabilmektedir.
Ayrica bu arag, operasyonu sirasinda su alti akintilarinin etkilerine de maruz
kalmaktadir. Bu bozuntu, konum dogrulugunun 6nemli oldugu gorevlerde biiyiik
sorunlar yaratabilmektedir. Bu nedenle bu akinti bozuntusunun bilesenlerinin
kestiriminin yapilmasi gerekmektedir. Bu kapsamda genisletilmis Kalman filtresi
kullanilarak bu otonom sualti aracinin konum bilesenleri, hiz bilesenleri, ivme
bilesenleri, Euler acilari, agisal hizlar1 ve maruz kaldig1 deniz akintisinin bilesenleri
kestirilmigtir. Bu kestirimleri yaparken kullanilan sensorler, ultra kisa baz hatti akustik
konumlandirma sistemi, atalet 6l¢lim birimi, derinlik sensorti, pusula ve Doppler hiz
Olceridir. Kestirim sonuglari degerlendirildiginde, oldukga yiiksek dogrulukta sonuglar
elde edildigi goriilmiistiir. Genisletilmis Kalman filtresi kullanilmasinin nedeni tahmin
dogrulugu, uyarlanabilirligi ve basitligi ile dogrusal olmayan sistemlere kolaylikla
uygulanabilmesidir.

Bu calismada otopilotlar Lineer Kuadratik Regiilator teknigi kullanilarak
tasarlanmistir. LQR yontemi, sistem dinamiklerini ve kisitlamalarini dikkate alirken,
aynt zamanda belirli bir maliyet fonksiyonu tanimlanarak maliyeti en aza indirmek
icin kontrol girdilerini optimize etmeye olanak saglar. Bu tasarim yaklagiminda
oncelikle kontrol edilmek istenen sistemin lineer modeline sahip olunmasi gereklidir.
Fakat bu c¢alismada kurulan model 6 serbestlik derecesine sahip ve tamamiyla lineer
olmayan bir modelden olusmaktadir. Bu yiizden 6nce numerik dogrusallagtirma
teknigi kullanilarak model dogrusallastirildi. Bu sayede problem, tipik LQR
problemine doniismiis olur ve sistemin durum uzay gosterimleri elde edilmis olur.
Sonrasinda durum ve girdilerin agirlik matrisleri tasarim parametreleri olarak
belirlendi ve kontrolciiniin tasarim siireci tamamlanmustir.

LQR kullanmanin temel avantaji, ¢esitli ¢alisma kosullarinda stabil ve verimli kontrol
saglama yeteneginde yatmaktadir. Bu ¢alismada, LQR kontrolcii ikinci dereceden bir
performans endeksini optimize ederek AUV'nin sistem kisitlamalarina bagl1 kalarak
istenen performansi elde etmesini saglar. Ayrica bu kontrol metodolojisinin basit
uygulama siireci, tasarimi basitlestirir ve gercek zamanli AUV platformlarinda
tasarimi kolaylastirir. Ayrica otopilot dongiisii kompleks hesaplamalar icermedigi i¢in
hesaplama zamani c¢ok diisiiktiir. Bu durum, karmasik su alti ortamlarinda seyir
yapilmasina olanak saglayan giirbiiz otopilot sistemlerinin gelistirilmesine olanak
saglar. Sonug olarak bu tez ¢alismasinda tasarlanan LQR kontrolcii, ¢esitli kosullar
altinda test edildiginde, bozulmus ortamlarda dahi yiiksek performansla ve diisiik
kontrol eforuyla ¢alistig1 goriilmiistiir.

Son olarak bu calismada yolu takip etme stratejisinde kullanilan giidiim yontemleri
olan goriis hatt1 giidiimii, integral goriis hatt1 gidiimii ve adaptif goriis hatt1 giidiimii
algoritmalar1 kullanildigina kisaca deginilmisti. Bu gilidiim algoritmalari, takip
etmeleri gereken yolun ara noktalarini ve su alt1 aracinin o anda hesaplanan konumunu
girdi olarak alir. Cikt1 olarak su alt1 aracinin bu yolu takip etmesi i¢in uygulamasi
gereken rota acisini hesaplarlar.
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Hesaplanan rota komutu, bu otonom su alt1 araci i¢in 2 boyutlu yol takibinde yapilan
testler sonucunda tatmin edici sonuglar vermektedir. Bu yontemlerde girdi olarak
verilen konum bilgisi genisletilmis Kalman filtresinin ¢iktisi olan konum bilgisidir.
Ayrica aracin otopilotlarda referans olarak kullanilan durumlarda genisletilmis
Kalman filtresi tarafindan hesaplanan bilesenlerdir. Burada 6nemli bir noktaya
deginmek gerekir, aracin dinamik model ¢iktilar1 otopilot ve giidiim algoritmalarinda
girdi olarak kullanilmamigtir, bu girdiler icin genisletilmis Kalman filtresi
kullanilmistir. Dinamik model c¢iktilarinin kullanilmasi halinde bu algoritmalarin
gercek hayatta kullanilabilirliginin test edilmesinde giivenilir sonuglar elde
edilemeyecektir.

Bu nedenle dinamik modelin ¢iktilar1 kesin referans olarak kullanild1 ve bu referans
hata hesaplamalarinda kullanildi. Ayrica sensor modelleri gelistirildi ve aracin gercek
durumlar1 yani kesin referans olarak kullanilan durumlar, sensor modellerine girdi
olarak girip sensor ciktilarina doniistiiriilmiistiir. Sensorler tarafindan dogrudan
Olctilmeyen durumlar ise genisletilmis Kalman filtresi ile kestirilmistir. Bu yaklagimla
gercek bir otonom sualti arac1 operasyonu simiile edilmeye ¢alisilmistir. Bu gelistirilen
algoritmalarin test agamasinda ise 4 farkli yol tanimland: ve test edildi. Bu yollardan
ilki dairesel bir yol, ikincisi diiz bir yol, {ligiinciisii ise hem diiz bir rota hem de doniis
manevralarinin yapildigi bir yoldur. Son yol ise sinlizoidal bir yol olarak
tanimlanmustir.

Gelistirilen yol takibi algoritmasi, bu yollarda test edilirken ortama su akimi bozuntusu
eklenmis ve bu sekilde aracin akim bozuntusuna maruz kaldigi durumlarin test
edilmesi amacglanmistir. Bu kapsamda 3 adet akim hiz bileseni ve 4 adet akim yonii
bileseni ile testler gergeklestirilmistir. Bu testler ile farkli akim bilesenleri ve yol
tanimlarinda 3 farkli glidiim algoritmasinin performanslarimin  karsilastirilmasi
amaglandi. Karsilastirma parametresi olarak yola olan mesafeyi hesaplayan gegis izi
hatas1 bileseni kullanilmistir. Son olarak bazi giidiim yasalarinin belirli durumlarda
daha avantajli oldugu sonucuna varilmistir. Kisaca sdylemek gerekirse, integral goriis
hatt1 giidiimii yasas1 dairesel ve siniizoidal yollarda iistiin performans gostermektedir,
bu da bu metodun egrilik igeren yollarda daha iyi sonuglar verdigini gostermektedir.
Goriis hattr glidiimii yasasinin ise diiz ve yar1 dikdortgen yollarda iyi sonuglar verdigi
gozlemlenmistir, bu da bu metodun diiz yollarda diger yontemlere gore daha iyi
sonuglar verdigini géstermektedir. Bu durumda tanimlanan yollar 6nceden belirlenmis
yollar oldugundan, planlanan yolda diiz ¢izgiler varsa bu siiregte goriis hatt1 giidiimii
yasasindan yararlanilabilecegi gibi, yolun kalan kisimlarinda da integral goriis hatti
giidimii aktif olarak yararlanilabilecegi sonucuna varilabilir. Egrilikler, yani
doniislerin ve manevralarin oldugu yerlerde bu yasanin kullanilmasi daha uygun
olabilir. Bu yaklagim ile tasarlanan tiim yollarda maksimum yol izleme performansinin
elde edilmesini saglanir. Yol 6zelliklerine gore bir giidiim yasasi digerinden daha 1y1
performans gosterdiginden, basit bir anahtarlama durumu mantigr kurularak ve
minimum gegcis izi hatasi elde edilerek AUV gorevlerinde otomatik giidiim yasasi
gecisi gergeklestirilebilir. Bu calismanin en 6nemli sonuglarindan biri su sekilde
aciklanabilir, tanimlanan yolun 6zelliklerine bagl olarak, mevcut kullanilan giidiim
yasalar1 sapma acis1 komutunu anlik hesaplamalar sonucunda hesapladigindan, gérev
sirasinda giidiim yasasi degisebilir, yani geriye doniik herhangi bir terim igermezler.
Dolayisiyla bu algoritmalar arasindaki gecisler herhangi bir siireksizlik
yaratmamaktadir. Son olarak bu calisma kapsaminda gelistirilen algoritmalarin
tamamui gergek su alt1 araclarinda kullanilmak tizere gelistirilmistir.
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1. INTRODUCTION

Autonomous Underwater Vehicles (AUVs) have emerged as cutting-edge
technologies revolutionizing underwater exploration and research. These unmanned
vehicles, equipped with advanced sensors and autonomous navigation systems, are
reshaping our understanding of the underwater world. Their popularity stems from
several key factors contributing to their widespread adoption and recognition in
modern times.

Nowadays, the use of these vehicles is common, to give a few examples, they can be
listed as follows. These vehicles are used in scientific research about oceanography,
marine biology, mapping the seafloor, environmental monitoring about pollution
levels, and geology research of the seafloor. In addition, AUVs may be used in
military, defense for underwater surveillance and anti-submarine warfare. These
vehicles are used in oil and gas exploration to inspect and map underwater pipelines
and infrastructure. Additionally, they are operated in search and rescue operations to
find missing ships and airplanes. Finally, they can be used in commercial fishing to
help fishermen determine the best fishing locations and underwater archaeology to
explore and map the underwater archaeological sites[1].

In AUVs, one of the fundamental challenges encountered across various applications
is the concept of path following. Path following refers to the ability of an AUV to
navigate and track a predefined path or trajectory accurately and robustly, even in the
presence of external disturbances such as underwater currents, varying terrain, or
environmental uncertainties.

The importance of path following cannot be overstated, as it directly influences AUV
operations' efficiency, reliability, and effectiveness across a wide range of domains.
Whether conducting scientific research missions, environmental monitoring surveys,
industrial inspections, or security and defense operations, AUVs must possess robust
path following capabilities to fulfill their intended objectives and navigate safely in

dynamic underwater environments.



The motivation behind focusing on addressing the path following problem lies in the
critical role it plays in maximizing the utility and performance of AUVs. Accurate path
following enables AUVs to collect precise data, execute complex tasks, and achieve
mission objectives with greater precision and efficiency. Moreover, robust path
following capabilities contribute to the safety of AUV operations, minimizing the risk
of collisions, deviations from desired trajectories, and potential mission failures.

In this study, the primary objective is to develop and evaluate novel path following
algorithms and control strategies specifically tailored for AUVs operating in
challenging underwater conditions. By enhancing the path following capabilities of
AUVs, this research aims to overcome the limitations posed by external disturbances
and environmental uncertainties, ultimately enabling AUVSs to navigate autonomously
and effectively in real-world scenarios.

In summary, path following represents a cornerstone of AUV technology,
underscoring its significance in enabling autonomous navigation and enhancing its
overall performance and utility in various underwater applications. By addressing the
path following problem, this study seeks to advance the capabilities of AUVs and pave
the way for their expanded use and impact in underwater exploration, research, and

industrial operations.

1.1 Problem Description

The focus of this study revolves around the challenge of achieving reliable path
following by autonomous underwater vehicles (AUVS) in environments affected by
disturbances such as underwater currents. Path following is a critical capability for
AUVs as it enables them to navigate predefined trajectories accurately, ensuring
successful completion of missions and tasks in dynamic underwater environments.
However, the presence of disturbances like underwater currents poses significant
challenges to the path following capabilities of AUVs, leading to deviations from
desired trajectories and potentially hindering mission success.

To address this challenge, the study investigates the implementation and performance
comparison of three distinct guidance methods: Line-Of-Sight (LOS), Integral Line-
Of-Sight (ILOS), and Adaptive Line-Of-Sight (ALOS). These guidance methods are
designed to calculate the heading angle required to track predefined paths in the x-y

plane based on waypoint inputs. By comparing the performance of these guidance



methods under various test scenarios, the study aims to identify the most effective
approach for achieving robust path following by AUVs in the presence of disturbances.
The methodology employed in this study involves several key steps. Initially, a
dynamic model of the REMUS-100 AUV is utilized, supplemented with sensor models
including an Inertial Measurement Unit (IMU), Doppler Velocity Log (DVL),
compass, and Ultra-Short Baseline (USBL) sensors. The outputs of these sensor
models are integrated using an Extended Kalman Filter (EKF) to estimate the states of
the underwater vehicle, which serve as inputs to the designed autopilot. The autopilot
is designed using Linear Quadratic Regulator (LQR) control technique, linearizing the
nonlinear REMUS-100 model through numerical linearization.

Subsequently, the designed guidance algorithms are implemented to compute the
required heading angles for path following in the x-y plane. Four different paths are
defined for testing purposes, and the performance of the guidance methods is evaluated
based on their ability to track these paths accurately in the presence of disturbances.
In summary, the overarching goal of this study is to address the challenge of achieving
reliable path following by AUVs in environments affected by disturbances, such as
underwater currents. By comparing the performance of different guidance methods,
the study aims to identify the most suitable approach for enhancing the path following
capabilities of AUVs, thereby contributing to advancements in underwater robotics

and autonomous navigation technologies.

1.2 Contribution of This Study

The findings of this study are anticipated to make significant contributions to the field
of AUV path following in environments affected by disturbances. This research aims
to enhance the understanding of effective strategies for autonomous path following in
dynamic underwater environments by investigating and comparing different guidance
methods for path following under challenging conditions.

Firstly, the study has the potential to advance the development of robust guidance
algorithms tailored for AUVs operating in real-world scenarios. By evaluating and
comparing the performance of distinct guidance methods, researchers and practitioners
can gain insights into the strengths and limitations of each approach, facilitating the
selection and implementation of the most effective strategy for specific mission

requirements.



Secondly, the study may contribute to the improvement of AUV capabilities in various
applications, including scientific research, environmental monitoring, industrial
inspections, and security operations. By enhancing the path following capabilities of
AUVs, this research has the potential to enable more accurate and efficient data
collection, mapping, and surveying in underwater environments, leading to
advancements in our understanding of marine ecosystems, geological features, and
underwater infrastructure.

Furthermore, the findings of this study could have implications for the development of
autonomous navigation technologies beyond the field of underwater robotics. The
insights gained from evaluating different guidance methods and control strategies may
inform the design and optimization of autonomous systems operating in other dynamic
and uncertain environments, such as aerial drones, terrestrial robots, and autonomous
vehicles. In summary, the outcomes of this study are expected to contribute to the
advancement of autonomous path following technologies, enhance the capabilities of
AUVs in underwater exploration and research, and potentially inspire innovations in

autonomous systems across various domains.

1.3 Literature Review

The literature review chapter examines current research on autonomous underwater
vehicle (AUV) navigation and control, with a focus on path following and stabilization
in dynamic underwater environments. It aims to summarize existing methodologies
and advancements. Preliminarily, if the emphasis is on resolving the issue of path
following a pre-established trajectory for underwater vehicles and ships, the
subsequent investigations have been conducted thus far.

Firstly, it will be examined how this problem is addressed in the literature. A study
focuses on path-following control strategies for asymmetry underactuated unmanned
surface vehicles under external disturbances, it proposes an adaptive sliding-mode
control system which is incorporating a modified integral line-of-sight guidance law
and adaptive feedback linearizing controllers combined with sliding-mode techniques
[2]. A separate study focuses on the issue of horizontal trajectory tracking for
underactuated AUVs in the presence of parameter perturbation. The study proposes a
trajectory tracking controller that consists of a kinematic controller designed using the

backstepping method and a dynamic controller that utilizes global integral sliding



mode control to stabilize velocity errors. This approach guarantees the stability of the
entire system [3]. Another study presents a solution for following a curved path in the
presence of constant unknown ocean current disturbances, it employs a nonsingular
path variable update law and a guidance law designed to reject these disturbances using
an ocean current observer, this approach is resulting in globally asymptotically stable
and locally exponentially stable path following errors [4]. Another work focuses on
the problem of enabling unmanned marine vessels to autonomously follow a path, even
when faced with unexpected ocean currents. It presents an approach that builds upon
prior findings on the path following by incorporating a virtual Serret-Frenet reference
frame that is based on the intended path. The suggested closed-loop system,
comprising an ocean current observer, a guidance law, a controller, and an update law
for the Serret-Frenet frame, has been proven to be uniformly globally asymptotically
stable. The theoretical conclusions have been confirmed through simulation results [5].
Another study presents a PID controller that is designed to accurately track waypoints
of hovering autonomous underwater vehicles. The controller is specifically tailored to
follow arbitrary waypoints that are constructed as surveillance channels for offshore
plant building. The controller consists of vertical and horizontal plane controllers.
Simulation results confirm the controller's efficacy in accurately following all
waypoints within a 1-meter error margin [6]. A separate study introduces a nonlinear
adaptive controller designed to dynamically position and track waypoints for
underactuated AUVs under environmental disturbances and uncertain parameter
modeling. Initially developed at the kinematic level with assumed knowledge of ocean
current perturbation, the controller utilizes an exponential observer for current
estimation and incorporates integrator backstepping and Lyapunov-based techniques
to handle modeling uncertainties in dynamic scenarios [7]. Another study proposes a
robust control method for dynamically positioning and tracking waypoints of
underactuated AUVs. The design of the controllers utilizes sliding mode control
techniques to enhance their robustness [8]. In addition, another study introduces a
novel method, deep interactive reinforcement learning, which combines deep
reinforcement learning(RL) and interactive RL to enhance the AUV path following.
Additionally, a method is proposed to learn from both human and environmental
rewards simultaneously. Simulation results show that the approach achieves faster
convergence than traditional deep Q-network learning with only environmental

rewards. Moreover, it matches or surpasses the performance of deep interactive RL,



demonstrating adaptability to real-world environments [9]. In another study, it seeks
to address the problem of trajectory tracking control for Autonomous Underwater
Vehicles (AUVs) by enhancing deep reinforcement learning (DRL). The DRL
methodology employs a pair of neural networks, one network is responsible for
selecting actions, while the other network assesses the accuracy of these actions using
deep deterministic policy gradient. These networks, which consist of numerous layers
that are fully coupled, surpass typical PID control in accurately achieving trajectory
tracking for AUVs that navigate intricate bends [10]. Additionally, another study
introduces using nonlinear iterative sliding mode incremental feedback and the Serret-
Frenet coordinate system. This approach effectively reduces overshoot and achieves
precise horizontal path tracking for AUVs [11]. A sliding mode control law is
developed and tested to guide underactuated autonomous surface vessels along
trajectories. This control law utilizes first-order sliding surfaces for surge tracking
errors and second-order ones for lateral motion tracking errors, which is ensuring
precise position tracking while constraining rotational motion [12]. Another study
introduces using a second-order sliding-mode controller to stabilize AUVs in the face
of modeling errors and environmental perturbations for path-following missions. This
control architecture compensates for uncertainties in the vehicle's hydrodynamic
modeling parameters well [13]. Another work presents a strong nonlinear controller
for AUVs, guaranteeing that the vehicles will eventually reach a predetermined path
at a consistent speed. Originally designed as a kinematic controller, it has been
enhanced to incorporate vehicle dynamics through the application of backstepping and
Lyapunov algorithms. The hybrid adaptation technique ensures resilience to parameter
ambiguity [14]. Another research introduces an optimization-based method for
dynamical positioning of underwater vehicles in real-time. The system utilizes a
hierarchical approach that involves two loops: a kinematic loop that uses nonlinear
model predictive control to generate the required velocity, and a dynamic loop that use
neural network model reference adaptive control to assure accurate velocity tracking
even in the presence of uncertainties [15]. A separate study suggests a control approach
for accurately following a desired trajectory and course with underactuated underwater
vehicles. A control approach utilizing feedback linearization is devised. The method
effectively addresses external disruptions such as ocean currents and is verified using

Lyapunov analysis, showcasing global exponential stability [16].



In this study, the problem of path following was approached by developing an
estimation algorithm to accurately determine the states of the AUV. Subsequently,
autopilots were created and ultimately guidance laws were enacted. Various
techniques have been discovered in this particular situation to choose the appropriate
state estimation, guidance, and control algorithm to employ. These methods can be

succinctly mentioned.

1.3.1 Review of state estimation studies

Firstly, a research introduces a new technique that utilizes a high-gain observer to
accurately estimate the 3D water current velocities surrounding an AUV. The observer
determines current velocities by comparing ground-measured vehicle velocities with
model-based estimates. The utilization of real-time model identification guarantees the
ongoing updating of the AUV model. The results demonstrate enhanced accuracy in
current estimation compared to earlier methodologies, hence improving
comprehension of the dynamics of underwater vehicles[17]. Another work presents a
novel navigation approach designed specifically for AUVs by using the Unscented
Kalman Filter (UKF). This approach provides improved precision in calculating
vehicle velocity, which is vital for AUVs that operate without global positioning
system (GPS) signals in underwater. The proposed technique has been effectively
validated by experimental tests which are done during sea trials with Typhoon AUVs.
These tests have shown promising results in accurately calculating vehicle dynamics
for underwater exploration and surveillance missions [18]. Another study
demonstrates cooperative localization and sea current estimate with numerous AUVS.
To address the buildup of localization errors caused by sea currents, the study presents
a navigation algorithm that allows numerous AUVs to estimate their navigation states
while also estimating unknown sea currents. The approach combines the UKF with the
linear Kalman filter [19]. Another research describes a reliable docking method for
AUVs that can deal with unknown water currents. It assumes there is no onboard
velocity sensor and utilizes a USBL mechanism to navigate to a stationary underwater
docking station. An EKF calculates the water current and vehicle states [20]. Finally,
a research describes a novel method for counteracting ocean currents in the navigation
of AUVs. The method employs an EKF to estimate both the AUV state and water
currents, which are then used in a modified heading controller to generate a current

compensated desired heading [21]. A new study presents a novel UKF that is



specifically developed to accurately estimate the direction and magnitude of marine
currents, as well as the navigation states of an AUV. The authors confirm this filter,
which is an extension of a previously developed UKF, using data from onboard sensors
of the MARTA AUV collected during sea trials [22].

1.3.2 Review of control law studies

First, many methods have been used to control AUVs. When these methods are
examined, the following studies emerge. Firstly, a study introduces a disturbance
observer-based model predictive control system for underactuated AUVSs, dealing with
unknown water current disturbances. By estimating the water current velocity
component and external forces using a high-gain observer, a nonlinear model
predictive controller is designed by taking into input constraints account [23]. A
different study reveals a new Lyapunov-based model predictive control (LMPC)
framework for the trajectory tracking of AUVs. It optimizes tracking performance
while accounting for practical constraints such as actuator saturation and thrust
allocation. The LMPC framework ensures stability with theoretical assurances and
enhances robustness by adopting receding horizon implementation [24]. Another work
utilizes robust sliding mode control for AUV, addressing modeling uncertainties and
environmental disturbances. The proposed control theory demonstrates encouraging
tracking performance in simulations with the actual AUV system [25]. Another study
introduces an adaptive fuzzy sliding mode with a Proportional integral derivative
(PID) sliding surface for depth control of an AUV. This approach addresses the
chattering effect and enhances trajectory control through self-tuning techniques. The
stability analysis confirms closed-loop dynamic stability, and simulations demonstrate
improved tracking performance compared to traditional PID-based sliding mode
control, especially inthe presence of external disturbances [26]. Another work presents
a robust control approach for process systems that include both stable and unstable
outputs. It specifically deals with input limitations and control regions. The system
employs a LQR to control system outputs and a robust MPC to control output
setpoints. This guarantees that the outputs stay within their assigned zones and
enforces restrictions on inputs. The simulation results on a simplified industrial
process validate the effectiveness of the proposed technique [27]. A different study
explores using cuckoo search to optimize weighted matrices in LQR controllers for

AUVs. Cuckoo search efficiently discovers optimal matrices, improving the trajectory



tracking performance of AUVs [28]. A new study presents a detailed model and
control approach for a hybrid AUV that takes into account both propelled and gliding
modes of movement. An LQR is constructed and implemented on the nonlinear model
using a linearization approach, which guarantees precise trajectory tracking even in
the presence of underwater currents. The simulation results clearly show that the
controller is highly effective, since it can autonomously switch to optimize both
tracking error and energy usage [29]. Another study introduces a streamlined control
technique for directing an AUV along a predetermined trajectory in three dimensions.
The linear time-variant state-space model is obtained by linearizing the dynamics and
kinematics model of the AUV's 6 degrees of freedom around the intended trajectory.
Afterward, an LQR is formulated using this linear model and implemented on the
nonlinear system to achieve trajectory tracking. The simulation findings validate the
efficacy of the linear control method in several trajectory maneuvers, such as helical,
saw-tooth, and 3D Dubin's route patterns [30]. Another study represents a control
methodology for AUVs aimed at minimizing resistance in the vicinity of the ocean
surface, where disturbances are more noticeable. A longitudinal resistance model is
developed by using indicators such as pitch angle, heave displacement, driving energy,
and additional resistance. An LQR controller, enhanced by the use of a genetic
algorithm, is specifically designed to achieve stability in positioning and reduce energy
usage. The simulation analysis validates the effectiveness of the proposed technique
[31].

1.3.3 Review of guidance law studies

The previous sections of the thesis established the development of guidance algorithms
to execute the path-following task. Upon examining the literature, various forms of
these algorithms are observed. This section will provide a concise overview of various
strategies. First of all, a study introduces a nonlinear adaptive line-of-sight path
following controller for underactuated AUVs operating in ocean currents. First, it
creates a new kinematic model to make it easier to build guidance laws. Second, it
offers an adaptive guidance law that uses a current observer to change the vehicle's
sideslip angle during curved-path following. The planned current observer ensures the
indirect elimination of course angle inaccuracy [32]. Another work offers an unusual
nonlinear ALOS guidance law for path following that may compensate for drift forces

induced by external factors such as ocean currents. It operates similarly to classical



ILOS and adaptive ILOS guidance laws under virtually constant sideslip angles but
outperforms them when adjusting for rapidly changing sideslip caused by time-varying
disturbances. An input-to-state stable reduced-order extended state observer, known
as the estimation of line of sight (ELOS) guidance law, is also added to calculate the
LOS crab angle. The simulation results compare the performance of the ALOS, ILOS,
and ELOS guidance laws under various scenarios with a Remus 100 AUV [33].
Another study presents two adaptive path-following controllers for marine crafts that
use hydroacoustic relative velocity measurement. The first is an indirect adaptive
controller that uses a disturbance observer to estimate and compensate for ocean
currents, this is resulting in stability and precise drift estimates. The second is a direct
adaptive integral line-of-sight controller that shows global convergence in the cross-
track error. Both controllers are suitable for surface vessels and autonomous
underwater vehicles [34]. Another control approach is developed for underactuated
underwater vehicles to effectively navigate horizontal pathways in the presence of
vertical ocean currents. The system incorporates the conventional LOS guidance
law with integral action and utilizes three adaptive feedback controllers to effectively
counteract disturbances. By simplifying the design challenge, it becomes possible to
achieve an efficient path following horizontal straight-line trajectories, as confirmed
by the results of simulations [35]. Another study presents a control method aimed at
guiding underactuated marine surface vessels along predefined paths, even in the
presence of ocean current disturbance. The traditional LOS guidance law is enhanced
by incorporating integration action and utilizing adaptive feedback controllers to
counteract environmental disturbances. By doing analysis, it is shown that this method
guarantees a global asymptotic trajectory that follows straight routes, even when there

are constant and non-rotational ocean currents [36].

1.4 Dissertation Overview

The general structure of the thesis can be explained as follows, chapter 1 is an
introduction chapter, and in this chapter, the literature review and the scope of the
study are mentioned. In Chapter 2, the dynamic model used and the developed sensor
models are mentioned. In Chapter 3, state estimation and the design of EKF are
mentioned. In Chapter 4, the controller developed is mentioned in detail. In Chapter 5,

guidance laws developed are mentioned. In Chapter 6, the tests performed to test these
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developed algorithms and the results obtained are mentioned. In the last chapter,

chapter 7, the overall study is mentioned and the results obtained are mentioned.
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2. DYNAMICAL MODEL OF REMUS-100

This part will cover the characteristics of the vehicle used, the dynamic model of the

vehicle, and the derived sensor models.

2.1 Properties of Remus-100

The Remus-100 AUV, produced by Hydroid Inc., is the highest point in marine
exploration technology, integrating state-of-the-art innovations with practical
adaptability. The Remus-100 is specifically designed to operate autonomously and is
highly proficient in a wide range of oceanographic tasks, including marine research
and environmental monitoring. The modular design of the system enables easy
integration of different sensors and payloads, allowing for customized configurations
to fulfill specific mission goals. The Remus-100 showcases exceptional performance
in underwater navigation, data collecting, and analysis, thanks to its advanced
navigation systems and sensing technology. The modest size of this device guarantees
its portability and convenience of use, allowing researchers and operators to initiate
missions from various platforms such as research vessels, small boats, and even
directly from shorelines. The Remus-100 is an essential tool for exploring and
comprehending the intricacies of the ocean depths because of its wide range of uses in
marine biology investigations, offshore infrastructure inspection, underwater

mapping, and search and rescue operations [37].

Figure 2.1 : Remus-100 [37].
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The dimensions of the REMUS-100 used in this study are given in Table 2.1 [37].

Table 2.1 : Dimensions of Remus-100 [37].
Dimensions of REMUS-100

Diameter 19 cm
Weight 37 kg
Max Depth 100 m

The sensors of REMUS-100 used in this study is given in Table 2.2.

Table 2.2 : Sensors of Remus-100.

Sensor Name Description of Sensor
IMU Inertial measurement Measures angular velocity and
unit acceleration
USBL Ultra-short baseline Jeasuresggpition gfggtlV in

inertial frame as x, y

Measures body velocity

DVL Doppler velocity log components of AUV

Compass  Tilt and yaw compass Meaz s pltcgzr{(j yaw angle of

DS Depth sensor Measures depth of AUV

Speed through water
(STW) measurement
model

STW
Model

Measures speed through water of
AUV

2.2 Dynamical Model of Remus-100

In this study, a dynamic model was not developed from scratch, an already-developed
dynamic model was used. To briefly talk about this model, it is a Matlab function [38].
The inputs to the model are as follows: AUV's current states, current control inputs,
sea current velocity, and sea current direction. This model outputs the time-dependent
change of AUV states and the speed of the AUV. This situation can be easily seen in
figure 2.2 below. In this figure, x represents states of AUV, x’ represents time

derivative of AUV states and U represents speed of AUV.
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Figure 2.2 : Represenatation of dynamical model.

Below, the states of the dynamic model and the system inputs are shown, respectively.

(2.1)

CFOIENLRYIQT S

Sy
‘ (2.2)

In the above equations, u, v, w respectively represent the body velocity components.
The angular velocities of the AUV are denoted by p, g, r. The position of the AUV is
indicated by x, y, z. The Euler angles of the AUV are denoted by ¢, 8, ¥. Acceleration
components are also denoted by a,, a,, a,. Inaddition, &,., 8, n represent rudder angle,

stern plate angle and revolution of motor respectively.

2.3 Sensor Modelling

This section will address incorporating a sensor model to simulate the output of sensor

data from state components that are outputs of the dynamic model. Dynamic model
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outputs are regarded as the most accurate representation of real dynamic systems, in
other words, they are called as ground truth. However, not all of these states can be
directly measured and the available measurements are often subject to significant
noise. Therefore, it is necessary to build sensor models that can effectively capture and
monitor these noise effects in the dynamic model outputs. The primary cause for this
can be elucidated as follows: For the algorithms to be utilized and evaluated in
practical systems, they must be subjected to real-world settings.

When constructing the sensor model, a straightforward approach was employed. In
summary, white noise was introduced to the dynamic model outputs to align with the
sensor characteristics. By simulating a genuine test environment, the algorithms were
subjected to more realistic conditions for testing.

Firstly, measurements of angular velocity and acceleration components will be defined

as follows in equation 2.3, equation 2.4, equation 2.5, equation 2.6, equation 2.7 and

equation 2.8.

Ay, =y +N(0,02) + bgec (2.3)

a, = a, +N(0,08:) + bgec (2.4)

a, = a; + N(0,0Z:)+ bacc (2.9)

Pm =D + N(,0Zyr) (2.6)

Gm = q + N(0,05yr,) 2.7)

Tm =7 + N(0,08y) (2.8)

Ogce = 0.01 m/s? (2.9)

Ogyro = 0.001 rad /s (2.10)

bgee = 0.1m/s? (2.11)

In above equations a,, ay,,a, p,q,r represent the states of dynamical model of
Remus-100. N (0, 62,.) represents white gaussian noise with zero mean and variance

of 6Zcc. ay, ,a, ,a, represent acceleration measurements that are the outputs of
m m m
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accelerometer sensor model. p,,, qm. 1 represent angular rate measurements that are
the outputs of gyroscope sensor model. N (O, ajym) represents white gaussian noise
with zero mean and variance of 67,,.4. Ogcc » O4yro represent standard deviation of
measurements of accelerometer and gyroscope respectively. Finally, b,.. represents
bias of accelerometer. In addition, these measurements are taken by IMU which

consists of accelerometer and gyroscope.

Now, the measurements of position components which are taken by USBL and DS

will be defined as follows in equation 2.12, equation 2.13 and equation 2.14.

Xm =X + N(0, 05sp,) (2.12)
Ym =y +N(0,05sp,) (2.13)
Zm =z + N(0,055) (2.14)
OuspL = 2M (2.15)

ops = 0.01m (2.16)

In above equations x, y, z represent the position states of dynamical model of Remus-
100. N(0, o4gp,) represents white gaussian noise with zero mean and variance of
osp- N(0, 055) represents white gaussian noise with zero mean and variance of 3.
Xm» Ymo ZmYepresent position measurements that are the outputs of USBL and depth
sensor model. oysp;, 0ps represent standard deviation of USBL and depth sensor

measurements respectively.

In addition, the measurements of body velocity components which are measured by

DVL will be defined as follows in equation 2.17, equation 2.18 and equation 2.19.

Uy =u + N(0,05,,) (2.17)
U =v +N(0,05y,) (2.18)
Wi =W + N(0,05y,) (2.19)
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opyr, = 0.2m/s (2.20)

In above equations u, v, w represent the body velocity states of dynamical model of
Remus-100. N (0, o3, ) represents white gaussian noise with zero mean and variance
of 63y, Um, Vm, Wi represent body velocity measurements that are the outputs of DVL

sensor model. oy, represents standard deviation of DVL measurements.

Additionally, the measurements of pitch and yaw angle components which are

measured by compass will be defined as follows in equation 2.21, equation 2.22.

0, =6 +N(O, O'c?ompass) (2.21)
Yn=%+N(, Uczompass) (2.22)
Ocompass = 0.01 rad (2.23)

In above equations 8, ¥ represent the pitch and yaw angle states of dynamical model
of Remus-100. N (0, 0Zmpass) Fepresents white gaussian noise with zero mean and
variance of 6%,,pass- Om, ¥ represent pitch and yaw angle measurements that are the
outputs of compass sensor model. o.ompqss represents standard deviation of compass

measurements.

Finally, the measurement of STW component which are measured by STW model will
be defined as follows in equation 2.24. As it is understood from equation 2.24, STW
component are directly related to revolution per minute (RPM) value of propeller of
AUV.

Sm =0.001674521672131*RPM+N (0, ary,) (2.24)

osrw = 0.05m/s (2.25)

In above equations s,,, represents the measurement of STW component of Remus-100.
N(0,0%,,) represents white gaussian noise with zero mean and variance of gZ-,.
RPM represents revolution per minute value of propeller of AUV. agpy, represents
standard deviation of STW measurements. The correlation between RPM and STW is

seen in Figure 2.3.
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Figure 2.3 : Measurement model output and ground truth component of speed
through water.

In Figure 2.3, the measurement model of speed through water and ground truth which
is the speed of the AUV are seen easily. It concludes that the measurement model
shows speed through water phenomena of the AUV reliably. This model output was
obtained by testing with zero current disturbance and a constant commanded yaw

angle.

19






3. STATE ESTIMATION OF REMUS-100

Initially, AUVs are employed in several sectors including military, defense, oil and
gas exploration, underwater pipeline mapping, search operations for lost ships and
airplanes, and investigation of underwater archaeological sites. These application
domains encompass a significant issue that necessitates precise resolution. This issue
is commonly referred to as localization or navigation. Navigation algorithms
determine the precise location and orientation of the vehicle at any given moment.
Furthermore, navigation serves as the input for the autopilots of underwater systems.
In this particular context, it is crucial to precisely estimate and measure these inputs.
As the autopilot relies on the vehicle's states and orientations as its reference values,
these values must be accurately inputted into the autopilot. Furthermore, if an
unmeasured state is to be utilized as an input for the autopilot, it is imperative to
estimate this state. Furthermore, for the autopilot to create accurate outputs, it is
necessary to eliminate noise from the measurement data produced by the sensor

models. This can be achieved by the use of Kalman filters.

In addition, navigation in underwater vehicles poses challenges due to the inability of
GPS waves to penetrate underwater. Therefore, it is imperative to devise an alternative
solution in the absence of GPS. Various sensors, underwater acoustic positioning
systems, and state estimation filters such as EKF, UKF, and Particle Filters can be used
to estimate the system states of the underwater vehicles. Furthermore, these vehicles
are subjected to current disturbance while operating underwater. This disturbance can
pose significant challenges in docking operations where precise positioning is crucial,
as well as in military applications or long-term missions like mapping. This study
presents a solution approach to the topic at hand. The position components, velocity
components, acceleration components, Euler angles, angular rates, and sea current
components of the AUV will be estimated. The sensors to be utilized for these
estimations include USBL, IMU, compass, and DVL. The Extended Kalman filter will
be employed as the estimating technique because of its suitability for nonlinear

systems, high accuracy of estimation, adaptability, and simplicity.
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3.1 Extended Kalman Filter

In this section, EKF will be mentioned and how this filter is used in this study. EKF is
widely used for estimating the state in a range of industries, such as robotics, aircraft,
and autonomous vehicles. The main goal of state estimation is to deduce the internal
state of a dynamic system using sensor measurements that may contain noise, as well
as potentially incomplete information of the system's dynamics. EKF achieves
exceptional performance in this task by the iterative estimation of the system's state,
employing a combination of prediction and update processes. EKF is used in state
estimation applications to represent the system's evolution over time using a series of
nonlinear equations, typically derived from physical laws or dynamic models.
Subsequently, they integrate disruptive sensor measurements to revise the state
estimations, progressively enhancing the prediction and augmenting their accuracy as
time progresses. The iterative nature of this process allows the EKFto generate
reliable and precise estimates of the system's state, even when there are uncertainties
and sensor noise present. Consequently, the Extended Kalman Filter is extensively
employed in various fields, including satellite navigation and localization and mapping
in mobile robots. In these applications, accurate state estimation is essential for

autonomous operation.

3.1.1 Estimation procedure of EKF

EKF algorithm comprises two primary components, namely the prediction stage and
the update stage. The equations for each of these stages will be provided in the order

they are mentioned[39].

X = fk—1(9?l-<l-—1»uk—1: 0) (3.1)

Pk_ = Fk_lplj_leT_l + Lk—le—1L£—1 (32)

The prediction stage can be represented by the processes in equation 3.1 and equation
3.2. ®}_, represents previous state estimation, X, represents state prediction, u;_4
represents model input, f;_4 System evolution equation. P, represents state covariance
prediction, F,_, represents process model Jacobian matrix, P;_; represents previous
state covariance estimation, L,_; represents process noise model Jacobian matrix,

Qy—1 represents covariance matrix of the process noise. The update stage can be
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represented by the processes in equation 3.3, equation 3.4, equation 3.5, equation 3.6

and equation 3.7.

oh
Hk = _k|
0x R
ohy
k™ ov 2

Ki. = P Hg (Hy P Hi + MR M) ™
At a— A
2= 2p + K|y — he (R, 0))]

(3.3)

(3.4)

(3.5)

(3.6)

(3.7)

H;, represents Jacobin matrix of the measurement function, M, represents Jacobian

matrix of the measurement noise function, R, represents covariance matrix of

measurement noise, K, represents Kalman gain. X, represents state update, yy

represents measurement vector, h; represents measurement function. P]:- represents

state covariance update and I represents identity matrix.

3.1.2 Estimated states

Firstly, there are 14 states that will be estimated by EKF in this study. These states can

be seen as follow.

T nw =m

=)
Il

(3.8)

Inabove equation, X represents estimated states, E, N represent east and north position

respectively, s represents speed through water, ¢, 8, ¥ represent roll, pitch and yaw
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angle respectively, Cg, Cy represent sea current velocity component through east and

north direction respectively. u, v represent body velocity component with respect to x

and y axis respectively. a,, a, represent acceleration component with respect to x and

y axis respectively, b represents accelerometer bias and r represents yaw rate

component of AUV.

3.1.3 Detailed design of EKF

Now, the details of state estimation with EKF will be given. Firstly, state prediction

equations were determined as follows.
E(k) = E(k—l) + S(k—l) . Sil’l(l/)(k_l)) - At + CE(k—l) <At
N(k) — N(k—l) + S(k—l) . COS(l/}(k_l))At + CN(k—l) - At

S(k) = S(k-1)

Q) = @ 1) + ( ~
(k) (k-1) 7. COS(@(k_1)) : tan(e(k—l))

Oy = Ok-1) + (‘7 - cos(@-1)) — 7 Sin((b(k—n)) At

sin(®(k_1)) L cos((b(k_l))) At

= _ -|- a - r.
l’b(k) ¢(k D <q cos(H(k_l)) cos(e(k_l))

Cegy = Cryny
Chgy = CNgeny
Uy = Ue—1) T Ax vy <At
V) = V(k-1) T ay(k_l).At
xay = xge-)

ay(k) = aY(k— 1)
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p+q- sin((b(k_l)) . tan(H(k_l)) +> At

(3.9)

(3.10)

(3.11)

(3.12)

(3.13)

(3.14)

(3.15)

(3.16)

(3.17)

(3.18)

(3.19)

(3.20)



bky = bek-1) (3.21)

Ty = Tk-1) (3.22)

Equation 3.9 and equation 3.10 represent state prediction equations of North-East
position states. At represents time step for whole simulation, which is 0.01 second.
Equation 3.11 represents state prediction equation for STW. Equation 3.12, equation
3.13 and equation 3.14 represent the state prediction equations for Euler angles states
of AUV. p,q, 7 represent roll, pitch and yaw rate measurements and these are
uy_, components that was defined in equation 3.1. Equation 3.15 and equation 3.16
represent the state prediction equations for sea current estimation. Equation 3.17 and
equation 3.18 represent the state prediction equations for body velocity component of
AUV. Equation 3.19, equation 3.20 and equation 3.21 represent the state prediction
equations for acceleration and accelerometer bias. Finally, equation 3.22 represents

the state prediction equation for yaw rate estimation.

Now, initial state estimation x, initial state covariance P matrix, state covariance
matrix of the process noise Q matrix and covariance matrix of measurement noise R

will be defined as follows.

o
O\OO

(3.23)

OSSO O OO OO OO OO

P = diag(100,100,2.25,1.6 * 103, 1.6 1075,

0.16,0.1,0.1,0.1,0.10,1,1, 1,0.0001) (3.24)

Q = diag(2.5%1077,25%x1077,1075,1078,2.5 x 1077, (3.25)
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25%107%,1078,1078,25%1077,25%x 107,25 « 1077,

2.5%1079,4,2.5 * 1077)

R = diag (200, 200,0.0125,0.001, 0.001,

8,8,0.0010,0.0010,0.000010) (3.26)

In above, the initial state estimate is represented in equation 3.23, the initial state
covariance is represented in equation 3.24, the process noise covariance is represented
in equation 3.25 and the measurement noise covariance is represented in equation 3.26.
Finally, “diag” keyword is used to define diagonal matrix, since these matrices are

14x14 diagonal matrices.

All equations have been given so far and the details of the prediction stage have also
been mentioned. The measurement data used in the prediction stage was only the
angular rate data measured from the gyroscope. In the update stage, data produced by
other sensors will be used. Now, the update stage will be briefly mentioned and then
the state estimation test scenario and results will be mentioned. The measurements that

were used in update stage can be seen below.

(3.27)

I R ED0n =2 m

Q
<

<

In equation 3.27, the measurement vector y is seen. E, N are measured by USBL, s is
measured by STW model. 8, ¥ are measured by compass and u, v are measured by
DVL. Finally, ay,a,,r are measured by IMU. Thus, all measurement components
used in the update stage are obtained. Afterwards, the H matrix defined in the EKF

equations will be defined as below.

The size of H matrix will be 10x14 since there are 10 measurements and 14 states.
Additionally, H matrix was obtained by finding Jacobian matrix of measurement

function as defined in equation 3.3. This matrix can be seen in equation 3.28 below.
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10000000000000
01000000000000
00100000000000
00001000000000
y—|00000100000000

00000000100000 (3.28)
00000000010000
00000000001010
00000000000110
00000000000001

As a result, all EKF equations have been explained so far and the contents of the
matrices in the equations have been mentioned in detail. In the last section, testing of

the EKF algorithm and the obtained states will be mentioned.

3.1.4 State estimation results

In this section, testing of the EKF algorithm and the obtained states will be discussed.
First, it is necessary to briefly mention the scenario in which EKF was tested. In the
figure below, itis simply seen how an AUV moves when it is not exposed to the current
and when it is exposed to the current, these two paths are scenarios in which the AUV

is controlled by giving a fixed yaw command.
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Figure 3.1 : Testing scenario for EKF design.
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The following figures are estimations of the states of the AUV exposed to 0.4 m/s sea
current. These state estimations are the outputs of EKF. First, position estimations of

AUV can be seen in figure 3.2 below.
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Figure 3.2 : Position estimations of AUV.

In figure 3.2, the position estimation, sensor measurements of USBL and ground truth
which is output of dynamical model can be seen. Position estimations were used in
guidance algorithms as input, therefore, these quantities must be estimated well. When
the figure is examined, it can be seen that the noise of the sensor measurements of
USBL has been significantly reduced. In this case, it shows that EKF fulfilled its duty.
The other state that was estimated is STW, the STW estimations of AUV can be seen

in figure 3.3 below.
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Figure 3.3 : Speed through water estimation.
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In figure 3.3, the STW estimation, measurement and ground truth which is output of
sensor model are shown. STW estimations are used in position estimation as well in
EKF, therefore, this must be estimated well. When the figure is examined, it can be
seen that the noise of the sensor model of STW has been significantly reduced. In
addition, Euler angles were estimated and these estimations of AUV can be seen in

figure 3.4 below.

Roll Angle

Time(s)
Pitch Angle

gle(rad

Pitch Ar

Figure 3.4 : Euler angles estimations.

In figure 3.4, the roll, pitch and yaw angle estimations, measurements and ground truth
components which are the output of dynamical model are shown. Euler angle
estimations were used in autopilots as input, therefore, these must be estimated well.
When the figure is examined, it can be seen that the roll angle is estimated very well
although the roll angle was not measured directly, it was estimated quite well even
with the data taken from the gyroscope. since there is no measurement update for roll
angle has been significantly reduced. In addition, when the estimations of other Euler
angles are examined, the measurements of the pitch angle and yaw angle are quite
noisy data, if these were fed directly as input to the autopilots, the autopilots could be
led to instability. However, when the estimations with EKF output are examined, it is
seen that the estimations are free from sensor noise and are quite similar to ground
truth. In this case, these outputs can be easily used on autopilot. In this case, it can be
concluded that EKF has fulfilled its expected duty. In addition, current velocity
components were estimated and these estimations of AUV can be seen in figure 3.5

below.
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Figure 3.5 : Current velocity estimations.

In figure 3.5, the current velocity components estimation and ground truths can be
seen. When the figure is examined, it can be concluded that the current velocity
estimation process has been successfully completed and the estimation results are quite
similar to ground truth. In addition, body velocity components were estimated and

these estimations of AUV can be seen in figure 3.6 below.
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Figure 3.6 : Estimation of body velocity components.

In figure 3.6, body velocity estimations, measurements and ground truth components
which are the output of dynamical model are shown. When the figure is examined, it
can be concluded that the body velocity estimation process has been completed

successfully, because the resulting estimation outputs have less noise than sensor
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measurements, and these estimation results are quite similar to ground truth.
Additionally, acceleration components and bias were estimated and these estimations

can be seen in figure 3.7 below.
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Figure 3.7 : Estimation of accelaration and bias components.

In figure 3.7, acceleration and bias estimations, measurements and ground truth
components which are the output of dynamical model are shown. When the figure is
examined, it can be concluded that the acceleration and bias estimation process has
been completed successfully, because the resulting estimation outputs have less noise
than the sensor measurements, and these estimation results are quite similar to ground
truth. Additionally, the sensor bias has been estimated very well. Finally, yaw rate was

estimated and this estimation can be seen in figure 3.8 below.
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Figure 3.8 : Estimation of yaw rate.
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In figure 3.8, yaw rate estimation, measurement and ground truth component which is
the output of dynamical model are shown. When the figure is examined, it can be
concluded that the yaw rate estimation process has been completed successfully,

because the resulting estimation output has less noise than the sensor measurement.

As a result, the inputs to be used in autopilot and guidance were estimated using EKF.
In this way, the realism of the study is increased, because, in real-life problems, there
are unmeasurable states of the AUV, and the measurable states are already quite noisy.
Thanks to EKF, unknown states are estimated and noise levels are reduced in known

state measurements.

Now, the performance of EKF's estimations will be examined in more detail. In this
context, the diagonal elements of the P matrix, which is the state estimation covariance
matrix, will be examined. In order to understand that EKF performs proper estimation,
we need to see that these covariance elements converge to a certain value after a certain
period of time. In addition, the state estimation error must remain between these
covariance values. In other words, standard deviations are obtained by taking the
square root of the covariance elements obtained from the diagonal elements of the P
matrix. Afterwards, it will be seen that the state estimation error is between +3 times
these standard deviations. As a result, if the state estimation error falls between this
+3c channel, it is concluded that EKF performs well when estimating good states.
Figure 3.9 shows the +3c channel obtained from state covariance matrix P and position

estimation error.
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Figure 3.9 : Position estimation error.
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It can be seen in Figure 3.9 that the position estimation error remains within the +3c
channel and it is also seen that the P matrix element converges to a certain value
stably. This means that the state estimation is done properly. Figure 3.10 shows the

+3c channel obtained from state covariance matrix P and speed through water

estimation error.
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Figure 3.10 : Speed through water estimation error.

It can be seen in Figure 3.10 that the speed through water estimation error remains
within the £3c channel during its whole operation and it is also seen that the related P
matrix element converges to a certain value. This means that the state estimation is
done properly. Figure 3.11 shows the +3c channel obtained from state covariance

matrix and Euler angles estimation error.
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Figure 3.11 : Euler angles estimation error.
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It can be seen in Figure 3.11 that the Euler angle estimation error remains within the
+30 channel and it is also seen that the P matrix element converges to a certain value.
This means that the state estimation is done properly. Figure 3.12 shows the +3c
channel obtained from state covariance matrix P and current components estimation

error.
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Figure 3.12 : Current components estimation error.

It can be seen in Figure 3.12 that the current components estimation error remains
within the £3c channel and it is also seen that the P matrix element converges to a
certain value. This means that the state estimation of current components is done
properly. Figure 3.13 shows the +3c channel obtained from state covariance matrix

and body velocity estimation error.
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Figure 3.13 : Body velocity estimation error.
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It can be seen in Figure 3.13 that the body velocity estimation error remains within the

+30 channel and it is also seen that the P matrix element converges to a certain value.

This means that the state estimation is done properly. Figure 3.14 shows the +3c

channel obtained from state covariance matrix, acceleration and bias estimation error.
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Figure 3.14 : Accelaration and bias estimation error.
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It can be seen in Figure 3.14 that the acceleration and bias estimation error remains

within the +36 channel and it is also seen that the P matrix element converges to a

certain value. This means that the state estimation is done properly. Figure 3.15 shows

the £3c channel obtained from state covariance matrix P, yaw rate estimation error.
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Figure 3.15 : Yaw rate estimation error.
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It can be seen in Figure 3.15 that the yaw rate estimation error remains within the 3¢
channel and it is also seen that the P matrix element converges to a certain value. This
means that the state estimation is done properly. As a result, state estimation results
have been mentioned so far. The errors of the state estimations were calculated, while
calculating these errors, the ground truth values were subtracted from the estimation
value, and in this way, how many errors were made in the estimation process was
calculated. Additionally, the relationship between the estimation error and the standard
deviation channels obtained from the state covariance matrix was shown. In addition,
it was observed that the values of the state covariance matrix converged to a certain

value for each element. With these results, it was seen that EKF was working stably.
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4. CONTROL OF REMUS-100

In this chapter, the controllers developed in this study will be mentioned. First, the
LQR controller was used as the final controller. In this context, the development
process, methodology and testing process of the controller will be mentioned in the

following subchapters.

4.1 Linear Quadratic Regulator

LQR control is a prevalent method in control systems engineering that is employed to
create optimal feedback controllers for linear dynamic systems. The main goal of LQR
control is to minimize a quadratic cost function that captures the system's performance
requirements, such as control effort and state variances, over a finite or infinite time
period. LQR control integrates optimal control theory with linear system dynamics to
calculate control inputs optimizing system performance while adhering to prescribed
restrictions. The basis of LQR control is rooted in the Linear Quadratic Regulator
problem, which entails solving a system of coupled differential Riccati equations to
ascertain the ideal state feedback gain matrix. The gain matrix determines the control
strategy that minimizes the cost function while guaranteeing the stability and resilience
of the closed-loop system. LQR control offers a systematic approach to creating
optimal controllers using mathematical optimization concepts, in contrast to classic
control systems like PID control which rely on heuristic modifying of control
parameters. The LQR control algorithm is utilized in a wide range of industries, such
as aerospace, automotive, robotics, and process control. Its primary purpose is to
accurately regulate the dynamics of a system in order to achieve certain performance
goals. The efficacy of this system is derived from its capability to manage intricate
systems with multiple variables and adjust to evolving operating conditions using
online parameter estimates and model predictive control methodologies. As a result,
LQR controllers are a powerful tool for controlling dynamical systems. They are
relatively easy to design and implement, and they can provide good performance in a

variety of applications.
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4.1.1 Theory of linear quadratic regulator

LQR controlleris a fundamental approach in optimal control theory designed
specifically for linear time-invariant (LTI) systems described by state-space

representations defined in the equations below.
x(t) = Ax(t) + Bu(t) (4.1)

y(6) = Cx(t) + Du(t) (4.2)

In equation 4.1, x(t) represents state vector, u(t) represents control input, A represents
state transition matrix, B represents input matrix. In equation 4.2, y(t) represents

output vector, C represents output matrix and D represents direct transition matrix.

LQR is a control technique that creates feedback control laws that minimize a
quadratic cost function. This cost function is a combination of the state and control
input trajectories over a specific time, which can be either finite or infinite. The LQR

problem formulation centers on minimizing the subsequent cost function [40].

J= f(xTQx + uTRu)dt (4.3)
0

In equation 4.3, Q and R are positive semi-definite weighting matrices that indicate
the relative significance of state deviation and control attempts, correspondingly. The
optimal feedback control law for the LQR problem is obtained by solving the

corresponding algebraic Riccati equation as shown below [40].
ATP + PA—PBR™BTP+(Q =0 (4.4)

In equation 4.4, the matrix P represents the solution matrix that is both symmetric and
positive definite. It is commonly known as the state feedback gain matrix. The matrix
P represents the ideal trade-off between state regulation and minimizing control effort.
It determines the feedback control rule as shown in equation 4.5 and equation 4.6
below [40].

K =R 1BTp (4.5)
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u=—Kx (4.6)

In equation 4.5 and equation 4.6, K represents feedback control gain, u represents
control input, x represents the system state. It is important to emphasize that LQR is
intrinsically connected to the ideas of linear system theory, requiring the underlying
dynamical system to be both linear and time-invariant. Linearization around
operational points is required to implement LQR techniques in nonlinear systems. To
summarize, LQR provides a comprehensive mathematical foundation for designing
feedback controllers that optimize system performance while meeting strict stability

and control cost requirements.

4.1.2 Design procedure of linear quadratic regulator

First, the nonlinear model of the Remus-100 AUV is used in this study, but the LQR
control technique is a controller technique that can be applied to linear systems.
Therefore, the system needs to be linearized. This linearization will be done along the
given path throughout the entire operation of the AUV. Numerical linearization
technique was used as the linearization technique. In detail, A and B matrices were

obtained with first order Taylor expansion as described as follows [41].

Firstly, this numerical linearization technique can be applied to any nonlinear model,
especially this approach is used in aircrafts to linearize the aircraft model. The explicit
state equations in equation 4.7 can be expanded using a multivariate Taylor series

around the point (x,,u,) which are equilibrium point or trim point in equation 4.8.

x(t) = f(x(t),u(t)) (4.7)
e of . 0of
X+ 8x = f(x,u,) + a6x + aSu + h.o.t. (4.8)

In equation 4.8, the partial derivative terms represent Jacobian matrices such as % and

perturbations such as &x. Also, h.o.t. represents higher order terms that will be

ignored.

dx = (x — x,) (4.9)
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ou = (u—1u,) (4.10)

In equation 4.9 and 4.10, the terms &x, du are very small. As it is stated earlier that

(x.,u,) are equilibrium points, then the equation 4.11 is obtained.

0=2x = f(xe ue) (4.11)
0 d
ox = é&c + %61}. (4.12)

Equation 4.12 is expressed in the form of the Linear Time-Invariant (LTI) state

equation.
X =Ax + Bu (4.13)

In equation 4.13, x, u represent perturbation from the equilibrium point. However, x
represents precise value of the derivative vector. With the obtained equation form,
Remus-100 may achieve vehicle linearization even during cruising. The dynamic
model outputs provide information about the changes in the states over time, which
can be used to linearize the system.

Next, the initial partial derivatives must be estimated, which form the Jacobian
matrices. The technique of estimating will be demonstrated using a function that
involves only one variable, z, which is equal to g(v). By employing Taylor series

expansions of function g around the point v = v,, these are obtained as follows.

_ ag 2 azg
Z = g(ve + h) = g(ve) + h%(ve) + Eﬁ(ve) + h.o.t (413)
dg
21 = gWe —h) = g(ve) —h—(ve) + - (4.14)

In equation 4.13 and equation 4.14, z; and z_; represent forward and backward
propopagation. From equation 4.13 and 4.14, it can be easily seen that the equation
below is obtained if order h? and higher order terms are ignored. h term represents the

perturbation amount.

ag Z1 - Z—l

Wly=y,  2h (4.15)
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The methodology behind the linearization has been given, now the equations used in
the linearization of Remus-100 will be givenin detail. The outputs of the dynamic
model used are in equation 4.7 format and show the time-dependent change of the
dynamic model states. Using these time-dependent changes, matrices A and B are
found as shown below. Forward and backward perturbation will be defined for A

matrix as x, and x_, according to the point (x,,u,).

x1 = f(xe + hue) (4.16)

x_q = f(x,—hu,) (4.17)
A= of _ M7 X

3%y, oh (4.18)

h = 0.00001 (4.19)

From equation 4.16 , equation 4.17 and equation 4.18, calculation process of A matrix
can be seen. x; and x_; represent forward and backward perturbation for states AUV
and h represents perturbation amount. After obtaining A matrix, B matrix will be
found. To find this matrix, forward and backward perturbation will be defined for B

matrix as u, and u_, according to the point (x,, u,).

u; = f(xe:ue + h) (4.20)

u_1 = f(xeue —h) (4.21)
B of U — Uy

C Ouly=x,  2h (4.22)

From equation 4.20 , equation 4.21 and equation 4.22, calculation process of A matrix
can be seen. It should be noted that A and B matrices were created using the first 12 of
the 15 states defined in equation 2.1. Therefore, matrix A was obtained in size 12x12
and matrix B was obtained in size 12x2 since there are 2 control surfaces. Finally, the
linearization process ended and the A, B matrices required for the design of the
controller were obtained. Additionally, linearization is performed at every step of the

simulation. The problem of path following is converted into a regulation problem by
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finding deviations of system states that need to be controlled. The obtained

LQR control law can be shown in this way as follows simply.

u(t) = —K®)x() (4.23)
() = x(t) = xpep (1) (4.24)

In equation 4.23 and equation 4.24, u(t) is the control input vector, K (t) is feedback

control gain matrix, x,.r(t) represents reference states, x(t) represents state error

vector. The feedback control gain matrix is calculated by minimizing the following

cost function.
ty

M= j(xTQx + uTRu)dt (4.25)
to

In equation 4.25, t,, tr are the initial and final time for the mission respectively. Now

the Q and R weighting matrices will be defined as shown below.

Q =diag(1,1,1,1,1,100,1,1,200,1,1,1000) (4.26)
R—[010
- 0 02 (427)

Finally, the entire process to calculate the coefficients of the LQR controller was
mentioned. MATLAB's Igr function was used when calculating the LQR controller
gain. The coefficients of the controller were updated at each simulation step. In this
context, the depth and heading angle of the AUV were checked. Since the AUV does
not have any control surface to control the rolling angle, the rolling angle is controlled,
already the Remus -100 AUV is an AUV with natural rolling stability. This process

can be seen comprehensively in the figure below.
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Figure 4.1 : General overview of the control architecture.
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The LQR design process has been explained so far, and the performance testing of the

controller will be discussed in the next subsection.

4.2 Testing and Results of LQR

This section will focus on the performance of the developed LQR controller. In this
context, the yaw angle and how it follows will be examined. First, yaw angle following
behavior will be examined. In this context, variable yaw angle command values will

be given and LQR's response to these commands will be examined in Figure 4.2.

Commanded Yaw Angle and Yaw Angle Response - Time
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Figure 4.2 : Commanded yaw angle and yaw angle response of LQR.

In Figure 4.2, when the yaw angle commands are examined, it is seen that there are
yaw angle commands that change at certain moments. LQR, on the other hand, seems
to respond quickly to these commands when considering an underwater system. There

is no oscillation movement around the commanded yaw angle value. Also, steady state
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error is not seen in the yaw angle response. In Figure 4.3, the use of the control surface

while performing these maneuvers will be mentioned.

Rudder Deflection - Time
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Figure 4.3 : Rudder deflection during these maneuvers.

In Figure 4.3, when the use of rudder control surface is examined, very few control
surface is used. As soon as the command came, the full rudder command came and as
it approached the commanded yaw angle, the control surface is used with minimum
deflection. Based on this information, it can be seen that LQR can control the yaw
angle command properly. After examining the LQR's yaw angle response, its response
to depth commands will now be examined. In this context, different depth commands
will be given at different times and the response of LQR to these commands will be
examined. How the AUV fits into the commanded depth profile will be examined.
When the Figure 4.4 is examined, the depth command and the depth of the AUV

despite this depth command are seen.

Commanded Depth and Depth Response - Time

40 T

Figure 4.4 : Commanded depth and depth response of LQR.
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In Figure 4.4, when the depth commands are examined, it is seen that there are depth
commands that change at certain moments. LQR, on the other hand, seems to respond
quickly to these commands when considering an underwater system. There is no
oscillation movement around the commanded depth value. Also, steady state error is
not seen in the depth response. In Figure 4.5, the use of the control surface while

performing these maneuvers will be mentioned.

Stern Plane Deflection - Time
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Figure 4.5 : Stern plane deflection during these depth maneuvers.

In Figure 4.5, when the use of stern plane control surface is examined, it is concluded
that very few control surface is used. As soon as the command came, the full stern
plane command came and as it approached the commanded depth, the control surface
is used with less deflection. Based on this information, it can be seen that LQR can
control the depth command properly. As a result of these tests, it is concluded that

LQR shows sufficient performance to perform the path following mission.
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5. DESIGN OF GUIDANCE LAWS FOR PATH FOLLOWING

First, in this chapter, the guidance algorithms designed to perform the path following
task will be explained. In this context, LOS, ILOS, ALOS guidance laws were
designed to perform the path following task. It should be reminded again that in this
study, paths determined on a two-dimensional plane will be followed, that is, there will
be movement at a constant depth and only in the xy plane. As output, these guidance
laws will calculate which yaw angle should be applied in order for the AUV to instantly

follow the desired path.

5.1 Line of Sight Guidance Law

First of all, before explaining the LOS guidance law, it is necessary to explain the
terms in the formulation on a visual. In this context, representation of the path
following for 2-D with LOS guidance for autonomous marine vehicle (AMV) is shown

as follows in Figure 5.1.

AX;

Xp

S \rros,yros)

(2a(0),ya(0))

=AMV
@ Virtual leader
Path
Yr
>

Figure 5.1 : LOS guidance for 2-D path following of an AMV [42].
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In Figure 5.1, X;, Y; represent inertial reference frame coordinates, Xp,Yp, represent
tangential reference frame coordinates defined on the path, Xg, Yg represent body
reference frame coordinates, x,,y, represent path following errors, x;(0), y;(8)
represent virtual leader waypoint position, virtual leader means active waypoint in
guidance terminology. ¥4, ¥ represent path tangential angle and actual yaw angle of
vehicle respectively. A represents lookahead distance, u, v, r represent body velocity
components and yaw rate component respectively. Finaly, B represents sideslip angle.
So far, the notation used in LOS and its variants, ILOS and ALQOS, has been

mentioned. Now, the LOS guidance law formulation will be discussed as follows[42].

¥, = ¥,(8) — arctan(k}.y.) — B (5.1)
¥, (0) = atan2(yg, x9) (5.2)

o 0xq(0)
Xqg = 30 (5.3)

o _ 0ya(6)
Ya = BNET (5.4)

1

kp = i (5.5)
B = atan2(v,u) (5.6)
Ve = = (x = x4(0)) sin(¥4(6)) + (v — ¥4 (8))cos(¥a (6)) (5.7)
Ay =10m (5.8)

In equation 5.1, formulation of commanded yaw angle is given, ¥. represents
commanded yaw angle, ¥, (8) represents path tangential angle, arctan(.) represents
inverse tangent function, k;;b is positive proportional gain, y, is cross track error.
Finally, g is sideslip angle. In equation 5.2, formulation of path tangential angle is
given and y§, x§ are partial derivatives according to 6. atan2(.) is a four-quadrant
inverse tangent function. In equation 5.3 and equation 5.4, calculations of partial
derivatives according to 6 are given. In equation 5.5, formula of positive proportional

is given and Ay is positive lookahead distance parameter. In equation 5.6, sideslip
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angle calculation is given, u, v are body velocity component with respect to x and y
axis respectively. In equation 5.7, formulation of cross track error is given, x, y are the
position components of AUV in inertial frame. Finally, positive lookahead distance

parameter is selected as 10 meter as shown in equation 5.8.

The entire formulation of the LOS guidance law is given with the equations given so
far. The guidance law will be tested with a test scenario. In this context, a circular path
has been defined and path following results are shown below in Figure 5.2. In addition

cross track error during this test is shown in Figure 5.3.
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Figure 5.2 : Circular path scenario for LOS guidance.
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Figure 5.3 : Cross track error for the circular path scenario.
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In Figure 5.2, the desired path and actual path of AUV can be seen. In addition, the
starting point of the AUV for this test is (100, 0) m. It should be noted that in this
scenario, current disturbance was added to the environment, the characteristics of this
disturbance are as follows. As seen in Figure 5.2, current direction is 90° and current
magnitude is 0.4 m/s. Despite the current disturbance, appropriate yaw angle
commands were generated to follow the path defined through the LOS guidance law,
so the AUV was able to follow the defined path with low errors. In this context, the
cross track error was chosen as the error parameter during the evaluation phase of the
guidance law. The cross track error resulting from the test can be seen in Figure 5.3.
When this error parameter was evaluated, a maximum cross track error of 1.5 m
emerged. In addition, when looking at the overall trend, the cross track error generally
appeared below 0.5 meters. Second path for the test is sinusoidal path as shown in
Figure 5.4.

1000 Sinusoidal Path Designed for Guidance Law Test
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Figure 5.4 : Sinusoidal path scenario for LOS guidance.

When tested with a sinusoidal path, it can be clearly seen in Figure 5.4 that the AUV
was able to follow the defined path despite being exposed to current disturbance. In
addition, the starting point of the AUV for this test is (0, 0) m. It should be noted that

throughout this test, the AUV was commanded to operate 2 m/s and the current
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disturbance velocity was 0.4 m/s. In order to make a more detailed analysis, the cross

track error parameter given in Figure 5.5 will be examined.
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Figure 5.5 : Cross track error for the sinusoidal scenario.

When this error parameter is evaluated, a maximum cross track error of 2 m emerged.
In addition, when looking at the overall trend, the cross track error generally appeared
below 0.5 meters. As a result, it is concluded that the path following task with LOS

guidance has been completed successfully.

5.2 Integral Line of Sight Guidance Law

Now, the ILOS guidance law formulation will be mentioned. This guidance law is a
variant of the LOS guidance law and can be considered as a version created by adding

the integral term. The relevant equations are mentioned below [42].

V. =v,00) - arctan(k;f’.ye + k}f’lt-ymt) (5.9)
Yint = Ay e

Ag? + (e + kb Ay Yine)? (5.10)

Yinto =0 (5.11)

ky = i (5.12)

Ay =10m (5.13)
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int

kY =0.18 (5.14)

In equation 5.9, formulation of commanded yaw angle for ILOS guidance law is given.

. represents commanded yaw angle, ¥,;(6) represents path tangential angle.

arctan(.) represents inverse tangent function, ku’, k;’;lt

are positive proportional gain
and positive integral gain respectively. y, is cross track error, y;,; is the integral term.
This integral term is calculated by using equation 5.10. Ay is positive lookahead
distance parameter in this equation. In equation 5.11, y;,, is initial value of integral
term. Finally, the entire formulation of the ILOS guidance law is given with the
equations given so far. The guidance law will be tested with a test scenario. In this
context, a circular path has been defined and path following results are shown below

in Figure 5.6. In addition cross track error during this test is shown in Figure 5.7.
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Figure 5.6 : Circular path scenario for ILOS guidance.

In Figure 5.6, the desired path and actual path of AUV can be seen. In addition, the
starting point of the AUV for this test is (100, 0) m. Current disturbance exists in this
test, the characteristics of this disturbance are as follows. Current direction is 90° and
current magnitude is 0.4 m/s. Despite the current disturbance, the defined path was
followed by AUV through the ILOS guidance law, so the AUV was able to follow the
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defined path with low track errors. Now, the cross track error will be examined as the
error parameter during the evaluation phase of the guidance law. The cross track error
resulting from the test can be seen in Figure 5.7. When this error parameter was
evaluated, a maximum cross track error of 1.4 m emerged. In addition, when looking

at the overall trend, the cross track error generally appeared below 0.5 meters.
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Figure 5.7 : Cross track error for the circular path scenario.

Second path for the test is sinusoidal path as shown in Figure 5.8. In addition, the
starting point of the AUV for this test is (0, 0) m. When the figure is examined, in this
test, the AUV was exposed to current disturbance as in the circular path, but it can be
seen that the AUV can follow the defined path.
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Figure 5.8 : Sinusoidal path scenario for ILOS guidance.

53



Finally, when the cross track error parameter is examined in Figure 5.9, it is seen that
a maximum error of -1.6 m is observed and mostly this error is below 0.5 m. As a
result, it is concluded that the path following task with ILOS guidance has been

completed successfully.

Cross track errc
S

Figure 5.9 : Cross track error for the sinusoidal path scenario.

5.3 Adaptive Line of Sight Guidance Law

Now, the ALOS guidance law formulation will be mentioned. This guidance law is a
variant of the LOS guidance law. This guidance law can be considered as a variant of
LOS guidance, which is created by estimating crab angle component. Therefore, the
formulation behind the ALOS is very similar to formulation of LOS guidance. The

relevant equations are mentioned below [33].

¥, = ¥4(6) = . — arctan (3) (5.15)
,éc _ Y- Ay Ye

W (5.16)

By =0 (5.17)

Ay =10m (5.18)

y = 0.012 (5.19)
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In equation 5.15, formulation of commanded yaw angle for ALOS guidance law is
given. ¥, represents commanded yaw angle, ¥, () represents path tangential angle,
. is crab angle estimate, arctan(.) represents inverse tangent function. y, is cross
track error, Ay is positive lookahead distance parameter in this equation. In equation
5.16, the formulation of time derivative of crab angle estimate is given. y is adaptation
gain. In equation 5.17, initial value of crab angle estimate is given. Finally, in equation
5.18 and equation 5.19, values of positive lookahead distance and adaptation gain can
be seen. The ALOS guidance law will be tested in the same manner as the LOS and
ILOS guidance laws. In this context, one circular and one sinusoidal path will be
defined and the AUV will be able to follow these paths with the help of ALOS. In this
context, a circular path has been defined and path following results are shown below

in Figure 5.10. In addition cross track error during this test is shown in Figure 5.11.
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Figure 5.10 : Circular path scenario for ALOS guidance.

In Figure 5.10, the desired path and actual path of AUV can be seen. In addition, the
starting point of the AUV for this test is (100, 0) m. Current disturbance exists in this
test, the characteristics of this disturbance are same as other tests. Despite the current
disturbance, the defined path was followed by AUV through the ALOS guidance law,
so the AUV was able to follow the defined path with low track errors. Now, the cross
track error will be examined as the error parameter during the evaluation phase of the

guidance law. The cross track error resulting from the test can be seen in Figure 5.11.
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When this error parameter was evaluated, a maximum cross track error of 1.5 m
emerged. In addition, when looking at the overall trend, the cross track error generally

appeared below 0.5 meters.

Figure 5.11 : Cross track error for the circular path scenario.

Second path for the test is sinusoidal path as shown in Figure 5.12. In addition, the
starting point of the AUV for this test is (0, 0) m. When the figure is examined, in this
test, the AUV was exposed to current disturbance as in the circular path, but it can be

seen that the AUV can follow the defined path.
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Figure 5.12 : Sinusoidal path scenario for ALOS guidance.

Finally, when the cross track error parameter is examined in Figure 5.13, it is seen that

a maximum error of -1.9 m is observed and mostly this error is below 0.5 m. As a
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result, it is concluded that the path following task with ALOS guidance has been

completed successfully.
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Figure 5.13 : Cross track error for the sinusoidal path scenario.

As a result, 3 different guidance law designs used in this study have been described so
far. Afterwards, they were tested on two paths to observe the performance of each
guidance law. The results obtained were satisfactory. Finally, it should be noted that
the main purpose of this study is to evaluate the performance of these three guidance
techniques by defining different paths and exposing them to different current

disturbance conditions. The next chapter will focus on these issues.
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6. TEST AND RESULTS

First of all, all the sub-components defined so far to perform the path following task
have been mentioned. If they are briefly mentioned again, the first thing to do is to
develop EKF to be able to perform the state estimation task and to test the developed
algorithm under more realistic conditions because operational AUVs also approach the
problem in this way. In addition, the AUV must be controllable in order to perform the
path following task, and in this context, a controller was developed with the LQR
method. Finally, the main focus of this study was the development of guidance laws
and their performance comparison. The guidance laws developed in this process are
LOS, ILOS, and ALOS guidance laws. All these mentioned controller, navigation and
guidance sub-components were tested separately during the design process. In this

chapter, the final algorithm will be tested when all the sub-components are together.

6.1 Test Scenarios

While testing the performance of the algorithms developed in this subchapter, the
conditions under which they were tested will be mentioned. In this context, the tests
of 3 different guidance algorithms that have already been developed were carried out
as follows. 4 different paths were defined. The circular path defined in Figure 6.1 can

be seen.

Path-1 for Guidance Laws Test

)
East(m)

Figure 6.1 : Path-1 for guidance laws test.
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These paths were classified as follows: Path-1 is a circular path, Path-2 is a straight
path, Path-3 is a semi-rectangular path, and Path-4 is a sinusoidal path. Path-2 can be

seen in Figure 6.2.

Path-2 for Guidance Laws Test
T

T
Reference Path | |

400 -

300 -

North(m)

100

I I I I
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East(m)

Figure 6.2 : Path-2 for guidance laws test.

Semi-rectangular path being path-3 can be seen in Figure 6.3.

Path-3 for Guidance Laws Test
T T T

700 / .

North(m)
»
3
g

300 *

100 - 4

L
0 100 200 300 400 500 600 700 800
East(m)

Figure 6.3 : Path-3 for guidance laws test.

In addition, disturbance was added to the environment because the AUV may be
exposed to environmental disturbance while operating on these paths, and this
disturbance is current disturbance. This disturbance component is already among the
inputs of the dynamic model of Remus-100 AUV. In order to test the performance of

the guidance laws, it was planned to be exposed to current disturbance in different
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directions and at different velocities and they were tested in this way. Finally,

sinusoidal path being path-4 can be seen in Figure 6.4.

Path-4 for Guidance Laws Test

Reference Path

900

North(m)

100

Figure 6.4 : Path-4 for guidance laws test.

In Figure 6.4, there are representations of current velocities and current directions that

were mentioned earlier. V.., V., V., are current velocity components. B, , Bc,, B¢, and

B., are current direction components.

6.2 Test Results

Test scenarios have been mentioned so far, it will examine how the AUV follows 4
different paths with 3 different guidance laws, 3 different current velocities, and 4
different current directions. This means that 144 simulations will be run in the tests
and the results will be evaluated. The most important evaluation criterion in this
context isthe cross-track error component, as mentioned in the earlier chapter. Because
this component is the perpendicular distance to the line drawn on the tangent of the
instantly active waypoint, which is the lateral distance to the path that the AUV should
follow on straight paths, therefore, this parameter is an important evaluation criterion.
The fact that it is currently one of the main parameters in the formulations of all
guidance laws proves this. The formulation of this parameter is given in equation 6.1

below.

Ve = —(x = x4(0)) sin(¥4(0)) + (¥ — y4(6))cos(¥4(8)) (6.1)
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Inequation 6.1, x, y represent position of AUV, x;(8), v, (6) are the position of active
waypoint. ¥;(8) is path tangential angle. Finally, v, is the cross track error. After the
cross track error is defined, the results will now be mentioned. The mean and standard
deviations of cross track error are given in the tables as results. Using these results, the
performances of the guidance laws will be compared. The reason for using cross track
error for performance comparison can be explained as follows. When the purpose of
the path following task is examined, the most important criterion of performance is
related to how far the AUV is laterally from the defined path, and the cross track error
component is a component related to this phenomenon. First, when taking a general
look at the tables, the general structure of the tables is as follows. First of all, each
table consists of data calculated for a current direction value and for 3 different current
velocity components. In this context, the mean and standard deviations of the cross
track error data obtained throughout the entire tests are calculated in the tables, and the
unit of these calculated values is meters. Table 6.1 and Table 6.2 contain the results

for current direction 1 (8., = 0°) as shown below.

Table 6.1 : Mean(m) of cross track error for 5., = 0°.

V.

1

Ve Ves

Path LOS ILOS  ALOS LOS ILOS ALOS LOS ILOS  ALOS
1 0.8507 0.4790 0.4928 | 0.8273 0.4951 0.5478 | 0.8750 0.7400 0.9738

0.7096 0.7256 0.9798 | 0.6897 0.8327 0.9977 | 0.7160 0.6689 0.7386

0.5018 0.7077 0.7136 | 0.5144 0.6626 0.6923 | 0.5231 0.5814 0.6027

0.5820 0.4358 0.4878 | 0.6375 0.5407 0.6193 | 0.7296 1.0309 0.8162

2

A W N

Table 6.2 : Standard deviation(m) of cross track error for g, = 0°.

7 7

1 €2 Ves

Path LOS ILOS  ALOS LOS ILOS ALOS LOS ILOS  ALOS
1 0.9942 0.6466 0.6967 | 0.9791 0.6779 0.7676 | 1.0298 1.0196 1.3774
2 0.9144 0.8591 1.1534 | 0.9054 09710 1.1492 | 0.9301 0.8223  0.9095
3 0.6742 0.9371 0.9067 | 0.6910 0.7654 0.8662 | 0.7080 0.7245 0.7598

4 0.8003 0.6056 0.6847 | 0.8924 0.7468 0.8359 | 1.0649 1.0500 1.1350

When Table 6.1 and Table 6.2 are examined, the test results of the simulations where
the AUV is exposed to current disturbance on the 0° route are seen. It can be seen that
the AUV had the best performance with the ILOS guidance law while following the
circular path-1, and also the ALOS guidance law has performed so well. This result

can be understood from the values of the cross-track error mean and standard
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deviation. Briefly, if the performances are ranked from best to worst, they can be
expressed as ILOS>ALOS>LOS. When the test results of path-2, which is a straight
path, are compared, it is seen that LOS guidance works at higher performance than
ILOS and ALOS guidance laws. This is evident because the mean and standard
deviation values are lower for LOS guidance. Additionally, when the values in Table
6.1 and Table 6.2 are examined, the second best guidance law in following path-2 is
ILOS guidance law. As a result, when sorting from best performance to worst
performance in tracking path-2, the following conclusion is reached,
LOS>ILOS>ALOS. Now, the semi-rectangular path-3 will be examined. In this
context, when the data in Table 6.1 and Table 6.2 are examined, the following
conclusion is reached, LOS guidance has shown better performance than the other two
methods, and ILOS follows LOS in terms of performance. As the speed of current
disturbances increases, the average cross-track error naturally increases. This is an
expected fact, the AUV is currently traveling at a speed of 2 m/s, and when the current
speed component becomes 0.6 m/s, that is, 30% of its speed, a decrease in the
performance of the AUV is expected. Briefly, as a result of comparing the
performances of AUVs for path-3, when their performances are compared from best
to worst, the following conclusion is reached, LOS>ILOS>ALOS. Comparing the
performance results for path-4, which has a sinusoidal profile, the following
conclusions are reached: ILOS guidance law showed the best performance because the
cross-track error mean and standard deviation had the lowest value with ILOS
guidance. In Tables 6.1 and 6.2 when the values are examined, ALOS guidance law
has the second-best performance. As a result, when their performances were ranked

from best to worst, the following conclusion was reached, ILOS>ALOS>LOS.

Secondly, Table 6.3 and Table 6.4 contain the results for current direction 2 (8., =

90°) as shown below.

Table 6.3 : Mean(m) of cross track error for 5., = 90°.

%4

c1

V,

c2

|

c3

Path LOS ILOS  ALOS LOS ILOS  ALOS LOS ILOS  ALOS

1 0.9282 0.4462 0.5090 | 0.9257 0.5002 0.5338 | 0.9737 0.5184 0.5798
0.5123 0.4979 0.5311 | 0.4655 0.5010 0.5487 | 0.4589 0.5513 0.6024
0.4744 0.4759 05241 | 0.4849 0.4912 0.5504 | 0.5045 0.5221 0.5998
0.5637 0.4084 0.4387 | 0.5829 0.4826 0.5263 | 0.5896 0.5529  0.5950

A w0 N
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Table 6.4 : Standard deviation(m) of cross track error for 5., = 90°.

Veq Vea Ves
Path LOS ILOS  ALOS LOS ILOS ALOS LOS ILOS  ALOS
1 1.0990 0.5865 0.6570 | 1.0271 0.6460 0.6833 | 1.0632 0.6604 0.7157
2 0.6609 0.6292 0.6876 | 0.5911 0.6320 0.6931 | 0.5888 0.7154 0.7973
3 0.5975 0.6040 0.6603 | 0.6152 0.6085 0.6765 | 0.6649 0.6657 0.7637
4 0.7311 0.5724 0.6192 | 0.7694 0.6237 0.6807 | 0.7611 0.7039 0.7644

When the data in Table 6.3 and Table 6.4 are examined, the characteristics of the
outputs are quite similar to the outputs where the current direction is 0°. When Path-1
performance outputs were examined, the best performance was again seen in the ILOS
guidance law technique. ALOS guidance law follows ILOS guidance law in terms of
performance. As a result, when the ranking of the performances is examined, they are
listed from best performance to worst performance as follows, ILOS>ALOS>LOS.
Likewise, when the path following performances for path-2 are compared, it is seen
that when ranked from best to worst, it is LOS>ILOS>ALOS. When the outputs in the
table in Path-3 are evaluated, the following conclusion can be drawn, they can be listed
from best to worst as LOS>ILOS>ALOS. Finally, when the path-4 outputs are
examined, it is seen that it shows similar phenomena as the condition where the current
direction is 0°, which can be expressed in the order ILOS>ALOS>LOS. Table 6.5 and

Table 6.6 contain the results for current direction 3 (8., = 180°) as shown below.

Table 6.5 : Mean(m) of cross track error for 5., = 180°.

VC1 VCZ VC3
Path | LOS ILOS ALOS | LOS ILOS  ALOS | LOS ILOS  ALOS
1 | 0.8141 05187 0.5398 | 0.8182 0.5653 0.5863 | 0.8030 0.6221 0.6782
2 | 07182 0.6630 1.0375 | 0.5986 0.6491 1.0443 | 0.6120 0.6853 1.0727
3 | 05378 0.5975 0.7697 | 0.4961 0.5648 0.8427 | 0.5141 0.6035 0.8171
4 | 05240 04334 0.4668 | 0.5825 0.4867 0.5281 | 0.6882 0.5413 0.6063

Table 6.6 : Standard deviation(m) of cross track error for g., = 180°.

VC]_ VCZ VCS
Path | LOS ILOS  ALOS | LOS ILOS ALOS | LOS ILOS  ALOS
1 | 09501 0.6498 0.6902 | 0.9496 0.7223 0.7598 | 0.9320 0.8347 0.9092
2 | 08984 0.7862 1.2371 | 0.8110 0.8135 1.2084 | 0.7819 0.8284  1.2462
3 | 06977 0.7352 0.9809 | 0.6616 0.7094 1.0314 | 0.6567 0.7443 1.0138
4 | 07060 0.5934 0.6476 | 0.6322 0.6677 0.7327 | 0.6487 0.7333  0.8260
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Now, when the data in Tables 6.5 and 6.6 are examined, the characteristics of the
outputs are quite similar to the outputs where the current direction is 0°. When Path-1
performance outputs were examined, the best performance was again seen in the ILOS
guidance law technique. As a result, when the ranking of the performances is
examined, they are listed from best performance to worst performance as follows,
ILOS>ALOS>LOS. Likewise, when the path following performances for path-2 are
compared, it is seen that when ranked from best to worst, it is LOS>ILOS>ALOS.
When the outputs in the table in Path-3 are evaluated, the following conclusion can be
drawn, they can be listed from best to worst as LOS>ILOS>ALOS. Finally, when the
path-4 outputs are examined, it is seen that it shows similar phenomena as the
condition where the current direction is 0°, which can be expressed in the order
ILOS>ALOS>LOS. Finally, Table 6.7 and Table 6.8 contain the results for current

direction 4 (8., = 270°) as shown below.

Table 6.7 : Mean(m) of cross track error for 5., = 270°.

Vey Ve

Path | LOS ILOS ALOS LOS ILOS  ALOS LOS ILOS  ALOS
1 0.8374 0.4979 0.5028 | 0.8653 0.5347 0.5281 | 0.8053 0.5365 0.5808
0.4531 0.5568 0.5328 | 0.5028 0.5854 0.6618 | 0.5143  0.6657 0.7423

0.4246 0.5105 0.4863 | 0.4435 0.5337 0.5608 | 0.4457 0.5795 0.6162
0.5633 0.3818 0.4276 | 0.5486 0.4037 0.4376 | 0.52989 0.4169 0.4489

v

c2 3

A w0 N

Table 6.8 : Standard deviation(m) of cross track error for 8., = 270°.

7 7

1 €2
Path LOS ILOS  ALOS LOS ILOS  ALOS LOS ILOS  ALOS

1 0.9975 0.6320 0.6572 | 1.1326 0.6674 0.6654 | 1.0514 0.6547 0.6960
2 05782 0.6813 0.6618 | 0.6547 0.7457 0.8277 | 0.6566 0.8767 0.9807
3 0.5289 0.6486 0.6142 | 0.5650 0.6838 0.7146 | 0.5654 0.7576 0.8130
4 0.7706 0.5406 0.6048 | 0.7609 0.5631 0.6090 | 0.7374 0.5722 0.6132

Ves

Now, when the data in Tables 6.7 and 6.8, which contain the outputs for the last current
direction, are examined, they are quite similar to the outputs for the other 3 current
directions mentioned so far. In this context, the results obtained as a result of the
simulations made in all current directions and current velocities show similar
phenomena. Finally, when all tests are examined, the performances for path-1, which
is a straight path, are listed from best to worst as ILOS>ALOS>LOS. When comparing

the performances for path-2 and path-3, the order from best to worst is
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LOS>ILOS>ALOS. Finally, when path-4 is ranked from best to worst, it is
ILOS>ALOS>LOS. In addition, as the current velocity disturbance increases, the
mean and standard deviation values increase in all outputs, which is expected. Finally,
ILOS guidance law, which showed superior performance in path-1 and path-4, showed
superior performance in circular and sinusoidal paths, which shows that ILOS
guidance gives better results in paths containing curvature. It has been observed that
LOS guidance law, which has superior performance in path-2 and path-3, gives good
results on flat and rectangular paths, which shows that LOS guidance gives better
results on flat paths compared to other methods. In this case, it can be concluded that
since the defined paths are predetermined paths, if there are straight lines in the
planned path, LOS guidance can be active at that time, and ILOS guidance can be
active in the parts of the path that contain curvature, that is, in places where there are
turns and maneuvers. This ultimately enables maximum path-following performance
to be achieved in all designed paths. Since one guidance law performs better than the
other according to the path features, automatic guidance law switching can be
performed in AUV tasks by establishing a simple switch-case logic and achieving

minimum cross-track error.
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7. CONCLUSION

First of all, in this chapter, the final algorithm will be tested when all the sub-
components are together. In this chapter, what has been done so far in this study will
be briefly mentioned and then the results obtained will be briefly discussed. The scope
of this study is to solve path-following problems when AUVs are exposed to current
disturbances. Briefly, the study consists of 4 steps. First, the states of the AUV were
estimated by developing a state estimation algorithm, then the controller was designed,
and then the guidance laws were designed. Finally, when all of these algorithms were
integrated, various paths were defined and the performances of the guidance laws were
compared. First, a state estimation algorithm was developed to perform this task, and
with the help of this algorithm, all states of the AUV used by other algorithms were
calculated simultaneously and it was aimed to simulate a real AUV operation. In this
study, a ready-made nonlinear dynamic model of the Remus-100 vehicle was used,
and sensor models were developed in addition to this model. The state estimation task
was carried out with EKF and the estimation process was successfully achieved, there
are many performance comparison outputs related to this situation in the relevant
chapter. Afterward, a controller was developed in which these state estimation outputs
were provided as input, that is, estimated quantities in the real world, rather than
dynamic model outputs, were input. Normally, in most studies in the literature, the
references of the controllers are fed directly from the dynamic model, but in the real
world, the problem cannot be approached this way because AUVs do not have the
opportunity to measure or observe every state. In order to simulate this reality, the
reference inputs of the controller were provided with the outputs of the EKF. LQR was
used as the controller. However, when developing LQR, the model we have had to be
a linear model, but the model we had was a nonlinear model. In order to design the
LQR controller, this model was linearized using numerical linearization and then the
LQR controller was developed. This controller was tested under various conditions
and it was concluded that it performed very well. If we briefly talk about the
development of guidance laws, which is one of the last steps of the study, LOS

guidance law and its variants, ILOS and ALOS guidance laws, were developed in this
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study. These developed guidance laws were tested separately and it was concluded that
their performance was satisfactory. If we briefly talk about the design of the test
scenarios, which is the last step of the study, 4 different paths were designed. A total
of 4 paths were designed, namely straight, circular, semi-rectangular, and sinusoidal
paths, respectively. Finally, these paths were tested under various current disturbance
conditions and it was concluded that some guidance laws are more advantageous in
certain situations. Briefly speaking, ILOS guidance law shows superior performance
in circular and sinusoidal paths, which shows that ILOS guidance gives better results
in paths containing curvature. It has been observed that LOS guidance giving good
results on straight and semi-rectangular paths, which shows that LOS guidance gives
better results on flat paths compared to other methods. In this case, it can be concluded
that since the defined paths are predetermined paths, if there are straight lines in the
planned path, LOS guidance can be used during this process, and ILOS guidance can
be used actively in the parts of the path that contain curvatures, that is, in places where
there are turns and maneuvers. This ultimately enables maximum path-following
performance to be achieved in all designed paths. Since one guidance law performs
better than the other according to the path features, automatic guidance law switching
can be performed in AUV tasks by establishing a simple switch-case logic and
achieving minimum cross-track error. One of the most important results of this study
can be explained as follows: Depending on the characteristics of the defined path, the
guidance law may change during the mission because the currently used guidance laws
calculate the yaw angle command as a result of instantaneous calculations, that is, they
do not contain any retrospective terms. Therefore, transitions between these algorithms
do not create any discontinuity. Finally, all of the algorithms developed within the
scope of this study have been developed to be used in real underwater vehicles, so |
believe that the algorithms to be developed for Remus-100 in the future can be used

as a reference source.
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