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Chapter 1

Introduction

1.1 Background

The transportation sector faces unique challenges today due to increasing demand for cargo and
passenger transport, decarbonisation goals set by governments and industries, as well as con-
gestion and disruptions in global trade routes. Among the various modes of transport, water-
borne transport remains the backbone of global trade, accounting for 80% of international trade
in goods by volume [1]. For regional freight systems, inland waterways play a strategically
important role, especially in Europe, supporting high-volume transport along major corridors.
Consequently, improvements in maritime safety, efficiency and sustainability can have signifi-
cant societal and economic impacts, leading to extensive research and development underway in
the maritime domain. This includes studies on the means (vessels) and infrastructure (bridges,
terminals, buoys, etc.) involved. In recent years, numerous research projects have been estab-
lished, focusing on alternative fuels [2, 3], improved ship designs [4], and enhanced autonomy
[5, 6], among others.

Despite the strict regulations and conventions in place for maritime navigation and collision
prevention, such as the COLREGs [7] and SOLAS [8], ensuring safety remains a critical issue
for the maritime transport sector to date. The socio-economic and environmental impacts of
maritime accidents can be severe and long-term. For instance, on March 26, 2024, due to
the loss of its steering power, the container ship MV Dali collided with the Francis Scott Key
Bridge in Baltimore, US, resulting in casualties of unaware construction workers on the bridge
and severe infrastructure damage (Figure 1.1a) [9]. Obviously, accidents on inland waterways
also have severe consequences. For instance, in March 2021, the 20,000 TEU container ship
Ever Given was grounded in the Suez Canal, leading to six days of blocking of the canal, and
a prevention of trade worth an estimated US $9.6 billion each day (Figure 1.1b) [10]. This
incident exposed how little room for error there is in the confined waterways that carry the
world’s largest ships, and how difficult it is for a human crew to respond in a timely manner.

As per the Allianz Commercial’s Safety and Shipping Review report 2025 [12], out of the
28,331 shipping casualties/incidents reported globally in the last decade, machinery damage/
failure was the top cause, accounting for about 44% of the total reported casualties/incidents
(see Figure 1.2). Another report by the European Maritime Safety Agency (EMSA) [13]
presents a classification of maritime casualties and incidents reported in the European Union



2 1 Introduction

() (b)

Figure 1.1: (a) The 300-metre-long container ship MV Dali after collision with the historic
Francis Scott Key Bridge in Baltimore, United States [JULIA NIKHINSON / REUTERS]. (b)
The 400-metre-long and 20,000 TEU capacity container ship Ever Given obstructing the Suez
Canal traffic in March 2021 [SATELLITE IMAGE, [11]].
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Figure 1.2: The global top causes of shipping casualties/incidents from January 1, 2015, to
December 31, 2024, according to Allianz Commercial’s annual Safety and Shipping Review
report 2025 [12].

between 2015 and 2024, as shown in Figure 1.3. According to this report, navigational casu-
alties (collisions, contacts, and groundings/strandings) account for approximately 46% of all
reported casualty events. It also attributes human action and behaviour to 78.8% of marine ca-
sualties and incidents. The key factors identified for human error leading to maritime accidents
include fatigue, inadequate crew-to-crew, vessel-to-vessel, and pilot-to-bridge communications,
decisions based on insufficient information, poor maintenance, etc. [14].

The statistics from 2024 indicate a reduction in total vessel losses; however, shipping inci-
dents and casualties have increased by 10%. These incidents are rarely the result of a single
failure, but rather the compounding of human and organisational factors, as well as technical
issues. This motivates maritime stakeholders to accelerate the adoption of digitalisation and
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automation across maritime operations.

1.2 Autonomy for Smart Inland Shipping

Integrating autonomy across different modes of transportation is expected to mitigate conges-
tion and capacity constraints while enabling safer, more efficient and resilient transportation
networks. For maritime operations, increasing autonomy could significantly enhance economic
viability by reducing operational costs and improving safety. Reduced onboard crew require-
ments for autonomous surface vessels (ASVs) not only facilitate the deployment of smaller,
energy-efficient vessels but also reduce the risk of human injury in the event of an accident.
Autonomy can also enhance operational safety by monitoring onboard components and en-
hancing a vessel’s decision-making capabilities, thereby contributing to the overall safety of the
maritime ecosystem. For these reasons, autonomous vessels are predicted to be among the key
technological trends in the maritime sector [15].

For inland freight transportation, waterways are vastly underutilised. Europe alone features
a vast network of navigable inland water bodies, covering approximately 37,000 kilometres.
Inland waterways offer an attractive possibility for the mass deployment of autonomous ves-
sels, as they provide less unpredictable environmental conditions than the open sea and can
potentially reduce traffic congestion on roads. Inland waterway vessels (IWVs) are also more
cost-effective and fuel-efficient compared to railways and trucks [16]. However, many naviga-
tional challenges must be addressed to make mass autonomous inland shipping a reality, such
as handling the complex interactions of ASVs with infrastructural components like bridges and
locks, complying with the strict navigational constraints due to narrow canals and passing ves-
sels, as well as constraints on the water depth, and congestion at port terminals [17].

The autonomy stack comprises various systems that connect the acquisition of information
through sensing to the execution of the vessel’s motion. It can be designed as a monolithic
system that directly transforms raw sensing inputs into control signals, or as a modular system
comprising multiple subsystems. Typically, a modular software stack is preferred over an end-
to-end approach for its simplicity, transparency, and ease of debugging. The overall autonomy
stack can be visualised using a block diagram as shown in Figure 1.4. The comprising systems
can be broadly classified as follows:

1. Sensing and Perception system: A key physical difference between a conventional ves-
sel and an ASV is the additional sensors available onboard to assist the remote operator or
the onboard supervisor/computer in decision-making by providing enriched information
regarding the vessel’s states (position, orientation, velocity, etc.), the external environ-
ment (wind, waves, and current) and obstacles (other vessels, bridges, etc.). In addition
to conventional sensors such as the global navigation satellite system (GNSS), gyroscope,
compass, and inertial measurement unit (IMU), modern ships are also equipped with LI-
DARSs, cameras, radar, sonar, etc. The measurements are fused using sensor fusion algo-
rithms to obtain accurate vessel states and a “World Model”, which represents the vessel’s
environment [18]. This information is used for vessel localisation and situational aware-
ness, enabling the other systems in the autonomy stack to perform tasks such as motion
planning, control, collision avoidance and fault diagnosis.
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Figure 1.4: Block diagram representation of the autonomy stack for an ASV.

2. Planning system: The planning system is responsible for determining the vessel’s refer-
ence trajectory for safe navigation. It comprises two main subsystems, namely a global
path planner and a local path planner. The global planner is responsible for calculating
an optimal path from the origin to the destination, taking into account various physical
and environmental constraints. The local planner continuously modifies the global plan
to achieve two primary objectives: collision avoidance with both static and dynamic ob-
stacles, and adherence to navigational rules, such as the COLREGs.

3. Control system: The control system converts the reference trajectory calculated by the
planning system into physical commands provided to the actuators (rudders, propellers,
thrusters) under modelling uncertainty and disturbances. A (model-based) control al-
gorithm relies on a detailed mathematical model representing the vessel’s maneuvering
dynamics. It is often decomposed into a higher-level controller for generalized force
calculation and a lower-level controller for thrust allocation, respectively.

4. Supervisory system: A supervisory system can operate across the complete autonomy
stack and is responsible for various functions, including health monitoring, fault manage-
ment and risk mitigation through fail-safe and fail-operational actions. It thereby manages
the safety, integrity and operational risk of the autonomous system at a higher level.

Typically, the modular stack results in the decomposition of the autonomous system into a
Guidance, Navigation, and Control (GNC) system [19]. However, it is worth noting that the
aforementioned stack additionally includes the supervisory and fallback control systems. The
supervisory system oversees the overarching functions and plays a critical role in ensuring the
safety and reliability of the underlying hardware and software. In conjunction, the fallback
control system executes a higher-level control strategy provided by the supervisory system by
overriding the nominal control action.

At a larger operational scale, autonomy extends to cooperation between multiple ASVs to
perform the required tasks while achieving high efficiency, robustness and reliability. Multiple-
vessel cooperation enables the execution of a wide range of operations that a single vessel is
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incapable of or inefficient at performing, such as bulk cargo transportation, the manipulation
of large structures, and assisted ship berthing [20]. Establishing communication with other
vessels will also reduce the possibility of accidents, thereby enhancing the safety of inland
transportation. Similarly, for a seamless movement through infrastructural landmarks such as
bridges and locks, the ASVs must also be capable of communicating with these structures [21].
The communication requirements for the cooperative control of ASVs can therefore be broadly
classified into V2V and V2I communication, respectively [22].

To incorporate these additional functionalities into the inland waterway transportation (IWT)
system, the physical systems must be integrated with improved computational, communication
and control capabilities. In this integrated system, a Vessel Controller (VC) will be responsi-
ble for controlling the vessel, whereas an Infrastructure Controller (IC) will be responsible for
resolving conflicts between vessels at the infrastructure. The result is a highly complex and
coupled system composed of physical and software components. Such systems can be defined
as Cyber Physical Systems (CPS), due to the strong interdependence between the cyber do-
main, namely the embedded computers and communication network and the physical domain,
which comprises the physical part of the vessels and infrastructures, including the actuators and
Sensors.

1.3 Challenges

To realise autonomous and smart shipping at a large scale, six key areas requiring further re-
search were identified in [23], described as follows:

1. Challenges at different levels of autonomy: Various challenges across IMO autonomy
levels must be addressed, including developing operational guidelines and mature sens-
ing, perception and cooperative navigation capabilities. These advances must explicitly
account for mixed traffic environments involving both human-operated and unmanned
vessels.

2. (Re-)defining human roles: The responsibilities of humans must be defined while con-
sidering human-machine interaction, both onboard and onshore. It is also required to
design and validate interfaces and procedures for remote supervision and decision sup-
port.

3. Assuring safety and security: Safe and secure autonomy necessitates translating high-
level guidelines into requirements specific to the operational context. This can be achieved
by developing technologies for fault management, smart maintenance, reliable communi-
cation, and cyber risk mitigation, among other things.

4. Port and hinterland integration: Port infrastructure and operations must be adapted to
support the arrival and departure of autonomous vessels through automated pilotage and
tug assistance, digital mooring and berth allocation services. Furthermore, interoperabil-
ity across port systems and connected logistics chains must be ensured.

5. Legal and regulatory framework: Given the limited accommodation of autonomous
operations in the current legal and regulatory framework, it is essential to update mar-
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itime law for autonomous shipping, harmonising IMO codes with other regulations and
addressing challenges related to code verification, operator training, and civil liability.

6. Socio-economic case and public acceptance: Building a socio-economic case for au-
tonomous and smart shipping requires quantification of the economic, environmental, and
safety costs and benefits, including impacts on employment, re-skilling needs, and mar-
ket power. Public risk perception must also be understood, taking into account conflicting
worldviews and ensuring equitable stakeholder involvement in decision-making.

Despite numerous advances in autonomous and smart inland shipping research over the past
decade, many of the aforementioned challenges remain unresolved. To address them, the AU-
TOBarge project was initiated, with the goal of realising a safe, efficient, and reliable inland
waterway ecosystem enabled by autonomous ships and smart infrastructure [6, 16].

The IWV autonomy stack design requires numerous considerations to address the afore-
mentioned research gaps. This is because rivers and canals introduce hydrodynamic and op-
erational complexities not found in open seas. Hydrodynamic phenomena such as bank and
shallow-water effects and ship-to-ship interactions, impact vessel maneuverability, leading to
an increased risk of collision and grounding [24]. In model-based design, these environment-
specific factors lead to modelling uncertainties that must be accounted for to ensure safe oper-
ation. This requires, among other considerations, a) explicit modelling of the impact of these
phenomena on vessel dynamics, b) robust identification of vessel dynamics considering uncer-
tainties and real-world conditions, and c¢) designing control solutions catered to inland waterway
vessels.

Navigation integrity also relies on multiple heterogeneous, redundant sensors that provide
the vessel’s situational awareness, notwithstanding noise, faults, and external interference. A
fault in one or more sensors during an ongoing operation may degrade performance or cause
system instability, leading to unwanted delays, disruptions, infrastructure damage, or even loss
of life. While transients having a small effect on the system can be easily compensated for by
a robust controller, a fault with a more significant impact cannot be neglected. It is therefore
critical that a fault is diagnosed as soon as possible and that action is taken to accommodate it
(switching to manual control, reconfiguring the controller, or employing virtual or physical sen-
sor redundancy). Before accommodating one or more sensor faults, it is necessary not only to
detect the fault but also to isolate the affected sensor. The common term for this fault diagnosis
process is Fault Detection and Isolation (FDI).

Sensor faults are among the numerous internal and external factors that can lead to haz-
ardous situations. Inland waterways present many pitfalls for system-level failures, such as
collisions and grounding, due to the complexity of the IWV and the IWT domain. To ensure
safety, continuous risk monitoring is required during navigation. Minimum-risk conditions must
be maintained, especially in the event of failures compounded by other factors such as dense
traffic or adverse weather. These objectives align with the supervisory system’s role, which
couples situational awareness with planning and control decisions and facilitates fallback oper-
ations.

To summarise, some of the technical challenges concerning the autonomy stack of IWVs
can be addressed through four main topics, namely: 1) maneuvering modelling and robust iden-
tification, 2) path-planning and control, 3) sensor fault diagnosis, and 4) risk-aware decision-



1 Introduction

making. The research gaps will be further established through a literature review on these topics
presented in Chapter 2.

14

Research Questions

The main research question that this thesis will address is as follows:
How to design model-based control and fault diagnosis methods that ensure the safe naviga-
tion of autonomous vessels under uncertain and abnormal operational conditions?

This question is addressed through several sub-questions as follows:

RQ1:

RQ2:

RQ3:

RQ4:

What are the state-of-the-art and research gaps regarding the safe navigation of au-
tonomous vessels in inland waterways?

A systematic review of the current state-of-the-art is required to identify research gaps in
the literature on autonomous navigation of IWVs. For this, the research topics identified
in the previous section will be used. This review will justify the selection of design
methodologies that can enhance the safety of the IWT system.

How to identify a robust and control-oriented maneuvering model of marine vessels under
realistic operating conditions?

Model-based design is the core foundation of this thesis. Accurate maneuvering models
provide reliable predictions of the vessel dynamics, facilitating the design of guidance
and control systems for autonomous navigation. However, real-world conditions intro-
duce significant uncertainties due to sensor noise, environmental disturbances and model
mismatch. Therefore, it is crucial to account for these uncertainties by quantifying uncer-
tainty bounds in the identification procedure. This will yield robust vessel maneuvering
models that enhance navigation safety. Maintaining the physical interpretability enables
the design of model-based control systems.

How to design and evaluate control systems that ensure safe navigation of autonomous
vessels in confined waterways?

Safely navigating confined waterways requires addressing unique challenges posed by
hydrodynamic phenomena, such as shallow-water effects and those resulting from prox-
imity to channel walls. These factors significantly influence vessel maneuverability and
steering dynamics, making conventional control strategies inadequate. An advanced con-
trol approach, namely the nonlinear model predictive control (NMPC), is explored to
enable the design of autopilot/control systems that incorporate these hydrodynamic ef-
fects. To evaluate control performance, new key performance indices (KPIs) are designed
that account for navigation challenges in inland waterways.

How to detect and isolate multiple sensor faults affecting the navigational sensors on
autonomous surface vessels?

Faults in navigational sensors can severely compromise safety-critical operations, mak-
ing their timely diagnosis essential. The key challenge is detecting and isolating multiple
sensor faults across diverse vessel configurations, sensor setups and environmental con-
ditions. Residual signals should be generated as deviations from the expected behavior,
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using models that represent the vessel’s navigation and are sensitive to one or more sensor
faults. Additionally, thresholds must be calculated to bound these residuals while ensur-
ing robustness against uncertainties in vessel dynamics and sensor noise. This approach
does not lead to false positives and enhances the reliability of the fault diagnosis method.

RQS: How can the risk of grounding and collision of autonomous vessels in inland waterways
be modelled and mitigated?

The vessel’s internal factors, such as machinery faults and failures, compounded by ex-
ternal influences like dense traffic and adverse weather conditions, can compromise its
GNC system operation, leading to hazardous situations, including grounding and colli-
sions. Incorporating risk monitoring and mitigation into the autonomy stack enables the
fail-safe operation of autonomous vessels, thereby preventing hazardous situations. An
intelligent supervisory system must be designed to continuously manage risk and provide
high-level fallback decisions when the risk exceeds a threshold.

1.5 Contributions

The main contributions of this thesis are summarised as follows:

1. A robust system identification method is proposed for marine vessels using the set- mem-
bership method. Unlike existing methods that yield unbounded parameter estimates, the
proposed framework enables robust, bounded parameter estimation by explicitly account-
ing for uncertainties, including sensor noise and external disturbances. The identifica-
tion problem is reformulated as a quadratic program, ensuring computational efficiency
and convergence. The identified model facilitates the design of robust control and fault-
diagnosis systems. This work has also been published in [25].

2. A multiple sensor FDI scheme is presented for the navigational sensors of an ASV. The
proposed scheme utilises a bank of monitoring modules with structurally sensitive resid-
uals tailored for different vessel types and sensor setups. Adaptive thresholds are com-
puted to bound the residuals, thereby improving fault detectability by eliminating false
positives. Furthermore, fault isolation is performed using a combinatorial fault decision
logic, enabling the isolation of multiple sensor faults. This work has also been published
in [26, 27].

3. The design and analysis of an NMPC scheme for path-following control of an IWV
in confined waterways is presented. The dynamics of the IWV are modeled using an
improved maneuvering model that accounts for hydrodynamic effects, including water
depth, river currents, and bank effects. Furthermore, the evaluation of the vessel’s steer-
ing performance is conducted using KPIs proposed for inland waterway navigation. The
proposed control scheme is validated through an extensive case study involving diverse
and complex inland waterway scenarios. This work has also been published in [28, 29].

4. A dynamic risk-mitigation method is proposed, based on a Bayesian Belief Network
(BBN) for risk modelling and a Partially Observable Markov Decision Process (POMDP)
for decision-making. When the vessel encounters a complex failure, the proposed method
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serves as a fallback system by providing a high-level control strategy and preventing haz-
ardous situations. This work has also been published in [30].

1.6 Thesis Outline

Figure 1.5 visualises the outline of this thesis. In Chapter 2, Research Question RQ1 is ad-
dressed by performing a systematic literature review of the state-of-the-art. In Chapter 3, the
model identification problem for marine vessels is discussed to address the Research Question
RQ2. Hence, a systematic approach for identifying a three-degrees-of-freedom (3-DOF) model
of a full-scale vessel using the Set-Membership Identification (SMI) method is presented. In
Chapter 4, the vessel’s control system design problem is considered to address the Research
Question RQ3. To accomplish this, an NMPC for the path-following of IWVs in confined
waterways is presented. Therefore, Chapters 3 and 4 address the research questions related to
autonomous navigation under uncertain operational conditions for ASVs through modelling,
identification, and control design.

Chapters 5 and 6 consider the autonomous navigation under abnormal operational condi-
tions. Through these chapters, Research Questions RQ4 and RQS are respectively addressed.
In Chapter 5, the problem of sensor monitoring for an ASV is discussed. To accomplish this,
a multiple-sensor FDI scheme is presented for the navigational sensors of an ASV. In Chapter
6, the risk modelling and mitigation problem for IWVs is considered through the design of a
higher-level safe control strategy (SCS). Finally, in Chapter 7, the conclusions are presented to
address the main research question of this thesis. Furthermore, future research directions are
proposed to improve the proposed methods and address related topics to enhance the safety of
the IWT system.
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Chapter 2

Literature Review

Since we cannot know all that there is to be known about anything,
we ought to know a little about everything.

-Blaise Pascal

In this chapter, a literature review of the state-of-the-art is presented, covering the four main
topics related to the safe autonomous navigation of IWVs, namely: 1) maneuvering modelling
and robust identification, 2) path-planning and control, 3) sensor fault diagnosis, and 4) risk-
aware decision-making. With that, this chapter addresses the first research question RQ1: What
are the state-of-the-art and research gaps regarding the safe navigation of autonomous vessels
in inland waterways?

This chapter is organised as follows: Section 2.1 reviews the literature on the identification
of a maneuvering model for marine vessels. Section 2.2 reviews the path-following control
literature for IWVs, and is divided into two sections, namely, the IWV maneuvering modelling,
and vessel path-following control. Section 2.3 reviews the literature on fault diagnosis, covering
firstly, the model-based fault diagnosis methods, and subsequently, the fault diagnosis of ASVs.
Section 2.4 reviews the literature on the risk-aware decision making for ASVs. Finally, the
conclusions are presented in Section 2.5 by identifying the research gaps.
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2 Literature Review

Table 2.1: Categorisation of studies on full-scale vessel identification

Reference Vessel and Type Identification Method Model Identified Model Accuracy Computational
Complexity
[34] Trimaran ferry Nonlinear prediction 4-DOF model (including Moderate-High  High
error method, Unscented roll dynamics)
Kalman filter
[35] Ribcraft, Inflatable boat Least squares method First-order speed and yaw- Moderate-High ~ Low
rate models
[36] Telemetron, Leisure boat ~ Linear regression First-order speed and yaw- Moderate-High  Low
rate models
[37] MilliAmpere, ferry Grey-box modelling 3-DOF fully-coupled and Moderate-High ~ Moderate-High
surge-decoupled models
[38, 39] Multratug 32, Tugboat Model-based estimation Linear 3-DOF model Moderate-High ~ Low
[40] Yukun, Training ship Support vector regression, 3-DOF black-box model High High
Modified grey wolf opti-
miser
[41] Yukun, Training ship Multi-innovation least 4-DOF model (including Moderate-High  Moderate
squares method roll dynamics)
[42] Inflatable boat Support vector regression  3-DOF model Moderate-High ~ Moderate
[43] Gunnerus, Research vessel Hybrid neural network 3-DOF hybrid model High High
model
[44] Gunnerus, Research vessel Neural network with mul-  3-DOF black-box model High High
tistep constraints
[45] Maverick, Catamaran Nonlinear least squares Decoupled surge and yaw- Moderate-High ~ Moderate
method rate models

2.1 Maneuvering Model Identification of Marine Vessels

To obtain accurate maneuvering models, a combination of model-scale free-running experi-
ments (using a scaled model of the vessel) and mathematical model-based methods is often em-
ployed [31]. Free-running experiments, including turning circles, zig-zag and spiral maneuvers,
provide realistic measurements of the vessel’s behaviour in environments such as towing tanks,
lakes, or the open seas. Based on these experiments, model-based system identification meth-
ods estimate key physical parameters of the vessel, including the hydrodynamic coefficients.
The resulting models facilitate precise predictions of the vessel’s maneuvering performance,
making them suitable for applications such as autopilot control design, route planning, collision
avoidance and fault diagnosis algorithms [27, 29].

Model-scale tests and simulations require extrapolation to full scale (conforming to the ves-
sel’s actual size), which introduces significant uncertainties from scale effects and environmen-
tal variations [32]. As a result, further validation using full-scale experiments is necessary. For
vessels already in service, such tests are typically preferred for system identification. However,
identification from full-scale data must particularly address significant modelling and measure-
ment uncertainties [31]. Moreover, some parameters are inherently challenging to identify due
to their dependence on specific operations and environmental conditions. In particular, multi-
collinearity among hydrodynamic terms can make strongly correlated coefficients difficult to
distinguish and accurately identify [33].

Recent studies have explored a range of data-driven and model-based approaches for full-
scale vessel identification (see Table 2.1). In Wang et al. [44], a neural-network model with
multistep constraints was used to capture the dynamics of a full-scale offshore research ves-
sel. Zhang et al. [40] employed a support vector regression method combined with a modified
grey wolf optimiser to predict the states of the full-scale vessel Yukun. Although these meth-
ods achieve good predictive performance, they are purely data-driven and yield parameters that
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lack physical interpretability, limiting their usefulness for physics-based modelling and control
design. To address this limitation, Wang et al. [43] proposed a hybrid approach that combines a
known vessel model with a neural network-based calibrator. However, the procedure for iden-
tifying the physical model parameters remains unspecified. Alternatively, several studies have
adopted white-box or grey-box modelling approaches to preserve the link to the physical param-
eters. For instance, Pedersen [37] applied grey-box identification to identify a simplified model
of the fully-actuated ferry MilliAmpere. Sonnenburg and Woolsey [35] applied the least squares
method to identify a set of linear first-order models, including a Nomoto (steering) model, a
sideslip lag model, a speed model, and a bilinear thruster model for a rigid hull inflatable vessel
Ribcraft. Eriksen and Breivik [36] proposed a simple 2-DOF model for an agile leisure boat,
the Telemetron, identified using linear regression and full-scale identification experiments. Wu
et al. [42] employ a support vector regression algorithm to identify linear and nonlinear hydro-
dynamic coefficients, as well as the damping coefficients for pitch and roll motions, through
sea trials and simulations. Song et al. [41] proposed a multi-innovation least squares algo-
rithm to identify the 4-DOF vessel dynamics, and demonstrated its application to full-scale trial
data from the Yukun training ship. Herrero and Gonzalez [34] presented an unscented Kalman
filtering approach for parameter identification of marine vessels, and applied it to identify the
parameters of a high-speed trimaran ferry. Hahn et al. [39] presented an estimation approach for
identifying a full-scale tugboat model using measurement data from regular operation. Zhang
et al. [45] performed an experimental identification of the decoupled dynamics of a catamaran
ferry, focusing on surge and yaw motions, using a bounded nonlinear least-squares algorithm.
Most existing full-scale identification studies either focus on simplified or decoupled system
dynamics or estimate only a few parameters. Only a few works, such as [34, 41], consider the
complete nonlinear dynamics.

Epistemic uncertainties arising from imperfectly known system parameters and initial con-
ditions can significantly affect identification performance, thereby necessitating robustness con-
siderations in the identification process [46]. Conventional identification methods, such as
stochastic approaches, provide a probabilistic treatment of uncertainties; however, the identi-
fied parameters often remain statistically unbounded, especially in nonlinear settings. This can
reduce confidence in the obtained estimates, as the optimisation may converge to local minima.
Furthermore, the assumptions about the distributions of random variables (e.g., Gaussian with
known mean and standard deviation) are often strict.

In contrast to this approach, a bounded-error characterisation of uncertainties, while more
conservative, avoids assumptions related to the noise distribution model and the independence
of the underlying random variables. The SMI framework utilises this principle to compute pa-
rameter sets consistent with the data and the assumed uncertainty bounds, such as measurement
noise and external disturbances [47]. Consequently, SMI provides not only the nominal pa-
rameter estimates but also bounds that enclose the true parameters. This formulation supports
robust prediction and control design, ensuring the model’s validity within explicitly defined
uncertainty sets. Furthermore, online identification/update of the system parameters and states
facilitates real-time gain scheduling, state estimation and fault detection [48]. Applying SMI
to full-scale vessel system identification becomes particularly attractive, as it can further fa-
cilitate adaptive and robust control design, ensuring safe operation under uncertain or variable
operating conditions [49, 50].
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2.2 Path-Following Control of IWVs

Operating IWVs in confined waterways is challenging as they are constrained by factors such
as canal width, infrastructure, dynamic water levels, river currents and riverbed variations. Wa-
ter depth, especially the impact of shallow waters, significantly affects a vessel’s motion and
maneuverability [51-56]. Furthermore, IWVs must frequently sail close to one side of the bank
to clear the way for other vessels, thereby approaching the channel wall. This can result in flow
acceleration between the gap, generating additional hydrodynamic forces on the hull, which
poses challenges to vessel steering and handling, the so-called bank effect [57, 58]. Figure 2.1
visualises the impact of these phenomena on an inland vessel’s maneuvering motion. Shallow
water and bank effects are also suspected as factors responsible for several grounding accidents,
including the infamous 2021 Suez Canal obstruction [59]. Therefore, a precise and robust math-
ematical model is critical for ensuring the operational safety of full-scale autonomous vessels,
as it facilitates accurate prediction of the vessel’s motion in confined waterways under these
hydrodynamic effects. In addition, effective control techniques must be developed to safely
and precisely follow the desired track while minimising the effort required from the propulsion
and steering systems. By reducing unnecessary maneuvers and optimising steering commands,
the vessel can mitigate wear and tear across the whole system and reduce energy consumption,
which is essential, e.g., for an electrified vessel, to maintain operational efficiency over longer
distances without frequent recharging.

2.2.1 IWV Maneuvering Modelling

Vessel maneuvering is a critical research topic that has been continuously developed during the
past decades. The existing studies on maneuvering can be classified into two categories: (i) free
running tests, by directly conducting model tests and full-scale trails with acting propeller and
rudder to analyse the vessel’s steering ability; (ii) mathematical model-based methods, focus-
ing on solving equations of vessel’s motion as rigid body dynamics to update its states based
on the speed and rudder inputs. Due to the high cost of free-running experiments and the diffi-
culty of predicting vessel maneuvering during construction, most research has been conducted
using mathematical maneuvering models, which can generate fast, accurate predictions. Some
typical maneuvering models, such as the linear Nomoto model and other nonlinear models [60—
62], have been widely used in the maritime domain to meet various application requirements.
Nevertheless, these models are developed for open-water applications using the profiles of clas-
sical commercial vessels, reducing their applicability to inland waterways, where vessels must
navigate in shallow, confined waterways most of the time. Kijima and Nakiri [52] proposed
the popular maneuvering modelling group (MMG)-based model with corrections in the hydro-
dynamic derivatives for shallow water. These corrections were provided using semi-empirical
formulas derived from model tests and lifting surface theory for classical seagoing vessels.
Yoshimura [56] used the MMG model to predict the maneuvering of a car carrier under various
water-depth conditions. The simulation results show good agreement with the experimental data
but also emphasise the shortcomings of calculated hydrodynamic coefficients, which are vessel-
specific, limiting their application to IW Vs as the hull types may differ significantly. In addition
to model tests, several researchers [63—-66] used computational fluid dynamics (CFD) to quan-
tify the impact of shallow water on vessel maneuvering, but the focus was still on correcting
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Bank

(a) Bank effect (top view)

(b) Shallow water effect (side view)

Figure 2.1: Visualisation of the (a) bank effect and (b) shallow water effect, acting on an IWV.
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the hydrodynamic coefficients of an individual vessel type rather than proposing a generic ma-
neuvering model. Liu et al. [67] proposed a holistic maneuvering model, specifically for inland
vessels, utilising the MMG model as the baseline and incorporating modifications tailored for
the twin-propeller configuration, along with a rudder model developed using two-dimensional
CFD simulations. However, the study focused only on navigation in the Yangtze River in China,
which has greater water depth and wider channel width than European inland waterways in gen-
eral; therefore, the water depth and other confinement effects were neglected.

Based on the existing literature, it can be concluded that to enhance the accuracy of IWV
dynamics predictions, a suitable maneuvering model must be derived and applied to confined
waterway scenarios. One related work was conducted by Yang and Moctar [68]. Using massive
captive model tests at varying water depths, a new Abkowitz-type model was developed to
account for the shallow-water effect on maneuvering forces and moments, and the results were
successfully validated against experimental and full-scale trials of an inland vessel. From a
different perspective, Zhang et al. [69] proposed a modified MMG model that incorporated
additional terms for the bank effect; the shallow-water effect was modelled using hydrodynamic
derivatives across various water depths. The model was validated using turning test data from a
pusher barge model [70].

2.2.2  Vessel Path-following Control

In addition to vessel maneuvering modelling, research efforts to enhance vessel motion con-
trol have also been witnessed during the past decade, focusing on the vessel path-following
problem. Path-following control system design can be further categorised into linear path-
following or course-keeping, which involves controlling the vessel to maintain a straight-line
trajectory, and curved path-following, which involves intricate steering mechanisms to navigate
the bends in the pathway. Curved path following is a comparatively complex task due to the
need to counteract the vessel’s lateral drift, which primarily results from its inertia and hydro-
dynamic disturbances [71]. To account for modelling uncertainties and the limited knowledge
of environmental forces such as wind and currents, a robust control law must be designed to
counteract their effects on the vessel; see, for example, [72-75]. Model-based robust control
algorithms aim at estimating and eliminating the impact of these disturbances on vessel navi-
gation, applying techniques such as active disturbance-rejection [74], neural networks [76, 77],
model-predictive control [78, 79], feedback linearisation [72], reinforcement learning [80, 81],
and sliding-mode control [82], to name a few. However, most of these proposed methods focus
only on the environmental disturbances that dominate the open sea, while maintaining sea-going
vessel characteristics (single-propeller, single-rudder designs). This is due to the limited exist-
ing literature on the modelling of the characteristics of inland waterways using physical laws.
As a result, these algorithms are inadequate in providing good control performance in inland
waterway conditions. Motion control in restricted waterways, such as rivers and port areas, has
recently been a focus in some works [75, 83]; however, further research on control design is
needed.

Navigating in inland waterways introduces additional constraints, such as the bank and
shallow-water effect, which can significantly impact the performance of traditional controllers
[84, 85], making the control synthesis problem more complex. Current maritime navigation
systems, such as track pilots, are often based on a Proportional-Integral-Derivative (PID) con-
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trol law or its variants due to their simplicity and ease of implementation [86, 87]. However,
the performance and robustness of such track pilots at river confluences and in the presence
of river currents are insufficient, leading to large cross-track errors [28]. This is partly due to
nonlinear effects, which are more pronounced during complex maneuvers and cannot be com-
pensated for by the model-free PID controller. Furthermore, the controller’s performance must
be analyzed for inland navigation. Finally, modelling waterways while considering the impact
of bank geometry is not addressed in the existing literature, thereby failing to fully represent a
real inland waterway. These factors necessitate the development of sophisticated model-based
control algorithms to ensure safe navigation.

Model Predictive Control (MPC) has been a widely popular control technique for the path-
following control design of ASVs [78, 88, 89]. By employing a prediction model, MPC can
anticipate and accommodate changes in the system’s future behaviour. This makes it an at-
tractive choice for vessel navigation applications, where proactive decision-making is crucial
due to the vessel’s large inertia and limited maneuverability. Furthermore, MPC can explicitly
take into account the constraints on the vessel inputs and states, facilitating the constrained con-
trol requirements of inland navigation. Since the performance of the MPC algorithm greatly
relies on the model’s accuracy, a detailed maneuvering model is a foremost requirement for
control design. Many existing works have addressed the path-following control problem for
autonomous vessels using linear MPC [79, 89-91]). These methods use models obtained by
successive linearisation around the operation point, which may change significantly. However,
a wide range of operating conditions (e.g., varying water depths, variable proximity to chan-
nel wall, sharp turns) cannot be effectively represented by a single linear maneuvering model
around a fixed point. As a result, for long prediction times, this leads to significant model
mismatch and, therefore, large tracking errors [89]. Unlike open-sea navigation, where ample
space allows for gradual course corrections, the confined and dynamic nature of inland water-
ways demands high-fidelity modelling of the aforementioned effects to ensure safe navigation.
NMPC utilises the complete vessel model, ensuring that various nonlinear effects and varying
operating conditions in inland waterways are accounted for. However, NMPC is known to have
a high computational burden, which may lead to implementation issues, as the underlying opti-
misation problem may not converge in a timely manner. Several methods have been proposed
in the literature to address this issue, including explicit MPC [92], direct multiple shooting [93],
and real-time iteration [94], among others. The direct multiple-shooting method has also been
employed for vessel path-tracking control applications, see [95-97].

2.3 Fault Diagnosis

2.3.1 Model-based Fault Diagnosis Methods

In the existing literature, it is occasionally assumed that the impact of a fault on the vessel’s
performance is not safety-critical and can be circumvented by employing a robust controller.
This approach of achieving fault tolerance is often referred to as passive FTC. On the other hand,
in active FTC, such a limiting assumption is discarded. Active FTC schemes include monitoring
modules that detect, isolate, and estimate faults as they occur, and thereafter accommodate their
impact to maintain the stability and performance of a system. Therefore, active FTC schemes



20 2 Literature Review

can offer fault tolerance for a broader range of faults and failures, and can generally do so more
effectively.

Model-based methods for fault diagnosis are based on an explicit mathematical model of the
system functioning in a nominal/healthy condition. These methods typically employ a residual
generator that compares the expected behaviour of the system with the observed behaviour to
detect a fault. Under healthy conditions and considering uncertainties, the residual is bounded
by a known threshold. However, when the system is subject to a fault, the residual magni-
tude may exceed this threshold, thereby detecting the fault. Model-based residual generation
methods can be broadly classified as follows [98]:

1. Observer-based methods: These methods are based on the system’s state-space model,
and use the output estimation error of an observer to generate the residuals. Several
approaches have been proposed for observer-based fault detection, using Luenberger ob-
servers [99], unknown input observers [100, 101], Kalman filters [102], etc.

2. Parity space approach [103]: The parity space approach is based on an input-output model
or a state-space model of the system. Unlike an observer, the parity space approach uses
the so-called parity relations between the inputs and outputs of a system, obtained by
rearranging the system’s model via linear transformations to decouple disturbances and
faults. Their limitation, compared to observer-based methods, is that they assume the
model’s structure and parameters to be precisely known.

3. System identification methods [98, Chapter 9]: This category of fault diagnosis methods
is based on identifying a model of the system by using the input and output signals,
which can be used to detect a fault, e.g., by associating the possible faults with specific
parameters that the identification algorithm estimates.

In model-based fault diagnosis methods, a fault is detected when an analytical redundancy
relation (ARR), an expression relating the residual to its threshold, is violated. Subsequently,
the goal is to locate the fault in the system, i.e., isolate the faulty component. Fault isolation can
be performed at both the residual generation and evaluation steps. There is a significant body of
literature focused on isolating faults during residual generation, aiming for perfect isolation, i.e.,
each residual is affected by only a single fault. Various methods for achieving this have been
proposed, such as those based on input decoupling, directional residuals, and using a bank of
observers [104]. However, it should be noted that in many practical cases, perfect fault isolation
may not be possible due to the system’s structural limitations [105]. On the other hand, fault
isolation during the residual evaluation phase is based on formulating a decision logic that com-
pares the decisions of the affected system states (observed fault patterns) with theoretical fault
signatures derived from the set of residuals. Two common ways of performing this consistency
test during decision-logic design are row reasoning and column reasoning [106].

2.3.2 Fault Diagnosis of ASVs

Faults in sensor systems may arise from signal degradation due to environmental conditions or
from a physical breakdown and can be either temporary or permanent. For example, a temporary
fault might occur when GNSS positional accuracy degrades due to obstacles such as buildings,
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bridges, or mountains that hinder satellite connectivity, even though there is no physical break-
down. GNSS multipath effects can also introduce bias and significantly reduce measurement
accuracy [107]. Various methods have been proposed in the literature to mitigate these issues;
see, for example, [108, 109]. Additionally, signal spoofing and jamming, which are categorised
as cyberattacks, pose serious safety risks. For example, a malicious agent might intercept and
manipulate GNSS data, jeopardising the system’s nominal operation. On the other hand, per-
manent faults may result from physical issues such as short circuits in sensor circuitry, Ethernet
failure, or sensor wear and tear.

Table 2.2: Categorisation of literature on the fault diagnosis of surface vessels. The abbrevia-
tions stand for the following terms: PF: Path following, TT: Trajectory tracking, DP: Dynamic
positioning, SK: Station keeping.

Application scenario Type of Fault Fault Detection/Estimation Method
References
PF/TT DP Mooring/ SK Actuator/Effector Sensor Structure
[110]* v v v Structural Analysis
[111-113] v v Structural Analysis
[114] v v Structural Analysis
[115] v v v Particle Filter
[116] v v v Deep Auto-encoders
[117] v v v Neural Network Observer
[118] v v v Extended State Observer
[119] v v Nonlinear Observer
[120] v v Nonlinear Observer
[121] v v Nonlinear Observer
[122] v v Unknown Input Observer
[123] v v Nonlinear Observer
[124] v v Adaptive Extended Kalman filter
[125] v v Adaptive Kalman filter
[126, 127] v v Parity Space Approach and Nonlin-
ear Observer
[128] v v Nonlinear Observer
[129] v v Linear Observer
[130] v v Convolutional Neural Network
[131, 132] v v Nonlinear Observer
*Either actuator or sensor faults can be diagnosed

Table 2.2 categorises the existing literature on the fault diagnosis of marine surface vessels,
based on the application scenario, the affected component, and the proposed fault detection
or estimation method. A broad majority of the literature employs model-based FDI schemes,
which involve designing observers to generate residual signals indicative of potential faults.
Many of these works propose approaches for diagnosing faults impacting the actuators; see, for
example, [119, 121-124, 126-129]. Wang et al. [119] proposed an online fault estimator for
ASVs affected by unknown faults and disturbances. The estimator can achieve finite-time con-
vergence of the tracking error in the presence of actuator bias and partial loss-of-effectiveness
faults. Park and Yoo [121] proposed a robust fault detection observer and an adaptive fault
accommodation scheme for saturated actuator faults affecting underactuated surface vessels.
Cristofaro and Johansen [122] proposed an actuator and effector FDI and control reconfigura-
tion scheme for overactuated systems using unknown input observers. The scheme is further
verified by a case study on an overactuated vessel. In Tsolakis et al. [123], an active isolation
approach is proposed for an overactuated vessel with thruster faults, which can be integrated
with a traffic-rule-compliant trajectory optimisation algorithm. Bhagavathi et al. [124] pro-
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posed a digital twin-driven scheme for detecting and estimating faults in the vessel’s propellers
using an adaptive extended Kalman filter. Zhou et al. [129] proposed an actuator fault diag-
nosis observer and a fault-tolerant controller for ASVs in a network environment with delays,
packet dropouts and packet disordering. In Benetazzo et al. [126, 127] and Lin et al. [128],
the problem of thruster fault diagnosis for the dynamic positioning (DP) of vessels is addressed
following the parity space and observer-based approaches.

In addition to actuator fault diagnosis, addressing the sensor FDI problem is equally crucial,
given the extensive number of sensors required for perception, situational awareness and state
estimation. Furthermore, the harsh marine environment, characterised by salt spray and high
moisture levels, can accelerate sensor degradation [19]. Table 2.3 summarises the commonly
used sensors for vessel navigation, along with the respective data processing methods and the
parameters obtained. Some sensor FDI approaches, including those proposed by references
[114, 125, 131, 132], rely on simple kinematic models. Blanke [114] proposed a structural
analysis method that uses analytical redundancy relations (ARRs) to diagnose sensor faults
and provide fault tolerance via sensor data fusion. The structural analysis technique is also
applied to position-moored vessels under the conditions of the loss of a moving line buoy-
ancy element, mooring line breakage, and faults occurring in the vessel actuators and sensors
[111-113]. Rogne et al. [131, 132] presented a sensor FDI scheme that relies on multiple
nonlinear observers for vessels performing DP tasks. However, the aforementioned schemes
do not account for the impact of external disturbances acting on the vessel. These factors can
significantly impact diagnostic performance, leading to false alarms. Asfihani et al. [125] pro-
posed an adaptive Kalman filter-based method for sensor fault detection and estimation. The
fault estimation, however, fails in some cases when the states linked to the sensor fault are not
persistently excited.

On the other hand, sensor FDI schemes employing detailed dynamical models of the vessel
have also been proposed [115, 118, 120]. Zhang et al. [115] proposed an adaptive particle filter
to ensure the robust navigation of unmanned vessels affected by faults in the navigational sen-
sors and the propeller. A switching-mode hidden Markov model is used to describe the vessel
model affected by possible fault modes. However, this approach lacks a theoretical verification
of the estimation and diagnosis performance. In Zhang et al. [120], a nonlinear observer is
proposed for sensor fault estimation in conjunction with a fault-tolerant model reference rein-
forcement learning control method that ensures stable tracking for ASVs affected by a sensor
fault. A limitation of the proposed scheme is that it assumes the occurrence of a single fault.
In Wang et al. [118], an active fault-tolerant control scheme for ASVs is proposed for simul-
taneous sensor and actuator faults. The proposed method utilises a modified extended-state
observer and an adaptive output-feedback control strategy, focusing on position-heading sensor
faults. However, faults are modelled as a multiplicative factor with known bounds, limiting
their scope of application.

External disturbances such as winds, waves, and currents can significantly impact vessel
navigation, and their effects can lead to erroneous diagnostic results if not considered. In ports
and inland waterways, wind forces are among the dominant external forces [133]. Likewise,
the vessel’s motion and maneuverability are highly sensitive to water depth, which can vary in
inland waterways and canals [53, 134]. Depth limitations impact the vessel’s behaviour in var-
ious ways: they are perceptible in medium-deep water, highly significant in shallow water, and
dominant in extremely shallow water [135]. These factors, however, are neglected in existing
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Table 2.3: Typically used sensors on vessels for localisation and state estimation, along with
their corresponding measurements and the monitored parameters. These parameters are ob-
tained post-processing using data processing methods as summarised below.

Sensor Measured Parame- Data Processing Monitored Pa-
ter(s) Methods rameter(s) for

Navigation
GNSS Position (latitude, lon- Kalman Filtering, Low- Position in NED

gitude, altitude)

pass Filtering, Sensor
Fusion (e.g. with IMU)

frame (xp,y,)

Dual-Antenna Heading Kalman Filtering, Sen- Vessel heading (y)
GNSS sor Fusion (e.g., with
IMU)

IMU (accelerome- Linear  accelerations Kalman Filtering, Sen- Velocities in body

ter, gyroscope) and angular rates sor Fusion frame (u,v,r)

Gyrocompass Heading (true north ref- Low-pass Filtering Vessel heading (V)
erence)

Magnetic  Com- Heading (magnetic Low-pass Filtering, Vessel heading (V)

pass north reference) Sensor Fusion (e.g.

with gyrocompass)

Doppler Velocity Velocity through water Kalman Filtering, Sen- Translational ve-

Log (DVL) or over ground in surge, sor Fusion (e.g. with locities in body
sway directions GNSS) frame (u,v)

Speed Log Speed through water Low-pass Filtering, Surge velocity in
along the longitudinal Sensor Fusion body frame ()
axis (surge)

AIS  (Automatic Own vessel’s speed Low-pass Filtering, Speed over ground

Identification Sys- over ground (SOG), Sensor Fusion (U), course over

tem) course over ground ground (y) and

(COG) and position (if
integrated with onboard
GNSS)

position in NED
frame (x,,y,)
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model-based fault diagnosis schemes. Another key aspect that varies across vessels is the con-
figuration of actuators and onboard sensors, which determines the dynamical model employed
for residual generation in model-based FDI schemes.

2.4 Risk-aware Decision Making for ASVs

Hazard identification and risk assessment analysis are essential steps in the design of engineer-
ing systems to ensure their safe and reliable operation. In the context of autonomous vessels,
techniques such as Systems Theoretic Process Analysis (STPA) have been widely explored in
the literature for safety assessment and verification (see, for e.g., [136, 137] and references
therein). Additionally, providing the analysis results as inputs to the control system during
system operation can further enhance the decision-making capabilities of autonomous vessels
[138].

Arguably, one of the most critical decision-making tasks is identifying a hazardous situa-
tion and preventing an accident by bringing the system to an MRC. According to DNV GL, an
MRC is defined as “a temporary as-safe-as-possible state that the vessel enters when it expe-
riences situations which, if continued, involve operating outside the safe operating envelope”
[139]. These situations can arise from unsafe actions taken during vessel operation, originating
from factors such as sensor faults, communication delays, or harsh weather conditions, and can
potentially disrupt nominal operations. In this context, Lefebvre et al. [140] presented a hierar-
chical path-planning method for autonomous underwater vehicles that integrates collision risk
using a “risk map”. Bremnes et al. [141] performed hazard identification for autonomous un-
derwater vehicles and used the results to construct a dynamic Bayesian network for risk-based
decision-making. In Utne et al. [142], a framework for online risk modeling and control of
autonomous ships, known as supervisory risk control, is proposed. Risk is evaluated during the
operation using a BBN designed based on the results of the STPA hazard analysis.

One limitation of using a scalar risk variable in decision-making (as in Bayesian-based ap-
proaches) for control is the quantification, which inevitably leads to a loss of information [143].
Furthermore, it can lead to a situation in which a very low-consequence scenario receives the
same risk value as a very unlikely but high-consequence scenario [144]. To tackle this limita-
tion, GLAS DNV proposed a risk-based assessment tool where the risk probability is replaced
with another metric called the “effectiveness of risk mitigation”, which can be considered along
with the risk severity [145]. Further, Johansen and Utne [146] extended the work of Utne et al.
[142] to develop a supervisory risk controller that considers both risks and operational costs in
the online risk model. Rothmund et al. [147] present an approach to model and infer the inten-
tions of other ships by using a Dynamic Bayesian Network (DBN), which is based on various
intention variables such as safe distance, COLREGS situation, etc. Thieme et al. [138] detail
various approaches for integrating risk analysis methods into the control systems of autonomous
systems.

POMDPs, on the other hand, are decision-theoretic models that can explicitly represent the
effect of actions taken on the system’s state in their framework. Furthermore, POMDPs support
online planning algorithms for selecting actions based on the current belief state, rather than re-
quiring a precomputed policy. Unlike static Bayesian networks, POMDPs model the sequential
consequences of actions under uncertainty, making them suitable for dynamic risk-mitigation
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tasks. However, the use of POMDPs for post-failure risk mitigation in ASVs remains unex-
plored in the literature, although it has been applied in other domains, such as mobile robots,
underwater vehicles, and EMI resilience (e.g., see [148—150]). A few limitations have gener-
ally restricted the adoption of POMDPs in this setting. Firstly, the number of states and their
associated properties in POMDPs can rapidly proliferate, which could significantly increase the
computational cost of real-time evaluation. Secondly, the belief states of POMDP represent
abstractions of the vessel states that are less intuitive to a human operator than the semantically
meaningful nodes of a Bayesian network. Finally, determining the transition function for the
POMDP model is non-trivial, as it requires conditional probabilities for every state-action pair.
These factors are a key consideration favoring the adoption of Bayesian networks [143, 151].

A hybrid BBN-POMDP pipeline may directly alleviate the aforementioned limitations. In
such an architecture, the BBN provides an interpretable, evidence-driven representation of risk
factors, whereas its inferred probabilities can be systematically mapped to POMDP transition
probabilities. Subsequently, the POMDP model provides tractable online planning capabilities.
To the best of our knowledge, such an architecture has not been explored in the literature for
ASV risk mitigation.

2.5 Conclusions

This chapter reviews the literature on the safe autonomous navigation of IWVs and addresses
the research question RQ1: What are the state-of-the-art and research gaps regarding the safe
navigation of autonomous vessels in inland waterways?

For the vessel maneuvering model identification problem, least-squares regression and stochas-
tic methods such as Kalman filtering are most commonly employed in the literature. However,
these methods yield unbounded parameter estimates and/or impose stricter assumptions on the
uncertainties (e.g., the noise distribution), thereby limiting the robustness of the estimates and
reducing their confidence. Furthermore, the complexity of the identified model varies signifi-
cantly in terms of the model order, nonlinearity, DOF coupling, etc. This affects the model’s
accuracy and the computational complexity of the identification algorithm. A detailed categori-
sation for the same is provided in Table 2.1.

The majority of existing literature on the path-following control problem focuses on open-
sea navigation, and modelling of the environmental characteristics and hydrodynamic phenom-
ena in inland waterways is lacking. Therefore, existing model-based control methods perform
poorly when the vessel experiences bank and shallow-water effects in confined waterways. Fur-
thermore, evaluating the controller’s performance in inland navigation is not considered in the
existing literature.

Next, the literature on model-based fault diagnosis is reviewed, considering both fundamen-
tal research and applications to ASVs. Observer-based methods are most commonly employed
across vessels operating under different scenarios, and actuator faults are the commonly consid-
ered type of faults. An overview of the literature across various categories (application scenario,
fault type, etc.) is provided in Table 2.2. Sensor faults are identified as a critical area of research,
especially given the very limited research on their detection under external disturbances and on
multiple-sensor fault isolation. The primary sensors of interest are presented in Table 2.3, along
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with their measured variables and processing techniques.

For risk-aware decision-making, designing a risk control framework has been a recent area
of interest, where balancing the complexity of dynamic risk modelling with real-time decision-
making remains a challenge. Existing works focus on Bayesian networks for online risk mod-
elling, providing posterior probabilities that must be paired with a control system for decision-
making. However, dynamic decision-making methods that directly output control policies, such
as POMDPs, have not been explored for autonomous vessels, despite their potential for real-
time risk mitigation.

Overall, it can be concluded that the research gaps on the autonomous navigation of IWVs
include a) methods for robust and bounded parameter identification, b) path-following control
considering the confined waterways environment, ¢) multiple sensor-fault diagnosis methods
considering external disturbances and sensor noise, and d) dynamic risk-mitigation methods
for decision-making and control of IWVs. Based on these findings, the upcoming chapters
(Chapters 3-6) propose methods for system identification, fault diagnosis, control, and risk
mitigation for autonomous navigation of IWVs.



Chapter 3

Robust Set-membership Identification of
Marine Surface Vessels

Models are a matter of inspiration, not deduction.

- Jan C. Willems

Considering the research gaps determined in Section 2.1 of the previous chapter, this chap-
ter presents a systematic approach for identifying a nonlinear 3-DOF maneuvering model for
a full-scale vessel using the SMI method. It also demonstrates the practical application of the
SMI method to real-world experimental data, establishing its effectiveness for full-scale iden-
tification under uncertain operating conditions. Therefore, the following research question is
answered RQ2: How to identify a robust and control-oriented maneuvering model of marine
vessels under realistic operating conditions?

This chapter is organised as follows: In Section 3.1, the vessel’s nonlinear maneuvering
model and thrusters model are introduced, along with the key parameters to be identified. Sec-
tion 3.2 provides a detailed description of the proposed SMI method, which involves computing
the feasible parameter set (FPS) that is guaranteed to include the true parameters. In Section
3.3, the proposed method is validated through parameter identification of a catamaran-type pas-
senger ferry by utilising logged data from multiple maneuvers performed during river trials.
The method yields both optimal point estimates and bounded parameter sets, providing robust
uncertainty quantification. Validation using synthetic data is performed to benchmark the algo-
rithm’s performance under idealised conditions. Additionally, sensitivity analysis is performed
to determine the most crucial parameters for accurate identification. Finally, in Section 3.4, the
conclusions and key findings are summarised.

The contents of this chapter have been published in (Dhyani et al., 2026').

thyani, A., Tsolakis A., van der El, K., Negenborn, R.R. and Reppa, V., 2026. Robust vessel maneuvering
modelling using set-membership identification. Control Engineering Practice, 173, p.106936.
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Figure 3.1: The coordinate system of a surface vessel. The variables (x,,y,) represent the
coordinates of the vessel’s position in the o¢ frame. u, v and y are the surge, sway velocities
and the heading angle, respectively.

3.1 Vessel Maneuvering Model

Figure 3.1 illustrates the coordinate system of a vessel in 3-DOF with the North-East-Down
reference frame (09 — NED) and the body-fixed reference frame (o — xpypzp) (the D- and z;-
axes are not shown). Its detailed kinetic and kinematic model are described in the following
subsections.

3.1.1 3-Degrees of Freedom (DOF) Maneuvering Model
The 3-DOF dynamical model of the vessel can be expressed by

n=R(y)v, (3.1a)
MV +C(V)v+D(V)v=1+14, (3.1b)

T . . . .
where N =[x, y, Y| is the generalised coordinate vector in the NED frame, and v =
T . . . . . .
[u v r} is the generalised velocity vector in the body-fixed frame, with u,v denoting the
linear velocities in surge and sway, and r denoting the angular velocity (yaw rate). The variable
T .
T= [ru Ty rr] represents the controlled input force vector and T4 € R3 represents the added
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force vector, which comprises unknown forces acting on the vessel due to various external
factors such as wind, currents, forces from the towing system, etc ([152]). The terms M and
R(vy) represent the inertia and rotation matrices respectively, having a 3 x 3 dimension, with

-m — Xu 0 0
M= 0 m—Y; mxg—Yr|, and, 3.2)
L 0 mxg — N,; IZp — N,'«
[cos(y) —sin(y) 0
R(y) = [sin(y) cos(y) 0. (3.3)
0 0 1

Here, m is the vessel’s mass, L, is the moment of inertia about the z,— axis, and, X;, ¥y, Y, Ny
and N; are hydrodynamic parameters that account for the added mass. Further, xg represents
the coordinate of the vessel’s centre of gravity along the x;,- axis. The terms C(v),D(v) are the
Coriolis-centripetal and damping matrices, respectively, and are given by

0 0 C13 V)
cv)y=1| o0 0 cn(v)|,
_—613(V) —023(\7) 0 (3 4)
[di(v) 0 0 ’
D(V) = 0 dxn(v) dn(v)|,
0 d32(V) d33(V)

with ¢13(V) = —m(xgr+v) + Ypv +Yir, c23(V) = mu— Xyu, di1 (V) = =Xy — X|yu|ul — X |12,
dp(v) = =Y, = Yy v = Yjlrl, das(V) = =Y = Yy [V = Yy |rl, da2(V) = =Ny = Njyppv| =
N\r|v‘r|a and ds3 (V) =—N; _N\v\r‘v| _N|r\r|r|- The terms X, X\u|ua Xuuus Yos Y\v|v’ Y\r|v7 Y., Y|v\r,
Yirs Nvs Niyjys Nirjys Ny, Njyjr and N, are the hydrodynamic parameters that account for the
damping forces within the second-order modulus model representation ([153, 154]).

3.1.2 Thrusters Modelling

For a twin azimuth-thruster configuration, the controlled input force vector can be defined as

Tu Xpr,l + XprAZ
T= || = Ypr,l + Ypr,2 + Ybow 5 (35)
Tr Npr,l +Npr,2 +Nb0w

where, X,,,.;, Y,.; and N);; are the generalised force components for the i—th thruster, i € {1,2},
such that ([155])
Xpri = Fp,icos (i) — Fy icos(B;) — Fyisin(;)
Ypri = Fy sin(dc,i) — Fy isin(B;) + Fp icos(B;) - (3.6)
Npri = XRY pri — YR,iXpri
Here, F; ;, F; ; and F; ; represent forces due to the i—th thruster acting in the propeller direction,
in the relative fluid velocity direction and perpendicular to the relative fluid velocity, respec-
tively. Further, J.; and PB; are the azimuth and flow orientation angles for the i—th thruster,
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respectively. Finally, xg and yg; are the longitudinal and lateral coordinates of the thruster’s
location. The thruster force can be defined using the following quadratic relation:

Fi=C 0, ic{l,2}, 3.7)

where, C; ; represents the thrust force coefficient and . ; represents the propeller revolutions in
rad/s. Furthermore, the force components F,; and F; ; can be defined as

Fy1; = 0.5pAR(Ca0+Ca1|0:))V7

. . (3.8)
Fl.i = 0.25pARCI"1 sm(2¢,<)Vl- s i€ {],2}7

where, the terms p represents the fluid density, Ag the reference area, ¢; = 8. ; — B; is the relative
fluid angle of attack and V; is the total fluid flow velocity. The constants Cy o, Cy, 1 Tepresent the
base drag coefficient and its variation w.r.t. ¢, respectively, whereas constant C; | represents the
variation in the lift coefficient w.r.t. ¢.

Remark 3.1 Notably, in this study, we focus solely on the vessel’s high-speed maneuvering;
therefore, the bow tunnel thrusters are not employed, resulting in Yoy and Npow having zero
values. O

The parameters vector O € R, ng = 27, comprising the parameters in the vessel maneuver-
ing model (Equations (3.1),(3.5)) to be determined, is given by :

o=[6 6, 03], (3.9)

where

91:[121, Xo v i Ny Ni Xy X\u|u quu}a
02=[% Yy Vv Yo Yo Yiir Mo Ny Nigp], (3.10)
03= [N, Ny, Ny Gi Ga Ci Cao Cai Ag].

The initial values and bounds for these parameters are determined using empirical formulas,
standardised full-scale tests, such as bollard-pull tests, and/or expert knowledge.

The objective of this study is to estimate the aforementioned parameters of a 3-DOF nonlin-
ear maneuvering model using the SMI method, while providing their guaranteed bounds. The
proposed method is described in detail in the following section.

3.2 Set-Membership Identification (SMI)

SMI enables the identification of unknown system parameters under the assumption of bounded
noise and disturbances, thereby avoiding the need for a stochastic treatment for these uncertain-
ties. It requires that the system is linear in the parameters of interest, even if the maneuvering
model given by Equation (3.1) and the thruster model given by Equations (3.5), (3.6) are in-
herently nonlinear with respect to the system states and control inputs. The nonlinear entry of
these parameters into the system dynamics also makes the system identification task difficult,
as it leads to a nonconvex objective function. This can further lead to the optimisation solver
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converging to a local minima. Consequently, the identified parameters may not accurately rep-
resent the true underlying vessel dynamics. To address these issues, the model is transformed
and discretised to obtain a discrete-time linear-in-parameters (DT-LIP) model, given by

x(k+1) = G(x(k),u(k))E (3.11a)
y(k) = x(k) +n(k), (3.11b)

where G € R"*"% denotes a nonlinear basis function in states x(k) € R" and controlled inputs
u(k) € RP, with n = 6 and p = 4, respectively, and y(k) is the output, which is a function of
x(k) and the measurement noise n(k). The vessel’s states x(k) and the controlled inputs u(k) are
respectively defined by

(k)= [nk) v(k)]"

(3.12)
(k) = [8e1 (k) Bea(k) oc1(k) @ea(k)]".

Further, the vector § € R, ng = 78, represents the transformed parameters vector to be identi-
fied, and is given by

T
E=f & &) (3.13)
with
- 0 T
- 0 T
~(lep iy =NiYy Ny Y;—Nymxg) (NoYy—Ng¥,—Nym-+Ymxg)
- .x, 1T —(Lp Yr+-NrYi=N; Y, —Nemxg) (N, Y5 —NyY,—Nym+Y,mxg)
0 ((Xa=Yy) (Y;—mxg)) N —((Xa=Yy) (Yy—m))
8 ~(I, Xytm?x%, —NiXi—LpmANim+Y7 =2Yimxg) —(NsXa—Y:Yy—Nom-+Yem—Xgmxg+Ypmxg)
0 9 3
‘f"x”") Iz Yo Ny + N Y —Noyimxg) —(Ne¥Yoy =Ny Yot Nyym—Yymx)
o Ly Yo =Ny YN =Ny (NorYy =Ny, =Ny Yy m)
0 (Lo Y= Ny Y+ N Y —Nry) (N Yy =No¥y =Ny ¥rii)
8 (L Yor—=NiYur+Nyy Y —Nypmixg) e l/“(JIFNW mteme)
. (¥y—mg) | 9 1 0
_ -X, _ _ (G Y (Y
&=y o | = — (€ (17-mrg)) CG= iyl
Xa—m) e : as (¥ (Yo —m)
—C» (CrYr (Yi—mxg)) —(az¥(Yy—m))
—a (a2, (Yi—mxc)) (azY, (Y—m))
—ax —(ax¥, (Yi—mxg)) —(axY, (Yy—
o 21 (@Y, (Yo—m))
2 (a3Y,(Yi—mxg)) (a3¥,(Ys—m))
as —(a3¥,(Yi—mxg)) —(agY,(Ys—m))
—ay (as¥,(Yi—mxg)) (as¥,(Yy—m))
0 —(aq¥,(Yi—mxg)) -
9 (€ lag))
9 —(Ci1(a7)) ~(Cr2(as))
0 ~(Gialar)) ~(a(
L o _ (ax(ag))
(ax(a7)) —(as(as))
~(as(a7)) L —(as(ag)) J
L —(as(a7)) E

(3.14)
where ar = O.SPARC,LQ, a3 = O.SPARCd_yl, a) = O.SPAR(0.9C],1), as = IZpYV + m2x2G — N;iYs, +
NyYi — I, m+ Nym— Nymxg — Yimxg, ag = Ny — Yypxg +mxg —mxg, a7 = I, — N+ Y;xg — mxgxg.
Note that & differs from the physical parameters in 8 due to the transformation of the system
dynamics into the DT-LIP form, with the transformation function represented by f : R — R",
Carrying out this transformation involves formulating & by separating the unknown parameters
from the known states and inputs and vectorising them, and obtaining G by converting the
original nonlinear function in Equation (3.1) into a block-matrix form (see, for e.g., [156, 157]).

The bounded noise assumption can be stated as follows:
Assumption 1 The noise is unknown and bounded by a known upper and lower bound, i.e.,

n(k)| < i & n(k) € A(k) = {n(k) € R", Hn(k) < hy}, (3.15)
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where
H=[1, -1,] erR™"

h, = [Q ﬁ] e R,

with I, denoting an identity matrix of dimension n.

(3.16)

The proposed SMI algorithm can be summarised as follows: Firstly, a DDPS, A(k) C R"
must be computed, using the DT-LIP description of the system dynamics (Equation 3.11), the
noise bound (Equation 3.15) and the input-output measurements. The input-output measure-
ments could correspond to logged data or real-time measurements, depending on whether the
identification is offline or online. Next, the FPS, I1(k) C R™, is computed, using the DDPS and
the previous estimate of the FPS IT(k — 1). A parameter estimate 6* is obtained by solving a
QP over I1(k), using the DDPS as a constraint. The QP is formulated in terms of the original
parameter vector  instead of the transformed parameter vector &, to avoid the need for a non-
linear transformation to invert the system dynamics. Finally, the parameter bounds are obtained
by solving a minimisation/maximisation linear program over the DDPS polytope. In the case
of online identification, both the optimal parameter vector estimate and the bounds must be
computed at each iteration. The steps to compute the DDPS are described in the next section.

3.2.1 Data-driven Parameter Set (DDPS) Computation

For the DT-LIP system represented by Equations (3.11), the DDPS refers to the set of all param-
eters that is consistent with the model structure, measurement data and the noise and disturbance
bounds at each time-step k. The DDPS can be approximated as a polytope computed by firstly
combining the equations (3.11a), (3.11b), such that

yk+1)=g(k)+n(k+1), 3.17)
where the term g(k) € R" is given by

g(k) = G(y(k) —n(k), u(k))g, (3.18)

and depends on the output y(k) and the control input u(k), which are known; however, the noise
signal n(k) is unknown. For computing the DDPS, we require computing a polytopic bound
for this term, which can be obtained via interval analysis. Firstly, a bound on the states can be
computed as
x(k) = y(k) = < y(k) —n(k) < y(k) +7 = x(k),
& x(k) € [x(k),x(k)] = [x(k)].

The interval [x(k)] can be updated online for each new measurement. Using equation (3.19)
and interval arithmetic, we can further compute a time-varying interval bound for the nonlinear
basis function G(y(k) —n(k),u(k)), as in [158], such that

(3.19)

[G(k), G(K)] 2 G([x(K)], u(k))- (3.20)
As a result, Equation (3.20) yields the polytopic bounds given by

g(k) € G,

G = {a(k) € R"|Hg(k) < hy(y(k),u(k))}, (3.21)



3.2.2 Feasible Parameter Set Computation 33

where the upper-bound hy (y(k), u(k)) € R*" is calculated using

helo(0. i) = | GO 62

Here, Ay(k) is the one-step difference equal to (y(k+ 1) — y(k)), G,(k) is the radius of the
interval matrix G([x(k)],u(k)) and & is a component-wise upper bound vector for &. Since the
inequalities in (3.15) and (3.21) are pre-multiplied by the matrix H, these can be added together,
resulting in the following inequality

H(g(k)+n(k+1)) < hg(y(k),u(k)) + hn. (3.23)

Note that to obtain the above inequality, the noise bound in (3.15) is shifted forward by one
timestep. Finally, substituting the relations in (3.18) and (3.15) into the LHS of the above
equation results in the DDPS given by

A(k) ={& € R™|HG([x(k)],u(k))§ <
hg(y(k),u(k)) +2h, } .
The above equation can be rewritten in a simplified form as
A(k) = {€ € R™[H,(k)§ < ha(k)}, (3.25)
where Ha (k) = HG([x(k)],u(k)) € R*"" and ha (k) = hg(y(k),u(k)) + 2h, € R*".

To ensure that the physical parameters can be directly obtained from the parameter identifi-
cation procedure, the DDPS must be reformulated in terms of the physical parameter vector 6.
To carry out this re-formulation, firstly, the nonlinear mapping from the physical parameters to
the transformed parameters is linearised as

E=2E+J(39), (3.26)

(3.24)

where & is the initial transformed parameter vector computed by using the initial parameter
vector B9, and J = 9§/06|g, € R"&*" is the Jacobian computed by finite differences. Rewriting
Equation (3.24) using the relation in Equation (3.26), we obtain

Ao(k) = {80 € R™|HG([x(k)],u(k))J56 <
—HG([x(k)],u(k))8o + hg(y(k), u(k)) +2hn} ,
which can be rewritten in a simplified form as
Ag(k) = {86 € R™|Hp, (k)00 < ha,(k)}, (3.28)

where Hy, (k) = HG([x(K)], u(k))J € B2 and iy (k) = ~HG([x(k)], u(k))Eo -+ hg (y(k), u(k)) +
2h, € R,

(3.27)

3.2.2 Feasible Parameter Set Computation

The set of all feasible parameters must be computed by recursively updating it using the DDPS,
starting from an initial bounded parameter estimate. For the transformed parameters vector &,
it can be represented using polytopes as

TI(k) = {& € R"|Hg (k)& < he (k)}, (3.29)
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T
where H; (k) R and he (k) € R?"&. Starting from an initial estimate of He (0) = [Ing 71,,4

T
and hg (0) = [g &} , the FPS update at each time-step k is performed such that
TI(k) =TI(k— 1) NA(k),Vk=1,...,N. (3.30)

This intersection of the two polytopic sets results in a new set defined by the inequality in (3.29),
with the new pair (H (k), hg (k)) given by

He (k) = [Hgf(k)l)} , he (k) = {hiﬁf (k)l)] . (3.31)

As new measurements are incorporated, the polytope can quickly explode in size and must be
kept bounded to avoid computational burden.

The parameter identification problem is formulated as a QP in the physical parameter incre-
ment vector given by 86 € R, around an initial anchor 6. Defining ® = H (N) and u = hg (N)
as the final stacked pair representing the FPS at the N-th timestep, the constrained QP can be
stated as the following minimisation problem

1 by
min. | @ (8o +(86)) — w3 + 5190]3 (3.32a)
s.t. 0 <0)+86 <6, (3.32b)
Hpy80 < hip,. (3.32¢)

The variable A represents the regularisation factor to prevent overfitting. Further, the Equation
(3.32b) represents a box constraint on the physical parameters. The inequality constraint (3.32c)
enforces the DDPS, where Hay, ha, denote a stacked pair obtained by vertical concatenation,
i.e.,

Hay = [Hay(1) ... Hay(N—1)]" € RZN-1xno,

(3.33)
T _
hag = [hag(1) . hag(N—1)]" € RWV=D),
leading to the compact DDPS representation in 80 given by
Ag = {59 S Rne|HA989 < hAe}' (3.34)

The resulting solution 36 is the smallest parameter increment that is consistent with both
measured input-output data and the FPS. The identified optimal parameters vector is given by

6% =0y + 56" (3.35)

Using the above relation, the parameter bounds can also be directly inferred by solving a com-
ponentwise min/max problem over the compact DDPS polytope, such that

07 = 69, + min 36;
89€Ae

_ 3.36
61* = 901,' +§nax 69,’, ( )
0cAgy

with 8; and 8; denoting the lower and upper bounds for the i—th parameter, respectively, for all
i €{1,...,ng}. The overall architecture of the SMI method is illustrated in Figure 3.2.
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Figure 3.2: Architecture of the proposed SMI method.

Table 3.1: Parameters related to the DAMEN waterbus 2907 shuttle

Parameter Description Value Unit
Lo, Overall length 28.65 m
b Beam 7.50 m
m Mass 45000 kg
XR Thruster’s x-coordinate -12 m

YR Thruster’s y-coordinate + 3.175 m
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Table 3.2: The measurement noise bounds

Element Value Unit | Element Value Unit
i(1) 2 m ii(4) 0.5 m/s
ii(2) 2 m i(5) 0.5 m/s
ii(3) 0.05 rad ii(6) 0.05 rad/s

3.3 System Identification: DAMEN Waterbus 2907 Vessel

In this section, the validation results are presented by applying the proposed method to the Wa-
terbus 2907, a hybrid (diesel and battery) powered water shuttle designed by Damen Shipyards
([159]), equipped with two azimuth thrusters and two bow thrusters. Its main parameters, re-
lated to its dimensions and mass, are mentioned in Table 3.1. The vessel’s maneuvering model
is identified using logged data, including sensor measurements from the onboard global navi-
gation satellite system (GNSS) and inertial navigation system (INS), as well as the propulsion
system, during various maneuvers performed on the Merwede River. The controlled inputs cor-
respond to the azimuth thrusters’ angles and revolution speeds, whereas the bow thrusters are
not employed, as only high-speed maneuvers are considered.

The data correspond to tests performed at full speed, including the zig-zag tests (at thruster
angles of +20/-20, +10/-10, and +5/-5 degrees) and the turning test, and comprise a total of 3101
data points collected at a sampling rate of 10 Hz. As a result, the total dataset length and the
sampling time are Ny = 3101 and Ty = 0.1 seconds, respectively. These tests provide suffi-
cient persistence of excitation for the input signals, enabling reliable parameter identification for
the given speed profile. The GNSS measurements are collected with real-time kinematic (RTK)
positioning enabled, providing centimeter-level precision. Furthermore, the onboard INS pro-
vides filtered velocity measurements by fusing raw data from GNSS and IMU sensors. The tests
were performed in calm waters, with water currents estimated at 3 km/h along the direction of
the river. Further, wind speeds corresponding to a Beaufort Number of 2 were observed. The
noise bound vector 7 is obtained using technical specifications for the onboard sensors, and its
elements are given in Table 3.2.

3.3.1 Identification Procedure

Algorithm 3.1 summarises the overall system identification procedure using the proposed SMI
method. For each maneuvering experiment j = 1,...,n;, the inputs u; € R*/*4, and the mea-
sured outputs y; € RNi*® are employed in the identification procedure, where Ny = N jnj.
Further, noise bounds 7 € R” and the initial physical parameter bounds [, 8] are utilised, based
on technical datasheets and expert knowledge. At each trial, an initial guess on the parameters,
60, is randomly selected inside the parameter bounds. Using 0y, a transformed parameter vector
&o is obtained by using the transformation function f. In the for-loop (Lines 9-15), the DDPS
and FPS are computed for each data point. The DT-LIP representation (Equation (3.11a)) is em-
ployed to compute the DDPS, using the relation in Equation (3.25) (Lines 10-11). In addition,
the DDPS is transformed into 80-space in lines 12-13. Finally, the FPS is computed in Line 14,
represented by a polytope defined by the pair (Hg (k),hg(k)). Starting from an initialisation at
the transformed bounds [£,E)7, it is updated by intersecting it with the DDPS A(k), defined by
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Figure 3.3: The Waterbus 2907 vessel (Courtesy: Damen Shipyards).

the pair (Ha(k),ha(k)).

The compact DDPS polytope, represented by the pair (Ha,,ha,), is obtained by vertically
stacking the pairs obtained for each time step. The QP is formulated with respect to 86, to
obtain the optimal 66* value (Lines 18-19). Finally, the optimal physical parameter vector 6*,
and the optimal parameter bounds are obtained. For each experiment, the estimated states can
be obtained by simulating the model using the optimal parameter vector 6*.

It is noteworthy that Algorithm 3.1 can also be implemented for online parameter updating,
since the DDPS and FPS are recursively updated. However, computational burden in real-time
applications must be reduced, particularly for the intersection operation described by Equations
(3.30) and (3.31). Many approaches have been suggested in the literature to address this issue,
for example, outer-approximating the FPS at each iteration using predefined normal directions
(see [158]).

3.3.2 Identification Results

The parameters of the 3-DOF model of the vessel obtained by using Algorithm 3.1 are sum-
marised in Table 3.3. These correspond to the inertia- and added-mass-related parameters, the
hydrodynamic derivatives, and the actuation-related parameters. The identified parameters are
further validated by estimating the vessel’s states, as described in the following subsections.
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Figure 3.4: The vessel’s motion trajectories in its x- and y- positions, corresponding to various
maneuvering tests performed at full speed.
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Algorithm 3.1 The proposed SMI algorithm

Input: {(u;(k),y;(k))}'L, fork={1,...,Nj}
Parameters: sample time T}, noise bound 77 € R” , initial parameter bounds 0 € [0, 0]
Output: Optimal parameters per-experiment 8%, Bounds [8%, 6%

04,6

1: for j=1ton;do

8:
9:
10:
11:
12:
13:

14:

2
3
4:
S:
6
7

succ <+ 0

while succ < Ngarts do
hy, [Q ﬁ}
60 ~ U([6,6]), & «+ f(60) > random restart
J < 05 /08|g, > Jacobian
{é, E} — f( [Q,T) > transformed bounds

T AT

H (0) [Ing 71,,@} | he(0) [; g} > initial FPS

fork=1toN;—1do

Ha(k) < HG([x;(k)],u;(k))

ha(k) < he(y;(k),u;(k)) +2h,

HAe (k) — HA(k)J

hag (k) <= —HG([x;(k)],u;(k))Eo + ha(k)

H, (k—l)} [h (k—l)}
He(k)« |8 Jhe(k) |78
R i el REOR (o

end for
Build stacked Ha, € R21(Nj=1)xne 44 ha, € R>"Wi=1) from {Hpg (k) hag (k) }
(o HF,(N) c R(2n§+2n(Nj—l))><n§ and y h(:(N) c R2n§+2n(Nj—l)
Solve the QP described in Equation (3.32).
9; +— 0o+ 86;
sz = 60’,‘ + mil’lgeeAe SGi;él-*J = 60",' -+ MaXggep, 80;, fori € {1, . ,ne}
succ < succ+ 1

end while

23: end for




3 Robust Set-membership Identification of Marine Surface Vessels

40

Table 3.3: Identified parameters of the DAMEN waterbus 2907 shuttle

Parameter I, ). & Y Y Ny N; Xy Xjulu Xouu
Value 2.7 x10%  -1945.16  -28921.48 -34885.49 -27909.24 -197285.14 -0.00 -642.59 -0.00
Unit kgm? kg kg kgm kgm kgm? kg/s kg/m kgs?/m>
Parameter Y, 3<_< Sx__\ Y, M\E\ M\E\ N, 2_<_< >\E<
Value -12.93 -24921.71  -95742.81  256.50  -929504.91 496954.14 444.81 213501.59 -70223.26
Unit kg/s kg/m kg kgm kg kgm/rad kgm kgm kgm?
Parameter N, Z?T 23\ Qﬁ_ Q?N Q: Q&b Q&L AR
Value -0.19 -355262.69 -37454.15 1.25 1.06 0.1 0.1 0.1 8
Unit kg m?/s kgm? kgm? Ns?/rad? Ns?/rad? -/rad - -/rad m?
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(a) Controlled inputs including the angles and revolution speeds for the port-side and starboard thrusters,
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(b) Comparison between the vessel’s measured linear and angular velocities and the corresponding sim-

ulated values.

Figure 3.5: The controlled inputs and the corresponding outputs, including the measured and
simulated states. The simulated states are obtained using the vessel’s identified model.
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Table 3.4: Comparison between the average values of the percentage fit and computational time
metrics corresponding to each test maneuver.

Zig-zag Zig-zag Zig-zag Turning
(—20/20) (—10/10) (=5/5)
Average Jg; value

MATLAB’s nlgreyest 81.45 76.11 61.54 81.49
SMI (Algorithm 3.1) 86.04 83.59 88.08 86.49
Average Jcomp value [sec]
MATLAB’s nlgreyest 0.0184 0.0228 0.0156 0.0273
SMI (Algorithm 3.1) 0.0023 0.0030 0.0008 0.0029

Validation using Simulations

The identified model is further validated by predicting the vessel’s linear velocities and yaw rate,
and comparing these predictions with the measurements. Figure 3.5 shows the controlled inputs,
namely the azimuth angles and the propeller revolutions, and the corresponding states predicted
using the identified model. The predicted trajectories closely match the measured data, demon-
strating that the identified model accurately captures the vessel’s dynamic behaviour across
diverse maneuvers. The slight offset observed in the sway and yaw velocities is likely due to
a combination of two related factors. First, the model assumes still water conditions, i.e., the
relative velocity due to currents is not taken into account. However, during the tests, a mild river
current was observed (at an estimated speed of 3 km/h), contributing to the vessel’s sideslip and
yaw moment. Secondly, wind speeds during the tests, although small in magnitude (estimated
to be between 4-6 knots), can lead to time-varying sway forces and yaw moments, with their
signs depending on the vessel’s heading. To eliminate these errors and achieve higher predic-
tion accuracy, incorporating a disturbance model for wind and current or including bounded
disturbances in the DDPS can be beneficial.

Subsequently, the prediction accuracy and computational times are quantitatively evaluated
using two performance metrics. Firstly, the percentage fit metric (Jg,) is calculated for each

state as R
Jt = max (0, 100 (1 - M)) 7 (3.37)
max (Vef, €)

where y, and X represent the measured and predicted states, respectively, and yy.r is the reference
value, equal to the initial measurement. Next, the computational time metric Jeomp is calculated
to underline the feasibility of real-time application of the identification procedure. This metric

is calculated as
fcpu

]Vtotal7
where fcpy is calculated by using MATLAB’s tic and toc functions, at the beginning and end
of the identification algorithm. The average values obtained for the aforementioned metrics
are presented in Table 3.4 for each test maneuver. Across all maneuvers, the proposed SMI
algorithm achieves a higher average Jg; value than MATLAB’s nlgreyest algorithm, further
confirming its accuracy and generalisability. In addition, the average Jeomp value is at least one
order of magnitude lower, supporting the case for online implementation of the SMI algorithm.

Jcomp = (3~38)
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Figure 3.6: Box plot showcasing the lower and upper bounds on the parameters’ magnitudes.
The parameters are arranged in the x-axis according to the corresponding element’s index in
Equation (3.9).

Optimal Parameter Bounds

For each identified parameter, optimal bounds are computed by solving the pair of linear pro-
grams in Equation (3.36) over the DDPS polytope. The resulting intervals are visualised in the
box plot as shown in Figure 3.6, with their respective numerical values listed in Table 3.5. Most
parameters exhibit narrow intervals, indicating that they are tied to directions well excited by
the data. The intervals are expected to shrink as more informative data are added to the DDPS
set and to widen when the noise bounds are expanded. Importantly, the intervals remain non-
empty and physically interpretable across all runs, indicating that the data are free of anomalies.

3.3.3 Validation using Synthetic Data

Validation using synthetic data provides a controlled benchmark for evaluating the proposed al-
gorithm’s accuracy. In this setting, the synthetic dataset is generated using a known model struc-
ture and parameter set, allowing direct comparison between the identified and true parameters.
This enables the assessment of the algorithm’s ability to accurately recover the physical param-
eters under idealised and controlled noise conditions. The synthetic data comprises controlled
inputs and outputs for various simulated maneuvers of the vessel. Sensor noise is simulated
using the bounds described in Table 3.2. The resulting magnitudes of the identified parameters
using synthetic data are shown in Figure 3.7. As shown, the identified parameters are plotted for
three scenarios: noiseless synthetic data (yellow markers), noisy synthetic data (blue markers),
and real-world experimental data (green markers). The parameters identified from real-world
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Parameter Lower Bound Upper Bound | Parameter Lower Bound Upper Bound
L, 2.04 x10° 276 x10° || Y}, 246031.5 615078.75
X -4120 0 N, 0 790
Yy -54370 0 Ny 115993 463972
Y; -63150 0 Ny -120462 0
Ny -68942 0 N, -0.45 0
N; -418910 0 Ny -481073.75 -192429.5
X, -20 0 Nir -63174 0
Xufu -128706.92 0 Cia 0.44 1.31
X -2.00 0 Cio 0.44 1.31
Y, -30.00 0 Cri 0.1 0.6
Y -56668 0 Cap 0.1 0.6
Yo -187748 0 Caa 0.1 0.7
Y, 0 462 AR 8 11
Yy -1251352.5 -500541

Table 3.5: The lower and upper bound values obtained for the identified parameters.
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Figure 3.7: Comparison of various parameter magnitudes identified from simulations and real
data, along with their ground truth values.

data also serve as the ground truth. It can be observed that the identified parameters lie within
the same range as the ground truth and within the previously obtained parameter bounds. Im-
portantly, the parameter sign consistency is maintained across all cases. This indicates that the
identification method generalises well beyond idealised simulations and results in physically
reliable results.
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3.3.4 Sensitivity Analysis

Next, we evaluate the identified model’s sensitivity by propagating parameter uncertainty through
the predicted vessel states. This helps determine the impact of parameter variation on prediction
accuracy. Firstly, a total of 500 parameter vector samples 8(*) € R” were uniformly generated
within the obtained parameter bounds, such that,

0r <0\ <8y, ic{l,...,ng}. (3.39)

For each sample, the nonlinear state update is performed using the available control inputs,
resulting in multiple predicted trajectories over the full horizon (Nyota1 ). Further, prediction un-
certainty bands are obtained by calculating the minimum and maximum values at each time
instant across samples. The resulting plots, including predictions using the nominal and median
parameter vectors (8,8, respectively), the prediction band for each velocity component, are
compared with the measured values, and visualised in Figure 3.8. As observed, a tight predic-
tion uncertainty band is obtained that closely follows the measurements, with the nominal and
median parameter vectors offering similar prediction accuracies within the band.
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Figure 3.8: Plots of the vessel’s measured linear and angular velocities and the corresponding
predicted values obtained at the nominal (optimal) parameter (6*), the median parameter (8) in
the parameter bounds, and the uncertainty band representing the minimum and maximum state
predictions.

To quantify model accuracy for each sampled parameter vector 8(%), a root mean squared
error (RMSE)-based performance metric Jrmsg is defined, and is given by

Neotal

Jruse(89) = Y (3:(k) —£(8%),%))?, (3.40)
k=1
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where y, (k) represents the measured state at the k-th time-instant, and £(6(*), k) represents the
predicted state value at the k-th time-instant obtained using sample 8(). To determine the
parameter-wise sensitivity and the most crucial parameters for predictive accuracy, the Spear-
man rank correlation between each parameter 67 and Jrmsg is computed across the samples.
The Spearman coefficient, denoted by ps(0;,JrMsE), correlates the ranks of the sampled values,
and returns a correlation factor p € [—1, 1], with a 1 indicating strong correlation between the
parameter 0; and Jrvsg, Whereas values close to zero indicating small correlation over the range
of samples ([160]). Figure 3.9 plots the bar graphs for all parameters with their corresponding
Spearman coefficients arranged in a descending order of their magnitudes. Notably, the moment
of inertia parameter I, the yaw cross-coupling resistance parameter N|,|, and the second-order
surge resistance parameter X, obtain the highest values, implying that their variation within
the parameter bound range is consistently related to the changes in the prediction quality. On
the other hand, the third-order surge resistance parameter Xy, as well as the sway resistance
parameters Y, ¥z, have the least impact on Jrmsg, or their effect is masked by interactions
with other parameters.
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Figure 3.9: Spearman rank correlation coefficient for each parameter across the samples, with
the prediction error metric JRMSE-

3.4 Conclusions

This chapter proposed an SMI method for parameter identification of a full-scale 3-DOF vessel
maneuvering model, thereby answering the research question RQ2: How to identify a robust
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and control-oriented maneuvering model of marine vessels under realistic operating condi-
tions?

The method relies on unknown but bounded descriptions for sensor noise and disturbances
to deliver both nominal parameters and their bounds via the solution of convex programs. Val-
idation using data from experimental trials with a full-scale catamaran ferry demonstrated that
the proposed method yields parameters while requiring up to one order of magnitude less com-
putational time per sample and achieving improved state prediction accuracy. Compared with
MATLAB?’s built-in grey-box identification method, the prediction accuracy improved by up
to 26.5%. Furthermore, the identified parameters were consistently obtained within definite
bounds across all experimental and synthetic data validation. The obtained bounds facilitate the
derivation of explicit guarantees for robustness and safety. Finally, through sensitivity analy-
sis, the impact of parameter variation on the predicted trajectories was evaluated, and the most
crucial parameters were identified.






Chapter 4

Nonlinear Model Predictive Control for
Path-following of Autonomous Surface
Vessels in Inland Waterways

To reach a port we must set sail —
Sail, not tie at anchor
Sail, not drift.

- Franklin D. Roosevelt

While Chapter 3 provides a method for obtaining robust vessel maneuvering models, au-
tonomous navigation under uncertain conditions requires utilising these models to achieve ac-
curate control predictions. This objective aligns with the following research question: RQ3:
How to design and evaluate control systems that ensure safe navigation of autonomous vessels
in confined waterways? To answer this question, an NMPC design for path-following control of
an IWV is presented in this chapter. The dynamics of the IWV are modelled using an improved
MMG maneuvering model, specifically designed for inland waterways and based on physical
laws to effectively capture the unique hydrodynamic effects arising from water depths, river
currents, and bank effects. Furthermore, an extensive case study is conducted to validate the
performance of the proposed control design across diverse and complex inland waterway con-
ditions, including navigating river bends and intersections. New key performance metrics are
also proposed to evaluate the control performance on inland waterways.

This chapter is structured as follows: Section 4.1 introduces the modified MMG model and
highlights the modified terms for the hydrodynamic effects in confined waterways. Section 4.2
describes the design of the NMPC path-following controller for an IWV. Section 4.3 presents
the key performance metrics proposed for evaluating the controller’s performance. Section 4.4
presents the simulation results for various scenarios considered with the vessel navigating in
confined waterways. Finally, Section 4.5 presents the main conclusions of this chapter.

49
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The contents of this chapter have been published in (Zhang et al., 2025' ; Zhang et al.,
20242).

4.1 Maneuvering Model for Inland Waterway Vessels

The maneuvering model follows the architecture in [69], where the effect of shallow water was
modelled by two parts: (i) increasing resistance, especially the viscous pressure coefficient,
is predicted using the methods from [161], and (ii) surge force and moments during steering
in shallow water were calculated straightforwardly using hydrodynamic derivatives from the
experiment. In addition, the bank effect is a critical factor for navigation in narrow fairways,
which is calculated using the method from [58], where the lateral force and the yaw moment
are modelled based on the vessel-bank distance, the water depth, and the bank geometry.

4.1.1 Equations of motion

IWVs typically operate at a steady, low speed and therefore do not frequently encounter high
waves or strong winds. Consequently, the maneuvering model in this study focuses on two-
dimensional (2D) planar ship motion with 3-DOF, considering only surge, sway, and yaw mo-
tions. The equations of rigid body dynamics for IWVs operating in confined waterways are
obtained by modifying the MMG formulation given by Equation (5.13) in Chapter 4, and are
represented as

(m 4+ my)u— (m+my)vmr—xGmr2 =Xy +Xp+Xp+Xp
(m + my) vy + (m + my)ur+xgmi- =Yg +Yr +Yp 4.1
(L, + x5 m + J.,) i +xGm (v +ur) =Ny +Ng+Np

where v, is the sway velocity at midship. The right-hand side is the summation of the surge
force X, sway force Y, and yaw moment N, and the subscripts H, P, R, and B represent the
individual effect from the hull, propeller, rudder, and bank effect, respectively.

4.1.2 Hydrodynamic force on vessel hull

Hydrodynamic forces on the vessel hull are dimensionless according to the following equation

]Zhang, C.*, Dhyani, A.*, Ringsberg, J.W., Thies, F., Negenborn, R.R. and Reppa, V., 2025. Nonlinear model
predictive control for path following of autonomous inland vessels in confined waterways. Ocean Engineering,
334, p.121592.

2Zhang, C.*, Dhyani, A.*, Ringsberg, J.W., Thies, F., Reppa, V. and Negenborn, R.R., 2024, June. Manoeu-
vring modelling and control design of autonomous vessels on inland waterways. In International Conference on
Offshore Mechanics and Arctic Engineering (Vol. 87820, p. VO5AT06A046). American Society of Mechanical
Engineers.

*Equal contribution. The author of the thesis contributed to the systematic literature review, the design and analysis
of the GNC system (Section 4.2), formulation of the key performance metrics (Section 4.3), and the simulations
(Section 4.4).
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where p is the freshwater density, L is the vessel length, T is the draught, and U is the
vessel’s total speed, RE) is the resistance coefficient in shallow water [161], B, is the drift angle

! /

at midship, if there is no current, this is calculated by B,, = —tan~! (V’”)' XL;B’ Xgyo o0 N,

u ) rrr
are the so-called hydrodynamic derivatives by regression analysis from the captive model test,
¥ is the non-dimensional yaw speed (r/ = %) It should be noted that u, v, must be modified

based on the speed and direction of the water flow if the current effect is included.

4.1.3 Propeller thrust

IWVs are typically equipped with twin propellers. The total longitudinal force delivered from
a twin-propeller configuration can be expressed by

Xp=(1 — 1) (T,ﬁ’ + T,§) 4.3)

where ¢ is the thrust deduction factor and T,f , T,§ represent the thrust generated from the portside
and starboard propellers, respectively, which are computed as

1Y = T5 = pnaDpKr (). (4.4)

Here, np is the propeller revolution speed, Dp is the propeller diameter, and Kr(J) is the function
of the thrust coefficient derived from the open water test under various advanced ratios J. The
advanced ratio is given by

J= u(l — WP)/(np DP) (45)

where u is the surge velocity and wp represents the wake fraction at the propeller in maneuver-
ing, computed as
wplwpg = exp (— 4 B%;) (4.6)

where wpg is the effective wake in a straight motion. Furthermore, Bp represents the inflow
angle at the propeller, which includes the drift angle [B,, and yaw speed r, and is given by

Bp =B — (xfp) v %))

where xp is the position of the propeller in the longitudinal direction. The propulsive coef-
ficients, such as thrust deduction ¢ and wake fraction wpy are regarded as identical for each
propeller. This is because of the challenge of analysing the unsymmetrical inflow fields dur-
ing maneuvering motions; the crossflow can alter the wake field, and oblique movement might
result in more complicated interactions. To understand this, sophisticated experimental mea-
surements [162], such as Particle Image Velocimetry (PIV), or extensive CFD simulations are
required, which are beyond the scope of the present work.
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4.1.4 Rudder steering force and moment

Rudder steering forces and moments are another crucial component in the maneuvering model,
as they directly influence the vessel’s maneuverability. IWVs are typically equipped with twin
or multiple rudders for improved steering. In this work, the rudder forces are computed as
follows

Xgp=—(1 — tg) (FA’,’ + Fg) sind
Ye=—(1 + o) (F,i + F;j) cosd 4.8)

Ng = 7(XR + oy xH) (FAI; + FNS) cos o

where tg is the empirical correction factor to rudder surge force during steering [163]; Fj\f and
F,g denotes the rudder normal force on the port side and starboard, respectively; & represents
the rudder angle; oy is the rudder force increase factor; xg is the relative position of rudders in
the longitudinal direction, and xg is the position where additional lateral force is acting. As in
the propeller force calculation, the interaction between multiple rudders was neglected in this
work. Therefore, the rudder normal force is assumed to be identical with the same inflow angle,
and is given by

6.13A
Fy = 0.5pARU3 (+ sinocR) (4.9)

where Ap is the rudder area, Uk is the resultant inflow velocity at the rudder (Ug = 4 /14122 + v%e),
A is the rudder aspect ratio. Further, o is the effective inflow angle at the rudder given by

og = &—rtan”! (VR) (4.10)

UR
where ur and vg represent the longitudinal rudder inflow velocity and the transverse rudder
inflow velocity, respectively. These individual velocities are computed as

VR:UYR(ﬁm - l}er/)
i =L 1-2(1 = st {1 - Nk 2 - K}

T l—s

where Vg is the flow straightening coefficient; l;e is a constant derived from experiments which
denotes the acting point of vg; s is the propeller slip ratio; 1 is a ratio of propeller diameter to

(4.11)

rudder span (n = g—;) ; K is an experimental constant; and € is the ratio of the wake fraction at

the rudder and propeller positions given by

1_
e= % 4.12)

Here, wg, is the wake coefficient at the rudder position.

4.1.5 Bank-induced effect

The bank effect is another important factor that affects vessel handling in inland waterways. In
this work, the hydrodynamic forces and bow-out moment are calculated through the methods
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from [58]. A key feature of their mathematical model is that it also decomposes bank-induced
force and moment into individual components, which can be easily incorporated into the MMG
model.

4.1.6 River current

The effect of current, especially in sharp river bends or narrow fairways, makes maneuvering in
inland waterways more complex. The currents in this work follow a near-parabolic distribution
along the lateral direction, meaning that the flow is faster near the center of the waterway and
nearly zero near the banks. The equation is given by

u, =u—Uccos (Beur — V)

4.13
Vim = Vi — Ucsin (Bcur - W) ( )

where Py is the incoming current angle in the earth-fixed coordinate system. Hence, the drift
angle at midship, which accounts for the difference between the vessel’s course and heading,

is now given by B, = —tan~! (‘J—':’) Further, the total ship speed U is calculated by using

U = /u,24v,,2. Note that the equations of motion are updated using the vessel’s speed
through water.

4.2 Guidance, Navigation and Control for Inland Navigation

4.2.1 Navigation system

The guidance and control systems rely on the continuous availability of the vessel’s position,
heading and velocities in 3-DOF. This is made possible by the multiple sensors that typically
form a part of the navigation system and facilitate sensor fusion, redundancy and fault diagnosis.
Typically, GPS/GNSS, gyrocompass and accelerometers are employed for the same. The navi-
gation system of an IWV can be differentiated from that of a seagoing vessel by the requirement
for additional sensors measuring water depth and currents, which must be incorporated into a
closed-loop control system for autonomous navigation. The vessel’s distance from the bank
must also be available and can be measured using Electronic Chart Display and Information
System (ECDIS) data [16]. Additionally, in major rivers and canals, bank infrastructure is in-
creasingly being installed to provide precise localisation relative to fairway boundaries. Such
infrastructure includes fixed beacons and transponders that communicate with the vessel’s sys-
tems to provide constant updates on its relative position. Advanced navigation systems may
further integrate Automatic Identification System (AIS) data and satellite-based augmentation
system (SBAS) to improve positioning accuracy and situational awareness.

4.2.2 Guidance system

The IWV path-following problem can be posed as a heading control problem using an appro-
priate guidance law. This requires transforming the desired position coordinates to the desired
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heading angles. This is a typical approach followed for vessel control, using steering laws such
as Line-Of-Sight (LOS) [164], or their improved variants [75, 165]. The primary objective of
such guidance laws is to adjust the vessel’s heading angle to minimise the cross-track error, i.e.,
the lateral deviation from the desired path. As shown in the next section, focusing on heading
control can greatly simplify the control design procedure without trading off the path-following
performance.

The guidance system employs a path-planning algorithm to calculate reference heading an-
gles for a predetermined path defined by a set of waypoints. In this work, a lookahead-based
Line-of-Sight (LOS) algorithm is employed [164], as visualised in Figure 4.1. Firstly, the cross-
track error XTE(¢) is defined by

XTE(®) =/ (1) = xa (0 + (1) = va (1)) (4.14)

where x.1 and y.| are the points at the closest distance from the vessel on the desired path.
Similarly, signed XTE (SXTE(¢)) can be defined as

XTE(r), |7 <0

—XTE(t), Otherwise “.15)

SXTE(t) = {

where T is the cross product between the waypoint vector and the ship’s position vector, and is
equal to

= (xwp,k+l _-xwp,k) (yp _ywp,k> - (ywp,kJrl _ywp,k) (xp _xwp,k) (416)

Using the current position of the vessel and the positions of the waypoints, the reference
heading is computed as

V() = Wup(1) — Weross(1) 4.17)

where Wy, (f) represents the reference heading angle component corresponding to the slope of
the line formed by two consecutive waypoints, i.e.,

WYwp (t) = atan2 (ywp,k+1 — Ywp.ksXwp k+1 —xwp,k) (4.18)

Further, Weross(2) is the reference heading angle component that minimises the cross-track
error XTE(¢) and is given by:

Weross (1) = atan2 (SXTE(t), Xp) (4.19)

where Xp is a predefined lookahead distance value corresponding to the reaction distance of
the IWV, which depends on the vessel type and its dimensions. In this work, it is selected as a
constant positive value.

Since the path is approximated by straight-line segments connected by waypoints, a switch-
ing criterion is needed to transition between them. In this work, the along-track distance-based
waypoint switching criterion is employed, where a switch is made when the vessel reaches a
predefined distance away from the upcoming waypoint [164].
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Figure 4.1: Guidance law for the IWV heading control.

Remark 4.1 Path segment/waypoint switching using a constant distance or a circular radius can
cause sharp changes in the reference heading, leading to rudder angle oscillations [166]. These
oscillations can be reduced by carefully selecting the lookahead and along-track distances. Fur-
thermore, a smoother LOS steering law or switching criteria can significantly reduce this effect
[167-169]. a

4.2.3 PID control design

Figure 4.2 shows a block diagram representation of the resulting closed-loop system with a PID
controller for the IWV heading control. The PID reference tracking control law was designed
to update J, at each time step, such that:

(1) =K (we(t) +Ta (We(t) = et — 1)) + (): %,)) (4.20)

where, . (¢) represents the error in the heading angle at the time step 7, K), is the controller’s
proportional gain and T, and 7; are the derivative and integral time constants, respectively.
To select an optimal value for these control gains, the Ziegler-Nichols method [170] was em-
ployed to ensure a minimal heading error and acceptable overshooting and settling times for the
resulting path.
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Figure 4.2: Block diagram representation of the IWV heading control using the PID controller.

4.2.4 Nonlinear Model-Predictive Control (NMPC): IWV model

To formulate the NMPC design problem, the IWV dynamics are presented in the state-space
notation as:

q(t) = f(q(1)) + 81 (q(1), u()) + g2(q(1)) 4.21)

where, ¢(¢) denotes the vessel’s states and u(z) is the control input, given by:

a)=[a1() @) @) @) a0 g6()]"
= [op(6) vpt) W) ut) valt) r(6)]" (4.22)
u(r) = 9(¢t)

Further, the function of vessel states f (¢(t)), g2(¢(¢)), and of the states and control input
81(q(r),u(r)) are given by:

ra)= | BEPY Lo =], 5, ]

,ITC

(4.23)
@ =1,°
g2 q - M7110
where:
(m+my) 0 0 — (m+my) qs(t)gs(t) — xgmge (1)?
M= 0 (m+my) xgm D= = (m+my) qa(t)qe () ,
0 xgm (L, +xgm+J,) xgmqa(t)qe (1)
Xy +Xp Xr Xp COS(Q3(I)) *Sl'l’l(qj;(l)) 0
= |Yu+Ys|,te=|Yr|,%o=| 0|, R(g3(t)) = |sin(g3(r)) cos(gqs(r)) O],
Ny + Np Ngr 0 0 0 1

and 1 and v represent the generalised position and generalised velocity vectors, given by:
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q1(t) qa(1) CI3(Z)]T

[1(6) g
_Ecp(t; y,,it) v(n]", (4.24)
[

n()
v(t) = [qa(t) qs(t) q6(t)]

= [u(t) vult) (1))

As shown, T, comprises the hull forces and bank effect forces, whereas T, comprises the
controlled rudder forces. Further, note that to simplify the control design process, the propeller
rotation speed np is uncontrolled and assumed to remain constant during the heading control
phase. This assumption is commonly used for path following in inland waterways, as overtaking
is rare due to narrow channels, thereby minimising the speed variations. Instead, speed is often
optimised as part of the voyage optimisation, see for example [171].

Equation (4.21) must be further discretised for a given sampling time to incorporate it as
a prediction model within the finite time horizon of the NMPC OCP formulation. Therefore,
upon discretisation, the IWV model is derived by the following discrete-time dynamics:

ge(k+1) = fe(ge(k)) +g1c (ge(k),uc(k)) + g2c(ge(k)) (4.25)

where the subscript (.). is used to represent the variables used in the IWV prediction model,
and k is the discrete time step. Notice that Equation (4.25) is highly nonlinear and non-affine in
control. Next, the constraints on the state variables and the control inputs are presented through
the following inequalities:

Wmin < q30(k) < Wmax
Umin < q4c(k) < Umax

(4.26)
Vmin < q5c(k) < Vmax
Fmin < QGC(k) < Fmax
Simin < ute(k) < Smax 4.27)

Furthermore, to avoid rudder damage due to excessive actuation, the rate of change of the
rudder angle can be limited by enforcing the following inequality:

ue(k+1) —uc (k)| < Amax (4.28)

where, Amax is the maximum allowed change in the rudder angle in one time step. Finally,
the fairway constraints can also be better modelled by using polyhedrons in terms of the con-
straints on the x— and y— coordinates of the vessel, which results in the following inequality
constraint:

Apw [01c(0) qac(®)]" < b, (4.29)

where, Ap, € RNw*2 and b fw € RN/ represent the polyhedron in the H-representation.
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Figure 4.3: Block diagram representation of the IWV heading control using NMPC.

4.2.5 NMPC optimal control problem (OCP) formulation

An MPC-based control system computes a finite sequence of optimal control actions online by
solving a finite-horizon optimisation problem. Out of the computed sequence, only the first
control action is provided to the system, and this process is repeated at each time step. Figure
4.3 represents the overall closed-loop system resulting from the implementation of the NMPC
system.

The NMPC OCP is formulated as a nonlinear programming (NLP) problem using the multi-
ple shooting method over a finite prediction horizon Ny, where at each time step &, the following
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optimisation problem is solved:

NMPC (q3c(k), 9"/ () =

Ni=1q

2
arg(;nln <CI3C (Nalk) =y ( Nhlk) P+ Z (43c (h|k) —y"! (h|k)> Gm

+ uc? (hlk) 1
st qe(0[k) = q(k),
ge(h+11k) = fe (gc(hlk)) + g1e (qe(hlk), uc(h|k)) + g2c(qe(hlk)), Yh € {0,...,N;, — 1}
Wiin < g3¢(Alk) < Wmax, VR € {0,...,N;}
Umin < qac(hlk) < thmax, Yh € {0,..., Ny}
Vmin < g5¢(h|k) < Vmax, YR €{0,...,N}
Fmin < q6c(h|k) < Fmax, Vh € {0, . 7Nh}
Smin < ue(hlk) < Omax, VR €{0,... N, — 1}
e (7 -+ 11K) — e (A]K)] < Ammax, VR € {0,..., N —2}

Apw [q1c(hlK)  qae(hK)]" < by, YR E{O,... Ny }.
4.30)

Here, piu,qm, and r,, are scalar values representing the controller weights. Further, / repre-
sents a time step over the prediction horizon, such that, 0 < h < N, — 1. Therefore, |k represents
the prediction of the respective variable at the prediction step %, performed at the time step k.
The objective function comprises a running cost and a terminal cost component that minimises
the heading error. In addition, a running-cost component also minimises the required rudder
movements. The solution of the NMPC OCP at the k™" time step is the pair of optimal rudder
angle sequence and the corresponding sequence of the vessel’s states, given by:

(1, q3c) = NMPC (g3c(k), ! () (431

Finally, the first input rudder angle in the sequence is applied to the vessel, such that:

8(k) = (0[k) 4.32)

A unique feature of the multiple shooting method is that it divides the time horizon into
smaller segments and generates the state trajectory at each time interval, by solving an indepen-
dent initial value problem. This is unlike the single shooting method, which propagates the state
trajectory from a single initial condition over the entire prediction horizon. This, in turn, im-
proves the convergence speed of the solution and makes the optimisation more robust to errors
in the initial values [95].

4.2.6 Closed-loop stability and recursive feasibility

The vessel’s dynamical model is nonlinear, non-affine, and highly coupled, making it challeng-
ing to formally establish closed-loop stability. For this class of NMPC, selecting a suitable
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Lyapunov function is difficult, and restrictive assumptions may fail to hold in operational con-
ditions. Although the OCP given by Equation (4.30) includes a terminal cost term, it only
serves as a tracking penalty and does not provide a control-Lyapunov terminal cost paired with
a terminal invariant set [172]. Consequently, stability is only argued empirically from the case
study results in Section 4.4. Likewise, recursive feasibility is not enforced through a termi-
nal invariant set. However, Equation (4.29) provides a structural mitigation by considering a
clearance margin relative to the physical waterway boundary. As shown later in Section 4.4, no
infeasibility events were observed across the simulation scenarios.

A future direction to address both the stability and the recursive feasibility gap is to use
computational methods to construct a suitable polytopic terminal set and a terminal cost term,
as proposed by Lazar and Tetteroo [173]. This method works by linearising the nonlinear
dynamics at the equilibrium point of interest and computing a stabilising local LQR controller
for the linearised system.

4.3 Key Performance Metrics

The IWV heading control involves the satisfaction of multiple objectives. Typically, the con-
troller’s performance is evaluated by using the cross-track error and rudder angle error measures
[20]. In this section, we propose some key performance metrics specifically focussing on eval-
uating the performance of path-following controllers for IWVs. While some of these metrics
are based on commonly used metrics for control analysis, others are focused on evaluating the
safety and robustness of inland navigation.

¢ Maximum Absolute Cross-Track Error (MAXTE): The minimisation of cross-track error
(XTE) is the primary objective of IWV heading control. The satisfaction of this objective
can be evaluated by using the MAXTE metric, which is given by:

MAXTE = max XTE (k) = max \/ (e (k) = xe1 ()2 + (yp (k) —yer (K))* (4.33)

Note that (x,;,y.;) maybe different from the waypoints and correspond to the closest point
at a straight-line distance from the vessel. For a pusher connected to multiple barges, it is
important to take into account the cumulative width when calculating the MAXTE, and
the coordinates (x,,y,) must be modified accordingly.

* Average Absolute Cross-Track Error (AAXTE): While MAXTE indicates the maximum
deviation from the desired path, AAXTE is concerned with the mean XTE accumulated
over the time horizon until the vessel reaches its destination. This metric is also directly
related to the running state cost of the NMPC OCP formulation.

AAXTE—— Z V6 (0) = xs (K))? + 0 (6) =y (K))? (4.34)

e Safe Inland Navigation Metric (SINM): Assuming two-way traffic on the waterway, it
is desired to ensure that the vessel does not deviate too far in the port side direction.
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For a constant width of the river channel, this corresponds to the vessel not crossing the
waterway axis. At the same time, it must have a minimal XTE. These constraints can be
simultaneously evaluated by using the SINM metric given as

SINM = — 2
T, Z XTEmaX dcl,min

1 b ( max (O,XTE(k) - XTEm'dX) max (07 dcl‘min - dcl(k)>
o1 +0 -
I k=0

(4.35)

where, XTE (k) is the cross-track error at the time step k, XT Epax is the maximum al-
lowable cross-track error, d; (k) is the distance of the vessel from the centreline at the K
timestep, and d/ min is the minimum allowable distance from the centreline. The terms
o1 and o3 are scalars used to assign weights to the importance of XTE and d,;.

* Average Absolute Control Effort (AACE): The AACE metric computes the average con-
trol effort expanded by the control system throughout the duration of the course. It is a
crucial metric from the energy consumption point of view. Similar to AAXTE, AACE
considers the time-varying profile of the commanded rudder angles 8. This metric is

expressed as:
1 Ty—1
AACE= - Y [3(k)|? (4.36)
Ty 1=

¢ Inland Waterway Robustness Index (IWRI): As river currents, shallow-water effect and
bank effect are some of the most significant sources of external disturbances impacting the
IWYV maneuvering, it is crucial to ensure that the designed controller is sufficiently robust
against them. The IWRI is calculated by measuring the impact of these disturbances on
performance metrics such as the cross-track error and the heading error, by comparing it
to a nominal baseline scenario. It is calculated as:

1 Tfi (XTEk—X TEpy We,k—webz) 4.37)

IWRI = —

Ty 5 XTEpy Wbl

where XT E; and \, . are the cross-track errors and the heading errors at the K time-step,
whereas X T Ep; and ,;; are the corresponding baseline errors under nominal conditions.
The baseline errors can be calculated by estimating the achievable errors under no water

current, shallow-water and bank effect conditions.

¢ Estimated Time of Arrival (ETA): The vessel’s ETA can vary significantly despite it main-
taining a constant propeller rpm due to environmental factors such as currents, wind, and
hydrodynamic disturbances. The controller’s ability to effectively predict and counteract
these factors plays a crucial role in determining the actual sailing time. For simplicity,
the ETA is calculated while assuming no traffic congestion and the vessel being able to
maintain a constant propeller speed throughout its journey.

D Ad;
ETA = — o 4.38
v * ; (v— Av,-) (4.38)
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Figure 4.4: Geometry of pusher-barge convoy; dimensions in meters.

Here, n distance segments are considered where speed deviations are caused by various
factors. D and v denote the total distance to be covered and the constant nominal speed of
the vessel, whereas Ad;, Av; denote the i—th distance segment with speed variation, and
the variation in speed, respectively.

Ideally, these performance metrics should have the lowest possible values. For SINM, the ideal
value is zero, whereas for IWRI, a negative value indicates that the controller outperforms the
nominal case. In the following subsections, various simulation scenarios are presented to further
evaluate the proposed controller’s performance against these metrics.

4.4 Simulation Results

This section presents simulations of pusher-barge trajectories with the designed controllers.
The modified MMG model is utilised as the basis for predicting vessels’ dynamics under inland
waterways with current effects. The simulation scenarios cover three typical operational modes
of IWVs: (i) navigation along one side of the bank in the straight canal, (ii) turning in waterway
interactions confluence, and (iii) track-pilot along river bends. The performance and robustness
of the proposed control methods are evaluated using deviations in course (cross-track error) and
rudder effort, as well as the proposed key performance metrics.

4.4.1 Vessel model

The vessel considered in this work is a pusher-barge convoy, where a rake barge connects to a
pusher to formulate the 11BP system, as shown in Figure 4.4. The geometry of the convoy is
listed in Table 4.1. Note that the midship position for the vessel is defined at the longitudinal
and latitudinal coordinate representing the centre of the entire convoy, i.e., (50.48, 0) m. The
pusher has twin ducted propellers and four rudders to generate adequate maneuverability. The
profile of the propeller and rudder is shown in Table 4.2. The hydrodynamic derivatives are
selected based on experimental data from [70]. The model test was conducted on various water
depth conditions, including depth-to-draught ratio (H/T) of 1.5 for medium shallow water and
1.2 for shallow water conditions (see the Table 4.3).



4.4.2 Control parameters 63

Table 4.1: Dimensions of the pusher-barge convoy in full-scale.

Parameters Pusher Rake-barge Pusher-barge convoy
Length, L [m] 40.00 60.96 100.96

Ship Beam, B [m] 9.00 10.67 10.67
Draught, T [m] 2.20 2.74 2.74
Displacement, V [m3] 494.7 1646.2 2140.9

Block coefficient, Cg [-]  0.633 0.924 0.725

Table 4.2: Profile of rudder and propeller equipped on the pusher.

Parameters Values
Propeller diameter, D), [m] 1.8
Revolution speed, np [rpm] 300
Rudder span, Bg [m] 2.0

Rudder chord length, Cg [m] 2.0

4.4.2 Control parameters

The simulation scenarios are implemented based on the controller parameters listed in Table 4.4.
For the NMPC, the state constraints are derived from the practical physical limits of the IWV.
A prediction horizon equal to 25 secs is selected based on the full-scale vessel’s characteristic
time-scale and a computational requirement that enables for real-time application. Furthermore,
the OCP is formulated using the Casadi toolbox [174] and solved using IPOPT ([175]). The
NLP formulation of the OCP is performed using the multiple-shooting method in MATLAB to
ensure improved efficiency and numerical stability.

4.4.3 Straight channel simulation

The straight channel is designed to have a width of W=100 m, and a rectangular cross-section
with a constant water depth of H/T=1.2, representing extreme shallow water conditions that
might pose challenges to steering handling. The currents are near parabolic and distributed
along the canal with the maximum current speed at the waterway centre (Ucmax = 0.5 m/s).
The vessel is desired to keep a constant lateral vessel-bank distance of y,= 25, which is a typical
operational condition to ensure safety in confined canals to clear the way for upcoming or over-
taking vessels. Under this circumstance, the heading controller is responsible for compensating
the disturbances due to complex hydrodynamic effects from waterway, such as shallow water
effect, bank effect and currents, to track and maintain the desired course with minimum error
and control effort.

Figure 4.5 showcases the vessel trajectory with PID controller and NMPC under the influ-
ence of water currents. For upstream sailing, it can be observed in Figure 4.5 (a) that both
controllers show good performance as the trajectories are fairly close to the reference path.
Under downstream conditions in Figure 4.5 (b), the heading controller can maintain the path
effectively while a slight course deviation can be noticed. This is due to the decrease of rudder
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Table 4.3: Hydrodynamic derivatives of the pusher-barge model in shallow water.

Symbol H/T =15 H/T=12| Symbol H/T=15 H/T=12
Xég -0.1749 -0.3637 € 1.189 1.823
X/, 0.0792 0.1055 Oy -0.538 -1.113
Xér -0.0888 -0.248 t 0.249 0.326
Yé 0.6354 1.2375 oy 0.089 0.418
Y, -0.0227 -0.113 YR 0.357 0.293
YéB 2.5333 4.2245 wpo 0.493 0.576
Yéﬁr 0.7413 3.6005
Yérr 0.286 0.7129
Y, -0.0836 -0.2003
N[g 0.1988 0.4435
N/ -0.0654 0.0811
N[/iBB 0.5665 1.1277
ngBr -0.6547 -0.2249
Nérr -0.0528 -0.0561
N, 0.0097 -0.0522
Table 4.4: Parameters of the controllers.
Controller Parameter Value
K, 5
T; 10
PID . 25
Time interval [sec] 0.5
Prediction horizon N, [sec] 2.5
Interval [sec] 0.5
Terminal cost weight p,, 4500
Running cost weights g, 7, Gm=150,r,=1x10"%
NMPC Rudder angle limits [degrees] —45 < u(k) <45
Heading angle limits [degrees] —90 < g3.(k) <90
Surge velocity limits [m/s] 0<qa(k)<5
Sway velocity limits [m/s] —1.5<gsc(k) <15
Yaw velocity limits [degrees/s] =5 <gec(k) <5
Rudder angle change rate A, [degrees/s] 7.2

incoming flow speed at downstream navigation for lower steering force. This phenomenon can
be clearly seen in Figure 4.6, where the rudder effort is obviously lower in the upcoming current
(Figure 4.6 (a)) as compared to downstream sailing, as shown in Figure 4.6 (b). The compari-
son of rudder effort also emphasises an important feature of NMPC: optimisation of the control
effort. The controller can effectively utilise its predictions over the future horizon to adjust the
rudder instead of correcting only based on the vessel’s states, as in the case of PID control. The
cross-track error is shown in Figure 4.6 (c) and (d), and in general, the time plot shows both
controllers have good tracking performance, with the NMPC having an even smaller cross-track
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Figure 4.6: The rudder angles and signed cross-track errors (SXTE) over time with PID con-
troller and NMPC for the vessel sailing upstream and downstream, respectively.

error. Especially in upstream conditions, the lateral course deviation converges to within 0.5 m
of the desired track. When navigating in narrow fairways, such as locks or small canals, precise
motion control and track-keeping are critical for ensuring navigational safety.
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4.4.4 T-junction simulation

Inland waterways have many intersections that connect river branches, canals, and ports to
form complex transport networks. Navigating a vessel through this waterway confluence faces
unique challenges, such as tight maneuvers or sharp turning. Unlike sea-going vessels, the op-
erational spaces of IWVs are limited by such waterways. Therefore, advanced heading control
is critically important when steering vessels in these intersections. To evaluate the tracking
performance of the designed controllers, a waterway intersection with a “T-junction” shape is
established in this section. The main channel has a relatively higher current speed (Ucmax=0.5
m/s), and the tributary has a lower current speed (Ucmax=0.1 m/s). It should be noted that the
hydrodynamic behaviour of flow at the confluence point, such as vortices, is neglected in this
work as it requires CFD simulation with accurate turbulence models. To execute a sharp turn
in confined water, the vessel must initiate the maneuver well in advance. This implies that the
waypoint generation should take the vessel’s turning behaviour into consideration. In this sce-
nario, the starting point for turning was selected based on the vessel’s advance distance, which
is equal to 2.5 times the vessel’s length [69].

Figure 4.7 illustrates the trajectories resulting from the turning simulation under different
current directions in the main channel, where attitudes of the vessel have been plotted in differ-
ent colours to show its turning dynamics along the corresponding trajectory. To ensure turning
safety, the vessel maintains a relatively low constant propulsion speed of 100 rpm, meaning that
the speed changes dynamically only according to the vessel’s location and current directions, as
shown in Figure 4.8. The trajectories indicate that the NMPC achieves a near-perfect tracking
performance under both conditions. In the downstream current as depicted in Figure 4.7 (a), the
difference between the PID controller and NMPC is relatively minor, as the incoming current
increases the rudder load and generates more maneuvering force, although some course devi-
ation from the PID controller is still observable. In contrast, when applied to the downstream
current scenario (see Figure 4.7 (b)), a clear difference between the two control methods can be
seen. The PID controller exhibits a significantly higher tracking error compared to the NMPC,
with the maximum tracking error even exceeding 20 m during the turning simulation, as shown
in Figure 4.9. Another important factor that should be noted is that while the tracking perfor-
mance of the PID controller is inferior to the more advanced NMPC, it still enables the system
to generate fast responses to dynamic environmental impacts. As shown in Figure 4.7 (b), when
the vessel completes the turn and enters the tributary, the PID controller’s heading control can
quickly steer the vessel back to the desired track, highlighting the controller’s ability to adapt
swiftly to changing conditions.

The corresponding rudder control effort is summarised in Figure 4.10. The rudder angle
indicates a clear difference between the PID controller and NMPC. The NMPC’s objective
function explicitly considers reducing control effort, resulting in smoother and more consistent
rudder angles over time. As seen in the NMPC simulations, the rudder angle does not show
sudden changes during most of the operational period. However, relatively large deflections are
observed in a short period when the vessel enters the near-bank track in the tributary due to
the need for the heading controller to compensate for newly encountered hydrodynamic distur-
bances and maintain the vessel’s course. On the contrary, the PID heading controller results in
large deflections under both current directions. This difference highlights the potential of the
NMPC to reduce frequent changes in the steering system, which is crucial for energy conserva-
tion and the stability of autonomous systems, especially as future IWVs may be fully electrified.
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upstream and downstream, respectively.

Additionally, in this work, the vessel follows a constant rpm since vessels typically do not
frequently change speed while navigating in a straight line. Implementing speed control within
a certain range during sharp turns could potentially enhance the controller’s performance in
course tracking. However, this approach would also increase the complexity of the control
design. Both controllers would require more parameter tuning due to the introduction of addi-
tional control variables. Furthermore, the computational demand will be higher when solving
the NMPC optimisation problem online, necessitating more advanced hardware to ensure real-
time performance.

4.4.5 River bends simulation

The final simulation scenario is navigation over river bends, which is the most prevalent envi-
ronment for natural rivers. In this section, a river with near-wave-shaped bends is defined. The
channel has a constant width of 150 m and a uniform water depth (H/T=1.2), which corresponds
to the shallow water condition described in Section 4.4.4. The current flow follows the direction
of the waterway, reaching its maximum speed in the centreline. Figure 4.11 depicts the trajec-
tories obtained from the vessel’s closed-loop simulations in river bends. The vessel begins at
an initial vessel-bank distance (y,) of 55 m and maintains a constant propulsion speed of 100
rpm. The control objective is to steer the vessel towards a predefined route at a lateral distance
of 35 m from the bank. Overall, the results suggest that both control methods provide good
tracking performance, as the vessel effectively follows the course. It is noteworthy that, in this
scenario, the PID controller outperforms the NMPC at the start of the simulation, as it can steer
the vessel faster toward the track. This aligns with the findings in Section 4.4.4, demonstrating
the PID controller’s capability to react quickly. Because current fields become more complex
near river bends, the NMPC must account for these additional dynamic disturbances within the
same prediction time step. This can explain its initial struggle at optimisation, especially in
the downstream case with reduced rudder capacity (see Figure 4.11 (b)). Once the interaction
increases, the NMPC follows the course while providing a good tracking performance. This is
evident in the time plot of the cross-track error, which shows that NMPC can effectively reduce
course deviation (see Figure 4.12). At the second river bend, where x spans from 800 to 1200
m, the XTE from NMPC remained steady at less than 5 m, whereas the PID controller had
nearly twice the value. Similarly, the rudder angle oscillations are also significantly larger for
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vessel sailing upstream and downstream, respectively.

the PID controller for both upstream and downstream sailing cases (Figure 4.13), even reaching
its maximum angle limit of 45 degrees.
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Figure 4.13: Rudder angle plots for river bend navigation for the vessel sailing upstream and
downstream, respectively.

Impact of ship-bank distances

IWVs frequently need to sail close to riverbanks to facilitate the passage of other vessels. How-
ever, vessels may experience significant hydrodynamic effects when navigating very close to the
banks. The impact of bank effects is investigated under different ship-bank distances to eval-
uate the performance of the control design. Figure 4.14 showcases the trajectories under two
ship-bank distance conditions. The vessel is expected to follow the designated path with head-
ing control to maintain its course despite disturbances caused by increasing bank effects. The
NMPC can effectively control the heading deviation at a medium ship-bank distance (y;=30).
However, it is important to note that the closer the vessel is to the bank, the more pronounced
the bow-out moment acting on it becomes, see Figure 4.14 (b). When the route is extremely
close to the bank, both controllers struggle to steer the vessel back to the desired track. It can
be observed from the rudder angle plots (Figure 4.15) that the PID controller expends higher
control effort in the form of large rudder deviations to maintain the reference trajectory, whereas
the NMPC makes smaller but more frequent rudder deviations.

Considering the vessel’s response time, such scenarios of navigating very close to riverbanks
are particularly challenging. Future research should focus on developing more refined control
designs, such as reducing speed while ensuring sufficient rudder steering force.

Impact of propulsion speeds

In this subsection, the impact of shaft speed on control performance is analysed for three dif-
ferent RPMs: 100, 125 and 150. The initial simulation setup was kept consistent with the
aforementioned conditions. The cross-track errors of the two algorithms at different speeds are
presented in Figure 18. The results indicate that increasing speed can reduce the tracking error
by utilising higher rudder force, as shown in Figure 4.16 (a). However, in the case of the PID
controller, increasing speed does not improve the vessel’s tracking performance; instead, it in-
troduces higher deviations. This may be attributed to the characteristics of the NMPC, which
incorporates a prediction model. This is crucial for allocating the control inputs appropriately
based on anticipated vessel behaviour in future steps. In contrast, the increased rudder load
does not yield the expected benefits with the PID controller, as the rudder may oversteer due
to shorter reaction times at higher speeds. Additionally, it is noteworthy that the NMPC can
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Figure 4.16: The impact of propulsion speeds on the signed cross-track error with PID controller
and NMPC. The vessel is sailing upstream in these scenarios.

align the vessel with the reference trajectories with minimal track error, significantly reducing
the sailing time while ensuring minor course deviations. For instance, the blue line (100 rpm)
indicates that the NMPC saves almost 200 seconds of operation time as compared to the PID
controller. This is crucial for reducing the ETA and saving energy, especially during long-term
operations.

Impact of river cross-section shapes

In previous sections, the channel has a rectangular-shaped cross-section. In natural inland wa-
terways, the fairway has different bank geometry with varying slopes. A typical cross-section
shape is trapezoidal, with a constant slope from the bottom up to the free surface. In this sec-
tion, the impact of the cross-section shape is analysed and quantified with three bank slopes.
The channel’s top width is 150 m, and the bottom width varies from 120 m to 80 m. The max-
imum water depth is 1.5 times the vessel’s draught (H/T=1.5) to represent medium shallow
water, and it decreases near both sides of the banks. The cross-sectional shape and waterway
generated from the top view are illustrated in Figure 4.17. The control objective for the vessel is
to keep a constant distance of 40 m from the bank (y, = 40). This suggests that the narrower the
bottom width, the more confined the waterways are and the stronger the hydrodynamic force
(bank-effect) acting on the vessel. Under this scenario, the initial rpm is set to 100 according to
the speed’s impact on the performance of both controllers in Subsection 4.4.5.2.

In the case of a relatively wider bottom, as shown in Figure 4.18a, some deviations between
the two controllers have been noticed. The PID controller exhibits higher course deviations
initially, but the error gradually converges, yielding good tracking performance over time (blue
line). It is clear that the PID controller shows difficulties in course tracking due to the bank
effect. For NMPC simulation, as illustrated by the blue line, the vessel is also subject to a
bow-out effect at the beginning; however, proactive heading control effectively mitigates the
course deviation, and the trajectory exhibits minimal oscillation behaviour. When the waterway
becomes more constrained, the channel wall exerts a stronger hydrodynamic force and moment
on the vessel, resulting in worse tracking performance with the PID controller, as evident from
the obvious deviations. The NMPC is also affected by stronger bank effects, but its trajectory
remains more stable and continues to follow the desired track, as shown in Figure 21 and Figure
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Figure 4.17: Waterway generation with different cross-section shapes.

4.18c. A quantitative analysis of the signed cross-track error and the rudder angles is presented
in Figures 4.19 and 4.20, respectively, which compare the performance of each controller for
the considered cases. The NMPC demonstrates excellent tracking ability with reduced rudder
efforts under a variety of waterway constraints. The increasing bank effect results in slightly
increased tracking error, but the heading control can limit deviations to a very promising range
(below 5 m) in all instances. In contrast, the PID controller has a considerable steady cross-track
error at the second bend, which is almost twice that of the MPC. Such a value is considered a
significant course deviation, as the vessel may risk losing maneuverability when approaching
channel banks.

4.4.6 Comparison of key performance metrics

In this subsection, the performance of the proposed NMPC is further analysed and compared
with that of the traditional PID controller using the key performance metrics proposed in sub-
section 2.3. For the SINM metric, the parameters ¢ and o, are set to 0.5. Further, X T E .« and
dc1 min are selected as 1.7, 10 meters for the straight channel and 2.5, 5 meters for the T-junction
and river bends scenario, respectively. For the IWRI metric, the X7 Ej; and ., are selected as
0.15 meters, 0.01 radians for the straight channel, and 1.5 meters, 0.07 radians for the T-junction
and river bends scenarios, respectively.

As seen in Table 4.5, the values obtained for NMPC are significantly lower than the ones for
the PID controller for most metrics in both upstream and downstream cases. The PID controller



4 NMPC for Path-following of ASVs in Inland Waterways

74

-1

—e—Waypoints

—PID

—MPC

(=3 (=} (=3 (=3 (=3 (=3 (=
(=] (=] S (=3 (=] (=3
- — [\] [ag] <t vy

0 1000 1200 1400

80

200 400 600

0

-200

120m.

(a) Trajectories in river bends with a bottom width of w¢p

(w) ypdoq

—MPC

—PID

—e—Waypoints

-100

0 1000 1200 1400

80

400 600

200

0

100m.

(b) Trajectories in river bends with a bottom width of wcp

-1

—e—Waypoints

—MPC

—PID

-100

0 1000 1200 1400

80

200 400 600

0

-200

=80m.

(c) Trajectories in river bends with a bottom width of wcp

Figure 4.18: Trajectories under different bottom widths of the waterway.



4.4.6 Comparison of key performance metrics 75

—MPC(Wep=120) ———PID(Wep=120)

20l ——MPC(Wep=100)| | 2 ——PID(Wep=100)| |
= — MPC(We5=80) = —— PID(We5=80)
5 10t 5 10f
3] =
= =
% of % of
& 3
= =

-10F -10

20 L ) : ) : : 20 ) \

0 200 400 600 800 1000 1200 1400 0 500 1000 1500
Time [s] Time [s]
(a) SXTE of NMPC. (b) SXTE of PID.

Figure 4.19: Signed cross-track error comparison with PID controller and NMPC under varying
width of the river bottom.

—PID(Wep—120) ——PID(Wep—100)

4§ [deg]
§ [deg]

50 50
0 200 400 600 800 1000 1200 1400 0 200 400 600 800 1000 1200 1400
Time [s] Time [s]
(@ (b)
50 v

———PID(Wep—80)
— MPC(Wep=80)

4 [deg|

0 500 1000 1500

Figure 4.20: Rudder angles for the PID controller and NMPC under varying width of channel
bottom.



76 4 NMPC for Path-following of ASVs in Inland Waterways

-100 T T T T T I 0
—PID
0 —MPC H
—e—Waypoints -1
100 -
£ 200 2=
= %
300 -
-3
400
500 -4
-200 0 200 400 600 800 1000 1200 1400
X [m]

Figure 4.21: Trajectories in the river bend with a static obstacle (x=1000 m).

outperforms NMPC only in the AACE metric in the straight channel and river bends simulation,
and in the MAXTE metric in the river bends case. However, the higher MAXTE value for
NMPC is due to a sharper initial heading it computes for steering the vessel. This ultimately
leads to a smaller average XTE, as indicated by the AAXTE metric. Interestingly, the IWRI
metric is negative in the T-junction scenario for downstream sailing with NMPC, highlighting
its robustness relative to the baseline. The NMPC also takes significantly less time to reach the
destination in all three scenarios, as captured by the ETA metric.

4.4.7 Discussion on the impact of static obstacles

In addition to its path-following capabilities, the NMPC can also improve the vessel’s collision-
avoidance performance. Consider static obstacles such as buoys, a standstill vessel, or a perma-
nent fixture. These obstacles can be incorporated into the planned path or detected in real time,
allowing the guidance system to dynamically update the vessel’s trajectory. The following sim-
ulations consider manually modifying the waypoints without employing a collision avoidance
algorithm. Preliminary results, as shown in Figure 4.21, visualise the resulting path followed
by the IWV with a static obstacle along its route. The obstacle is located at the coordinates
(1000,435) and has a length and width of 30 m and 15 m, respectively. The NMPC can handle
sharp changes in the reference trajectory by effectively mitigating cross-track errors without
causing instability. On the other hand, the PID controller takes a longer time to steer the vessel
back towards the reference trajectory. Furthermore, it avoids the static obstacle with only a
small margin. This again emphasises the advantage of employing predictive control, which is
crucial for sharp-turn scenarios. To further enhance the tracking performance, a variable speed
control may be employed in this case.

4.5 Conclusions

This chapter focused on the design and analysis of an improved model-predictive heading con-
trol method for the path-following of IWVs. The rigid body dynamics of the vessel were mod-
elled using a modified MMG model incorporating specific hydrodynamic impacts of inland
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waterways, including shallow water, river current and bank effects. The performance of the
proposed NMPC was evaluated against a standard PID controller using cross-track error and
control effort metrics across various inland waterway scenarios. Additionally, key performance
metrics were proposed to evaluate control performance against navigation requirements specific
to inland waterways. Therefore, a thorough investigation of the following research question was
performed RQ3: How to design and evaluate control systems that ensure safe navigation of au-
tonomous vessels in confined waterways?

Simulations were conducted for a straight channel and a river confluence with a sharp turn,
where the NMPC exhibited smaller tracking errors and fewer rudder efforts in both upstream
and downstream sailing conditions. While the PID controller exhibited significant course devi-
ations (even exceeding 20 meters at times), the NMPC controller, apart from the final steering,
maintained the tracking error below 5 meters. Furthermore, simulations were conducted con-
sidering the impact of propulsion speeds and bank geometries at different bank slopes in a river
bend. Interestingly, increasing the vessel’s speed reduces the tracking error in the NMPC case,
yet leads to the opposite behaviour in the PID controller’s case. This is because increasing
speed shortens the vessel’s reaction time for the PID controller, even though the rudder steer-
ing force increases at higher propulsion speeds. In contrast, NMPC can anticipate the vessel’s
future behaviour and optimally allocate control input.

A decrease in the waterway bottom width significantly affected the PID controller’s perfor-
mance, as the vessel experienced a stronger bank effect. On the contrary, NMPC experienced
minor disturbances and demonstrated good tracking performance. The performance of NMPC
was also found to be significantly better than that of the PID controller across the proposed key
performance metrics. Finally, a sharply changing reference trajectory resulting from a collision-
avoidance scenario was also simulated, in which, unlike the PID controller, the NMPC main-
tained an acceptable error margin and avoided unstable maneuvers.



Chapter 5

Multiple Sensor Fault Detection and
Isolation for Autonomous Surface Vessels

It ain’t what you don’t know that gets you into trouble.
It’s what you know for sure that just ain’t so.

- Mark Twain

Until this point in the thesis, normal operating conditions were assumed in the design of the
proposed methods, i.e., faults or system-level failures were not considered. However, Chapters
5, 6 will focus on autonomous navigation under abnormal operating conditions. In this chapter,
the following research question is addressed: RQ4: How to detect and isolate multiple sensor
Saults affecting the navigational sensors on autonomous surface vessels? To do so, a model-
based FDI scheme for ASVs affected by multiple sensor faults is proposed.

This chapter is structured as follows: Section 5.1 presents the modelling of the vessel’s
maneuvering dynamics and the external forces and moments acting on the vessel. In Section
5.2, the design of the proposed sensor FDI scheme is detailed. In Section 5.3, the proposed
scheme is verified through simulation studies involving two vessel types: a pusher-barge inland
vessel model and a catamaran-type ferry. Sensor FDI for these two vessels, which have different
available models, sensors, and actuator configurations, is performed by utilising an appropriate
selection of residuals. Finally, the conclusions are reported in Section 5.4.

The contents of this chapter have been published in (Dhyani et al., 2026! ; Dhyani et al.,
2024 2).

thyani, A., Van Der El, K., Negenborn, R.R. and Reppa, V., 2026. Multiple sensor fault diagnosis for safe
navigation of autonomous surface vessels. Control Engineering Practice, 168, p.106673.

’Dhyani, A., Negenborn, R.R. and Reppa, V., 2024. A multiple sensor fault diagnosis scheme for autonomous
surface vessels. 12th IFAC Symposium on Fault Detection, Supervision and Safety for Technical Processes (SAFE-
PROCESS). IFAC-PapersOnLine, 58(4), pp.31-36.
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5.1 Modelling for Sensor Fault Diagnosis

Vessels are typically equipped with multiple redundant sensors for localisation and state esti-
mation, complemented by processing methods to derive specific vessel states. A GNSS sen-
sor determines the vessel’s position p = [xp yp] T, whereas the IMU, typically comprising an
accelerometer, gyroscope/rate sensor, etc., provides the velocities (v € R?). A gyrocompass
measures the vessel’s heading angle (V), and may be complemented by a magnetic compass. In
some smaller vessels, a gyrocompass is replaced by a dual-antenna GNSS setup, as it allows for
a sufficiently accurate heading angle estimation at a cheaper cost [176]. The aforementioned
parameters are obtained from raw sensor outputs using sensor fusion and estimation methods,
such as Kalman filtering, that are part of navigation devices, such as an inertial navigation
system (INS) or an attitude heading reference system (AHRS). Further, Doppler velocity log
(DVL) and speed log (or electromagnetic log) measure the vessel’s speed through water (or
ground) by making use of the Doppler effect and electromagnetic induction principles, respec-
tively. The automatic identification system (AIS) integrates a GNSS antenna and can provide
the vessel’s position, speed and course information, in addition to its other functions. GNSS-
IMU sensor systems are ideal for vessel localisation due to their small size, low cost, and low
energy consumption [19].

The sensor’s outputs can be described by
Spos * Ypos = P +1p+ fp
Sy 1Yy = VY+ny+ fy
Syiyw=Vtny+fy
Sy 1y = A+ ny+ fy,
where, ypos € R?, yweER, y € R3 and ¥y € R correspond to the position p, heading angle v,

velocities v, and the course angle ), respectively. The vectors n and f represent the noise and
fault(s) affecting these measurements.

5.1)

We consider permanent, persistent faults in this work. A sensor fault f; occurring at a time
instant Ty, is modelled according to [177]. Furthermore, the characteristics of a fault, defined
by the fault function, the time of occurrence, and the evolution rate, are all treated as unknown
in the design of the proposed scheme.

5.1.1 Vessel Maneuvering Models

Vessel manoeuvring models can vary significantly in terms of complexity for a specific appli-
cation. The availability of an accurate manoeuvring model with hydrodynamic characteristics
is the foundation for model-based FDI. This section explores various models that can be used
for generating residuals for FDI using the available sensor measurements and actuator/thrust
information.

Kinematic Model

A vessel in motion satisfies kinematic constraints, which can provide information about the ves-
sel’s position and its heading, and have applications in target tracking [178] and path-following
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[179]. The kinematic constraints describe the relation of the vessel’s velocities in the NED
frame with its heading angle by

xp = ucos(y) — vsin(y)

. . (5.2)
yp = usin(y) + vcos(y).
In the amplitude-phase form, the above equations can be expressed as
X, =Ucos(y—+ ¢
P (\V Bc) (5.3)

yP = USIH(W+ BC)7

where U = v/u? +17? is the speed in the horizontal plane and B, is the crab angle. The course
angle  can be determined by filtering the position measurements, such as by employing a
Kalman filter [179], due to the relation

%= tan™"! (LP> . (5.4)
Xp
Similarly, the crab angle B, can be calculated using the surge and sway velocities as
B = tan”! (3) . (5.5)
u

Finally, the heading angle can be expressed as
W:X_Bc- (5.6)

Remark 5.1 It must be noted that the heading angle estimated using Equation (5.6) is accurate
only for a moving vessel. This is because the horizontal crab angle formula (5.5) is numer-
ically ill-conditioned for small values of surge and sway velocities. To address this issue, a
numerically stable implementation is required, where crab angle calculations are discarded at
low speeds. O

3-DOF Maneuvering Model

For many applications, the motion in a horizontal plane can be approximated by the following

3-DOF hydrodynamic model:
n_ R(W)V} [ 0 } .
M L‘(v,r) Tlamv)|” (5.7

where N = [x,, Vp 1|!] s the generalised coordinate vector in the North-East-Down (NED)
frame, and v = [u v r} " is the generalised velocity vector in the body-fixed frame, with u,v
denoting the linear velocities in surge and sway, and r denoting the angular velocity (yaw rate).
The variable T = [‘cu T, 17,] r represents the controlled input force vector. The term R(y)
represents the rotation matrix, described as

cos(y) —sin(y) 0
R(y) = [sin(y) cos(y) 0. (5.8)
0 0 1

Further, f(v,T),A(M,V) € R comprise the known and unknown nonlinear terms, respectively,
described in two ways:



82 5 Multiple Sensor FDI for ASVs

¢ In the Abkowitz model [180, 181] it is
fv,t) =M Y (=C(v)v—=D(V)v+1)

5.9
A(WV):MHU, 69

where T, € R represents the added force vector, which models the impact of unknown
forces acting on the vessel due to various external factors such as wind, currents and
forces from the towing system [152, 182]. The term M represents the inertia matrix,
which, under the assumption that the ship is port-starboard symmetric, can be described
as

M= 0 m—Yy mxg-—Y:|. (5.10)
0 mxg — NV' I p N, 7

Here m is the vessel’s mass, Izp is the moment of inertia about the z,— axis, and, X, ¥;,

Y;, N; and N; are hydrodynamic parameters that account for the added mass. Further, xg

represents the x-coordinate of the vessel’s centre of gravity. The terms C(v), D(V) are the

Coriolis-centripetal and damping matrices given by

0 0 —m(xgr+v)+ Y+ Yr
C(v)= 0 0 mu — Xy (5.11)
m(xgr+v) =Yy —Yir —mu+Xu 0
X — Xt — X |14? | 0 0
D(v) = 0 _YV_Ylv\v|V|_Y\r\v|r‘ _Yr_Ylv\r|V|_Y\r\r|r|
0 _NV_Mv\vlvl_NMv'r‘ _NF_AN\v|r|v‘_N\r\r|

1l
(5.12)
Here, Xu, Xjuju> Xuwr Yoo Yoo Yirvs Yrs Yol Yijrs Nos Niyjys Nigjys Nro Njy) and Ny, are the
hydrodynamic parameters that account for the damping forces within the second-order
modulus model representation [153, 154].

¢ In the Maneuvering Modeling Group (MMG) model, [163, 183] it is
fv.0) =M (=D'(v)+7)

(5.13)
AM,v) =M1,
Here, the matrices M’ and D’ (V) are given as
[(m+my) 0 0
M = 0 (m+my)  —xgmy
0 xgm I, +J
- ¢ 2( ot lz) (5.14)
—(m+my)vr+xgmyr
D'(v)= (m+my)ur ,
i xgmur

where, my,my are the added masses in the x,, - and y, - directions and J;, is the added
moment of inertia for yaw motion. The assumption of port-starboard symmetry is applied
again to obtain the matrix M’ in this form.
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Unlike the Abkowitz model in (5.9), where the hydrodynamic forces and moments are ag-
gregated into the damping and Coriolis matrices (5.11),(5.12), in the MMG model, the hydrody-
namic forces are decomposed into individual terms arising from the hull, propeller, and rudder.
This approach is often more suitable for assessing the impact of these different components
on the vessel’s maneuverability. However, it is based on the assumption that the vessel has a
conventional propeller and rudder configuration.

The vessel’s actuation system is directly responsible for controlling its maneuvering motion.
Therefore, its dynamics and configuration must be accurately modelled to simulate realistic
vessel behaviour. For a twin azimuth-thruster configuration, the controlled input force vector
can be defined by Equation (3.5). For the rudder-propeller configuration, the controlled input
force vector is given by

T1 Xp + Xg
T= (12| = Yr , (5.15)
T3 Ng

where, Xg represents the forward force, Yz the lateral force, and Ng the yaw moment component
due to the rudder. Further, Xp represents the forward force component from the ship’s propeller.

Steering Model

The steering or KT model, attributed to [184], is a popular linear modelling approach that can
sufficiently capture the turning and course-keeping behaviour of the vessel. This work focuses
on its second-order form, which is a common variant that supports overshooting behaviour and
has a higher accuracy as compared to the first-order form. For an azimuth-type twin-thruster
configuration, it can be described by

F+a 4+ axyr = b (bzsp +9,)+ b3(b48s +95)

5.16
Vy=r,u=0,v=0, ( )

where 8, and J; are the thruster angles for the port and starboard sides, and a( ), b() represent
the parameters related to yaw rate and thruster angles, respectively. These parameters can be
determined using the vessel’s operational data from free-running tests involving zigzag and/or
turning circle maneuvers. It is worth noting that the steering model is a 1-DOF model that
assumes constant surge and sway velocities; therefore, it is not a complete replacement of the
aforementioned 3-DOF hydrodynamic models.

5.1.2 External Forces and Moments

In this work, two types of external/environmental forces and moments acting on the vessel
are considered: 1) forces due to wind and 2) hydrodynamic forces acting on the vessel’s hull,
including the forces due to the shallow-water effect.
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Wind Forces

The effect of wind forces acting on the vessel can be modelled by using the following expres-
sion, under the assumption that the ship is symmetrical about the x,z;, and y,z,, planes [181]

Xw 1 *CXCOS('Yr)AF
o= |Yw | = EPav,2 eysin(y)AL |, (5.17)
Nw cnsin(zy,)ALLoa
where
Ve=fur v (5.18)
v = —atan2(vy,u,).

Here, atan? is a 2-argument inverse tangent function. The notation P, denotes the air density; V;
is the relative wind speed; v, the relative wind angle of attack; cy, ¢y and ¢, the wind coefficients
for the horizontal plane motions; Ar,A; the frontal and lateral projected areas of the vessel
above the water, respectively; Lo, the overall length of the vessel. u, and v, are the relative
velocity components of V, in the x;, and y,, directions, such that

u, =u—Vcos(By — v)

vy =v—Vsin(By — ). (>-19)

The wind speed V € R and direction By € R can be measured in real-time by an anemometer
and a weather vane, respectively. Furthermore, the coefficients cy, cy, and ¢, can be empirically
calculated [181]. In this work, the wind forces acting on the vessel are treated as unknown.

Hull Forces

While the Abkowitz model (Equation (5.9)) considers the hydrodynamic forces and moments
acting on the vessel’s hull as part of the known nonlinear dynamics, in this work, these forces

are considered unknown for the MMG model. The vector Ty = [XH Yy NH]T represents
these forces and moments and forms a part of the unknown force vector t,; for Equation (5.13).
For inland waterway vessels, this includes the resistance due to the shallow-water effect, which
is a predominant factor impacting the vessel’s motion. The generalised hydrodynamic forces
acting on the vessel hull are formulated as:

Xy = 0.5pLoa TUX},
Y = 0.5pLo TUY}, (5.20)
Ny = 0.5pL2,TU*N},,
where p is defined as the density of freshwater, U is the vessel’s speed, and T is the vessel’s
draught. Xj,, Y/, and Ny, are dimensionless quantities given by
Xpy = —Rpcos” B + Xpg B + X3, B’ +X/,1" + X508,
Yi = YaBm + Y, + YaaaBn, + Vg, Bt + Y3, Brur” + Y1 (5.21)
Nig = Ny + Ny + NygaB, + Nog, B+ N, B + N, 1",
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Figure 5.1: Proposed architecture of the sensor fault detection and isolation scheme.

where XéB,Xér, ..., N, are the hydrodynamic derivatives in the MMG modelling approach, B,
is the midship drift angle, and 7’ is the non-dimensional yaw rate which is equal to rL,,/U. The
expression for the resistance coefficient, Rf,, modified to include the impact of shallow water
effect on the vessel, is given by [161]:

R, = L
O (0.5pLoaTU?) (5.22)
Rsh = 0.5pSwU? (Cr (1+ (k+k)) +Cw),

where, Sy represents the ship’s wetted surface area; Cr, Cy are the frictional resistance and
the wave-making resistance coefficients, k is the ship’s form factor in deep water and k is the
additional viscous resistance in shallow water.

The objective of this work is to design a multiple-sensor FDI scheme for ASVs, account-
ing for the effects of external disturbances, sensor noise, and variations in sensor and actuator
configurations. The details of the proposed approach are presented in the following section.

5.2 Sensor Fault Detection and Isolation Scheme

In this section, the design of the proposed multiple-sensor FDI scheme is discussed in detail.
Firstly, to enable the isolation of multiple sensor faults, the considered sensors are decomposed
into N sensor sets S I =1,... N [177]. A monitoring module M (1) is employed, composed
of an observer to estimate the measurements corresponding to each sensor set. Further, every
monitoring module contains a set of analytical redundancy relations (ARRs) that detect the
occurrence of faults. Designing monitoring modules for the isolation of multiple faulty sensors
is particularly challenging, as it requires that each monitoring module be selectively sensitive to
a subset of possible sensor faults. This can introduce challenges in the observer design due to
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a potential loss of observability. To overcome this issue and enhance isolability, the sensor sets
are designed to be overlapping, i.e., some sensors belong to more than one sensor set.

As shown in Figure 5.1, the monitoring module M () comprises observers denoted by O),
which are used to generate the residuals. A residual is a signal that describes the difference
between observed system behaviour (using sensors) and the expected one (using observers).
Within each module, the ARRs are computed and subsequently, the decisions dav ), which are
binary vectors representing the fault detection results. Adaptive thresholds are derived to com-
pute the ARRs while accounting for sensor noise, as well as external factors described in Sec-
tion 5.1.2. Finally, the decisions obtained based on the satisfaction or violation of the ARRs are
provided to the aggregator module A4, which computes the set of possibly occurring (multiple)
fault(s) D;, thereby isolating the faulty sensor(s).

In this work, the decomposition of sensors is performed such that N = 4. The resulting
sensor sets are defined by

1 _ {5(1,1)’5(1,2)} _ {Spoms\p}
2) _ {5(2,1)’5(2,2)} _ {S\yasv}
D= {50V} = (5}

Y = {5(4"1)} = {SpOS7SV}'

This decomposition facilitates designing observers that are selectively sensitive to sensor faults,
as shown in the consecutive sections. The corresponding monitoring modules are given by
M — (@), respectively, and are responsible for (a) GNSS and gyrocompass, (b) gyrocom-
pass and IMU, (c¢) gyrocompass only, and (d) GNSS sensors only. While the monitoring mod-
ules M) — a/G) employ observers based on both the sensor measurements and controlled
inputs (generalised forces/thruster angles) for residual generation, the observer in module M (%)
utilises only the sensor measurements. Depending on the sensor setup, a sensor set and the
corresponding monitoring module may be discarded, or additional monitoring modules may be
integrated for residual generation. For example, using an available, more “reliable” redundant
sensor can help improve fault isolability [131, 185].

(5.23)

5.2.1 Observer Design

This subsection details the design of a bank of Luenberger-type observers for performing sensor
FDI. The design enables structured sensitivity against the set of possible faults. Firstly, the
monitoring module M (D is considered for monitoring the GNSS and gyrocompass sensors,
having the observer dynamics given by

=R ¥ A K ~(1>
O(l):{ )9 4 K 520

W =W 1)+ KR (@)A1,

where, §(1), ¥() and {(!) denote the estimations of 1 = [p ‘l’] T, v and V, respectively, and
A = yq — AV, where yn = [Vpos yw]T. The term f(¥(1), 1) is given by Equation (5.9) or
(5.13), according to the selected modelling approach. The observer gains K| and K, € R3*3 are
positive diagonal matrices.
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The monitoring module M (), designed for the gyrocompass and IMU, comprises the ob-

server 02, given by
(2 —p(2) w2
o, [V =TT kY (5.25)
VP =P 1)+ K9P,

where, \p(z) =yy— \T!(z) and Vv =y, — 9@ are the output estimation errors for y and v,
respectively. Here, k3 € R, and Ky € R3*3isa diagonal gain matrix.

Remark 5.2 Note that the observers O'') and O(?) are independent of the sensor measurements
yv and ypos, Tespectively. As a result, the residuals computed in the monitoring modules M 1)
and M ) are structurally sensitive only to a desired subset of faults. a

The monitoring module M (3) is based on a linear observer O(3>, which is derived from the
second-order steering model given by (5.16). The observer dynamics are given as

. 8
W) 0o 1 0] [¢® 0 0 0 0 8.” ks
0 1§ =1o o 1 |[#]+]lo 0 0 o0 s |+]0 g
W) 0 —ar —ay| |#® by biby by bsby SS 0
‘ (5.26)

where §3) = Yy — W3 is the output estimation error for s, acy and b are the identified
parameters of the steering model, and ks € R is the observer gain. Note that unlike the observers
0 and 0®), 0 takes the thruster angles and their derivatives as inputs, represented by

=15, 8, 8 &)

Remark 5.3 For the rudder-propeller configuration, the observer O©) can be given by

3 0 1 0 IS 0 0 ks
oML [ =10 o 1 P |+ o o] [2]+ o],
HE) 0 _.1 1 | |30 | T2 T 8 0
v TTnL T Th r 3
5.27)
and the input of the monitoring module M ) becomes » = [6 8} T. Here, the terms 77, 7>, and
T3 denote the time constants, and K denotes the gain factor. O

Finally, the monitoring module M4 is designed by using the GNSS (or AIS) and IMU
measurements only. Firstly, the vessel’s heading angle is calculated as a function of its course
and crab angles, and it is given by

Yy =y —tan”! (yv) (5.28)

Yu
where y,,y, are the surge and sway velocity measurements and yy is the course angle measure-
ment provided by the GNSS or the AIS. Using the heading angle measurement (yy), and the
velocity measurements (yy,yy), the observer dynamics 0@ can be described by

oW . f;;‘*) =y, cos(yy) —yysin(yy) + k61i§74) .
R G @ (5.29)
Ip =yusin(yy) +yycos(yy) +kep
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(4)

where, X’ = Vx, —Xx
and kg1, ker € R.

(4 @)

,)7p4 (4)

A4) . . .
=Yy, —¥p » with yx, and yy, denoting the position measurements,

5.2.2 Fault Detector Design

Using the observers defined in the previous subsection, we proceed to generate the residuals
and compute their corresponding adaptive thresholds within the respective monitoring modules.
Let us define zU),I =1,...,4, to be vectors consisting of the vessel states such that 2V =
[p v V}T, 22 = [w V]T, z3) =y and z¥ = [p V]T . The residual vector 8§~? € RM is
defined by

el =y 20, (530)
where, yy) and 20 represent the measurements and estimations of the vectors ZD in the I—th
monitoring module, respectively. The superscript {.}\/) will be used to signify that the residual
corresponds to the j—th sensor, j € {1,...,m;}, where m; denotes the no. of sensors in the /—th
sensor set. In this work, m; = 2, for the sensor sets § (1)75 (2), and m; = 1, for the sensor sets
SG) and §@, respectively. The corresponding residual vectors are given by

o _ [ ypost“w
Yz 8(1,2) Yy (1,2

Vz 2 )
2.1) A(2,1)
@ _ |&: | _ Py _ |27
o= L;f-z)} - L}V] - [2(272)} (5.31)
ef? = ef) =y 26
)

where [z() 2(1,2)}T =[5 9", e 2(2,2)]T = [¢ 9]", 26D = and 24D = j are

generated by the observers oW,.. o O, respectively. Under healthy conditions (absence of
faults), the residual components sg g,) are described by
1,j AL
el =y — 27, (5.32)

with y; p denoting the healthy sensor measurement of the state z\lJ). The j—th adaptive thresh-

old is defined by ég'j), for I € {1,...,4} and j € {1,...,my}, respectively. Under healthy

conditions, it is denoted by F:yé) and must be computed such that

1,j ~(1j
el <&l (5.33)
The following design criteria are adopted to compute the adaptive thresholds éyj )
quently, the ARRs:

and subse-

1. The thresholds must be robust to uncertainties, thereby ensuring that no false alarms
oceur, i.e., if SU) is not affected by faults, then the corresponding set of ARRs must
always be satisfied.
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2. The ARRs must be structurally sensitive to the occurrence of one or more sensor faults,
i.e., if at any time instant 7, the set of ARRs is not satisfied, then the occurrence of at least
one sensor fault in $) must be guaranteed.

To compute adaptive thresholds that satisfy these criteria, firstly, € (, H) can be expressed in terms

(1,j)

of the state estimation error under healthy conditions szH as

el = el nl', (5.34)

with, egf ) = D) — 2%” ). Under healthy conditions, the following assumptions regarding the
vessel dynamics and sensor noise are considered:

Assumption 2 The input force T remains bounded before and after the occurrence of multiple
sensor faults, i.e., there exist some compact stability region R® C R? such that © € R, for all
t>0.

Assumptlon 3 The unknown noise aﬁ‘ectlng the j—th sensor (ngl J )) is uniformly bounded, i.e.,

) =(.J)

| | < n for all k elements of nZ , with i, representing a known bound.

These assumptions represent realistic system behaviour under healthy conditions while ensuring
the convergence of the residual signals. As a result, the magnitudes of the residual components

are bounded by
1,1 —(1,
[le%gzl} < [Ie%,; N n%;;}
ley.'| le ] (A
e l] [l [
[IS%Z}?I < |8522>‘ + 722 (5.35)
Y. Z

1)
)

e < lely |+ﬁ(3"
‘ng|<|£zH |+

| are the estimation error magnitudes for the states in the vectors z\), respectively.

Further, the dynamics governing the state estimation error of the observer O(!) can be de-
scribed by

(1,1 1,1
W 8§H ) —K1 0 0 SEH ) ,?(U
e = ey | =] 0 ko 0 | el 4T
¢13) 0 0 —Kp| [13) 2H
H H ) (5.36)
0 —Ki 0 0 n§172)
* [A(n,V) +K2V} 0 ke 0 . ’

O 0 Rl R

where K = diag([Ki1 kia]), %y = ROW)Y — R(W )94, %) = f(v.©) = £(9};,7), and 0
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denotes a matrix/vector of zeroes, having a suitable dimension. Solving (5.36) results in

L[ e e
e =l¢e = 0 ezt 0 .7 (0
R e 0 0 okt f{{S)( :
€4 ey (0)
. / {eKl(tt) 0 } ( T (5.37)
ol 0 R0 +AamY)

—Kim )dt
—KoRT (i) (4))m + K2 (V(H) — RT (¥ () (1))

T
where ny = {ngl‘l) ngl,z)} . Using the above equation and the relation in (5.34), the residuals
(1)

in €.’ under healthy conditions can be expressed by

(11) (L1) (L1) ‘
€ _xi: € (0) n K (=) (~(1)
el | = K | %H + 17 +/e Kir=t) t) — Kyny ) dt. (5.38)
|:€§l}3):| Lﬁ;z)(o) REI RS (Mg (t) — Kiny)
A bound on |£S_I)| satisfies the inequality
) el (0)]
(o [l 0 g
<[ S| 1o
e (0)]
+f ([ e o ] i ()
e I L]+ 1am,v) |+ (539)

| — KaRT (97 (6))n| +| - K2<RT< 2 om - v(t))}

 [I~Kie ko) m
0 | —K267K2 1—t) |

In addition to the Assumptions 2 and 3, the following assumption regarding the uncertainties
is considered:

Assumption 4 The unknown added force vector T4 is uniformly bounded, i.e., |tg| < g4, with
i € {1,2,3} representing the elements of the vector and T, representing a known bound.

Assumption 4 provides a bound to distinguish the uncertainties from the faults. Under this
assumption, a bound on each term constituting the inequality (5.39) is determined and is given
by

T . _ T
539 e O] SO el 0] =[p0 w® v0)" =0,

71(1[‘ 0

e
5.39b.[ 0 ek

} <plet = (),
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_ —Kt
5.39c. [' Kie= 2|

< &
0 |—K2e_K2’|} pae S

Z

T
5.39d. |nn| < {,—éhl) ﬁ<1,2>} ,

(1 (1) (1 T
5:39%. | = IR(W)v = RO 9 | < Ao 1€ 1eG?]

~ N 3
Vot = 1F(v,0) = (9 )] < A glel”
|A(M, V)| =74 < %y, and,

k21(”§1 Dy 2”)
5.39f. | — KoRT (9 )nn| < | kan (V) 4 a0 | = i,
k23(”lzl 2))
|~ Ka(RT (¥ )n — V)| < (71— ), with,
|~ KoRT (Ul < (ka1 (B +5p) k(5 +5) kas(9)]” =1

- _ T r_ _ AT
Kovie [vvlne ] eflx y v [x 5 9] ],
and where, 7&70) , XY(U are the respective Lipschitz constants. Upon substituting the above equa-
1 2

tions into (5.39), the state estimation error under healthy conditions £§111) satisfies

(1) ﬁ§1,1>
|s )| <o [ 1) +/< Y] 712
0
Y§1>|€ZH’ Ol (5.40)
+ol(r—1) ky<11>|e§,1;2>(t)| )dt.

1,3 = = ~ o~
Mgl (O] 4+ +in + ()

Applying the Bellman-Gronwall lemma to Equation (5.40) and by using the relation in
(5.35), the j—th component of the adaptive threshold (j € {1,2}) for the sensor faults in S(!)
can be expressed as [177]

: . . 1 R ; .
sﬁ,}”(z):E<1’f>(t)+p“ﬁf>/\]/ 720D (1)~ 8= g 4 71 (5.41)
0
where (1)
E(l)([) = p(l)g_émfz(l) Pa (rll)z (I—e” Ezl)’)
Sa
—e0e-y | 0 dt (5.42)
+/" [fd+ﬁn+(ﬁ0)]

For the observer O(2), the state estimation error dynamics are given by

{2 _ [éﬁi”} _ {—ka 0 ] 8%1)} v } +{ ks 0 } nf’l)} (5.43)
- 22)| — 2,2 ~(2 22) 1> .
Aol Lo K[| gy ramy)] L0 K] (a2
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where ’y(li), =r—Fy,and ?g} =f(v,1)—f (\79 ,T). The resulting residuals in eg) under healthy

conditions can be expressed by
2,1 -
)-Fe )
8yZIl’f-l 0 e zH (0) ng

/z {e—km—t) 0 K Vi () — ksnt™" )dt.
oL eniea] oY amw - sl

Further, similar to Equation (5.40), a bound on the magnitude of the state estimation error under

_|_

(5.44)

healthy conditions |8£12[1)| is computed and is given by

2 < o2 [P [ (6@ Yl>|s§21()\ @) ey [A2" M
- d
=00 [f |+ [/ (o700, ApleGP 43| ¢ e Ja
(5.45)
where,
T ) T
5.45a. [ |8;12>(0)|} g v =07,
le 7@‘ ()52
5.45b. [ KM} <p ()
|_k3eik3t| 0 )
5.45¢. |: |_K4€ K4r| _pd e ‘Kad S
T T
5.45d. { } S{ﬁgz,l) ﬁgz,z)] ’

N ~ 2.1
s45e. |r— 72| = 32 <1 <12>|e§H' )|,

F(v,7) = £, )|—W2H|<7L el
|A(nav)‘ :ng’td,

I

where, ky(z) and ?»Ya) are the respective Lipschitz constants. Further, let us define p<I J) , EW0), )
1 2

p(dl’j), &g’ﬁ as positive constants satisfying |e = ¢'| < p<1)e_5(1)t and 1) > ApD), pe {1,...,4};
A (2) 0
A=A, Ap=| T Applying the Bellman-Gronwall lemma to Equation
bl 0 7\.Y(2) + A,%d
2

(5.45) and by using the relation in (5.35), for the faults occurring in the sensor set S @) the
Jj—th adaptive threshold (j € {1,2}) is expressed as

e27) (1) = E2 (1) + pI) A / 239 ()¢ 8 Vg, (5.46)

where

Y L [ e,y [0
?(Pe d )+/0p e {%d]dt

(5.47)
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Next, the adaptive threshold corresponding to the residual in M3 is derived. The state
estimation error for the observer O) can be described under healthy conditions by

G0 _

. G Loy arxmy b1, o by, « 3.1)
&y = —ks€y +Wu+ LTQW( )+ CTZW( ) — a—z(b25p +5,) — g(b455 +85) —ksng .
(5.48)
The resulting residual under healthy conditions (SSHI)) is expressed by
!
el = el (0) 10D 4 / o—ks(1—9) <WH N
0 (5.49)

B aj s b . b» . )
PO+ TG (628, 4-8) - a—Z(b485 +8) — k5n§3“)dt.

Computing an upper bound on the magnitude of ES;U, we obtain

|E$}I)‘ < G (gD +/Ot <<I><3’1)(t7t)A§3"1) +p((f"l)e*iff}'”(f*t),—lfv‘)) i 550
where,
5.50a. [e\3;"(0)] = g3:) = 3.1,
5.50b. [e 5| < pB3De=EMr = @B (p),
5.50c. | —ksekst| < pff»UefaS'”t,

G _ Llaly o bll§ lbils bl § Dbl
5.50d. A L + e — IS, — 18, — s, — i3,

5.50e. || <7 3”,

and ky(g),lY and A ) are the Lipschitz constants corresponding to , r and 7, respectively;
1 2

(8,,9;) and (8 S ) are the upper limits on the respective thruster angles and their angular rates,
respectively. The resulting adaptive threshold can be expressed by

61 (1) = pB-5"iz3.1) | pBARY

(1) (3.1)
/Ie—§<3’l)(r—t)dt_pd ety A, SED
0 §£l= )

Finally, for the observer O, the state estimation error dynamics under healthy conditions

can be described by

fsinys;‘) fcosyE:) 0

41 (4,1) u(cosw—cosyE;)) + v(—siny + sinyslf))
&y = Koty + . () )
u(siny — sinyy,” ) 4+ v(cosy — cosyy,” ) (5.5)
—eo® () ’
4| Teosyy sy 0} 1D _ gonD)
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where K = diag( [k6 1 kéz]) and n£4"2) = ny. The resulting residual under healthy conditions

(8;?}_})) is expressed by
!
8;:[_}) :€7K6t8£21>(0)+/0 e*K(,(lft)
<{cps\u sm\q [u} B |:CF)Sy\|, smy\,,} [ u] —K(,ny"l))dt.
siny  cosy | |v sinyy  cosyy | [y

A bounded magnitude of the state estimation error under healthy conditions,
described by

(5.53)

4,1
eifi )|, can be

(4,1)

15
5! < @@ () D + / (d>(4’1)(z—t)Af,4’1) —pitlet <f**>ﬁ§4*‘>> dt,  (5.54)
0
where,
5.54a. | (0)] = D) = z4D),

5.54b. |e_K6" < p(4vl)e—§(4‘l)t — @(4,])0)’

5.54c. |~ Koo Kot| < pltl o8t

_(4,2)

5.54d. Ay },suchthatz“’z)g[ﬁ v 7 anda™ = [, A, A,

AGD _ 2(a+7v) + i, + iy
2(a4 )+, + i,

5.54e. [ntt | <al*h.

Based on these computed bounds, the adaptive threshold can be expressed by
£ (1) = plDg 8 iz 1) 4 o) AL

(4.1) = (4,1) (5.55)

, L E gy Pa T gt e,
0 F’gx,l)

5.2.3 Combinatorial Fault Decision Logic

In this subsection, the design of a combinatorial fault decision logic that enables the isolation
of multiple sensor faults is presented. Firstly, the aggregator module receives a decision on
the fault detection from the various monitoring modules based on a set of ARRs composed
of residuals and adaptive thresholds. Specifically, for the monitoring module M (), the set of

ARRs Ty(l) is defined for detecting faults in the sensor set S, as
I 1j
! =7, (5.56)
J
where, for I € {1,...,4}, the j—th ARR E}(“) is given by

£ el &) <o, je{l,...m}. (5.57)

Z
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As per the design criterion (2), a violation of the j—th ARR implies the occurrence of at least
one sensor fault in the corresponding sensor set (). Define T[()I’] ) to be the first instance of
violation of the j—th ARR Ty(zl’]) in M@ ie.,

. Lj =0 Lj
) _ {mm{t erR el ()] > (0}, ~5!7 (5.58)
D = . .
oo, otherwise.
T[(,I’j ) indicates the first instance of fault detection in the corresponding sensor within S). The
output of the monitoring module M (!) is the /—th decision d!) (1) = [d"V(¢), ..., dTm)(r)] "
where, _
. 0 ift T(l’/>
ath@y =" "o (5.59)
1, otherwise

Under the exoneration assumption [186] which considers that SU) is functioning properly
before the time instant T}ID), dD(r) = 0 implies that no fault has occurred in the sensor set S).
Upon receiving the decisions a? (t) from each monitoring module in the aggregator module 4,
an aggregated decision vector d(¢) is formed by combining these individual decisions, i.e.,

d(r) = veat (d(r)), (5.60)

where vcat () represents a vertical concatenation function.

Remark 5.4 Unlike in some multi-level FDI schemes (e.g., see [186]), instead of aggregating
the individual sensor fault decisions d(/-/) (¢) into a boolean function, the aggregated decision
vector d(t) composed of d\//)(¢) is directly used for consistency checking. Since each sensor
set may have multiple sensors, such a combinatorial logic can isolate multiple sensor faults, as
shown later. m]

The aggregator module includes the FSM, comprising zeros, ones or an ‘*’ as its elements.
Fault isolation involves conducting a consistency test between d(7) and the FSM, represented
by F. The matrix F' consists of a maximum of [ rows, [ = }; m;, with each row corresponding to
the j—th ARR T,y(lj ), Further, F consists of N, = 2° — 1 columns, with s representing the total
no. of monitored sensors. Each column F, g € {1,...,N.}, represents a theoretical sensor fault
pattern. An entry Fj, = 1 (where p € {1,...,1}) indicates that at least one sensor fault within

the combination 7, is responsible for the violation of the ARR fy(“ ), thereby impacting § o),
An entry Fp, ="*" is used instead of ‘1’ to distinguish a possible violation due to the weak

sensitivity of the ARR ‘Z)(” ) to a sensor fault included in ch. Otherwise, F), is taken to be
zero. The observed fault pattern in d(r) is considered consistent with a theoretical pattern F;
when d, (1) = F,, forall p e {1,...,[}.

The final diagnostic output, denoted as the diagnosis set D;(t), is obtained from the aggre-
gator module and includes all possible fault combinations ¥, that pass the consistency test. It
is important to note that, as the elements of d(r) can fluctuate over time, the cardinality of the
diagnosis set may also change. This allows the diagnosis set to reflect the evolving fault condi-
tions as the system operates. Given the assumption that the faults are permanent, the cardinality
can only increase.



96 5 Multiple Sensor FDI for ASVs

Table 5.1: Sensor fault signature matrix (FSM) for the designed ARRs.

Joo Foo Foo Feu Fes Feg Foo Feg Foo Fery Fenn Fen Fern Ferw Fers

gV 1 o« 0o 0o 1 1 1 * = 0 1 1 * 1 1
Y0 1 0o o 1 0 o 1 1 0 1 1 1 0 1
£ %09 1 1 o 1 1 o 1 1 1 1 1 1 1 1
£ 0 o 1 0 0 1 o0 1 o0 1 I 0 1 1 1
20 1 0o o 1 0o o 1 1 0 1 1 1 0 1
£ 1 0 o+ o+ 1 1 1 ox ox k11 % 1 |

Remark 5.5 The selection of monitoring modules in the proposed FDI scheme should be based
on the sensors that are to be monitored. Accordingly, the observer design, adaptive thresholds
computation and the FSM must be updated to accommodate the new sensor configuration and
additional model uncertainties. O

5.2.4 Sensitivity Analysis

While the structural sensitivity to the sensor faults can be directly inferred from the residual ex-
pressions, it may be difficult to infer the weak sensitivity. A sensitivity analysis is subsequently
performed to realise the smaller impacts of the faults on the residuals (and subsequently the
ARRs). For the sensors considered in this work, the following sensor fault/fault combinations
are possible: e, = (£}, Fer = Lyhe For = Uehe Fos = Lk Fes = L b Fog = U o},
9'—07 = {fp>fx}’ —{}—Cs = {f\llafV}’ —7:C9 = {f\lhfx}’ —{}—CIO = {fwfx}a ,7'—(:11 = {fpvfw:fv}v —{}—CIZ =
Upi o fuds Fes = L Mo ks Fera = {0 fus fo}s and Feis = {fp, fys fvs fy}- - A Jacobian
block matrix is computed for the residuals derived in Section 5.2 5.2.2. w.r.t. single faults
(fp» Sy, fv and fy), and is given by

as,%*j(fp) 9£§%’;)(fw) asﬁ%’j(fv) aeyl j(fx>
as%l;<fp> 38%1;(&) 38%§’1;(fv) %! 1;<fx>
V(s 26V (s 26V (R) as> ()
Ve, (f2) = |- 5,07 7 5.61
el k(1) T () el (f) asy 2 (fy) Gon
as%?(fp) 3%(;11)(]‘\4/) 38§2’i)(fv) aey ”(fx>
el (1) el (fy) eV (A) ae(fy)

Here, each block of the matrix represents the partial derivative of the corresponding residual
vector elements with respect to a sensor fault. Computing the Jacobian matrix results in

1 oel(h) 0 0
0 1 0 0
0 1 1 0
Ve, ()=, 0 1 o | (5.62)
0 1 0 0
0 &) ()
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where, 1, 0 represent an all-ones matrix and a null matrix of appropriate dimensions, respec-
tively. The ones and zeros confirm or refute the existence of a structural relationship, respec-
tively, whereas the following weak sensitivities are also observed:

. ae§j’1>( fy): A fault in the heading angle measurement enters the residual 8§;§’1) directly
through the heading angle estimate fym and indirectly through the velocity vector esti-
mate V1), resulting in a Jacobian given by

AW sin D90 cos (V)
S Wf‘ V= (ks i+ kinth)

A0 cos 1) — 5 gin ()
S \f(')v‘ SV (ko3 Js + k12 Js)

(5.63)

where, k2, k23 € R are observer gains such that K| = diag([Ky1  ki2]) and K, =
diag( [kzl koo k23] ). Further, 9;, %, %3 and J4 represent polynomial functions of the ob-
server’s states ﬁ“), p(1) and (1), By tuning the gains k12, k>3, a balance between the fault
sensitivity of the residual and observer convergence rate can be achieved. Specifically, the
gains should be selected high enough to ensure fast convergence of the estimation errors
but not amplify the propagation of heading angle fault into the position residual.

. aséﬁ’l) (fv): The Jacobian elements are given by
—cos(yy) cos (tan’1 (%)) —cos(yy)sin (tan’l (;Tv,)) 0
—sin(yy) cos (tan*1 (%)) —sin(yy) sin (tanil GT‘,)) 0
It can be observed that each element is bounded in the range of [—1, 1], and is independent

of the observer’s gains. This prevents an arbitrarily large variation in the residual’s value
due to a fault in the velocity measurements.

(5.64)

. Bsyj’l)( f): The Jacobian elements are given by

Uysin (yy) } 5.65
{—Uycos(yx) ’ (5.65)

where Uy = +/y2+y2. The weak sensitivity of e§.4 Y to faults in course angle measure-

ments is attributed to the faults appearing in the domain of sine and cosine functions,
which return values in a small range [—1,1]. When multiplied by the ship’s measured
speed Uy, a bounded sensitivity in the [—Uy, U,] range is obtained. Therefore, the sensi-
tivities are small at low speeds, however, it is non-negligible at higher speeds.

Based on the above sensitivity analysis results, the FSM for the ARRs designed in this work
is determined and is given in Table 5.1. The weak sensitivity of an ARR to sensor fault(s) is
denoted by a ‘*’ symbol.

5.3 Simulation Results

The proposed FDI scheme is further verified in this section using simulation examples that
involve two different vessel types: a pusher-barge inland vessel and a catamaran-type ferry.
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Figure 5.2: Simulation results from Example 1 with the magnitude of residual signals (blue
curve), the corresponding adaptive thresholds (green curve), and the decisions (dashed red
curve) for the corresponding monitoring modules.

5.3.1 Example 1: TPQR Pusher-Barge System

This section presents simulation results for an 11BP pusher-barge system as studied in [70].
The vessel has full-scale dimensions and is modified to have a twin-propeller and quad rudder
(TPQR) actuator configuration for improved maneuverability. Its MMG model parameters,
including the hydrodynamic coefficients, are provided in [70, 187].

The vessel is simulated to follow a predefined path in an inland waterway, emulating the
practical conditions in a canal with medium-shallow water. Wind conditions are modelled with
a velocity of V = 17 m/s, corresponding to a value of 7 in the Beaufort scale, and at an angle
of By = 45°, coming from the southwest direction. Additionally, the total forward resistance,
including the effects of shallow water, is modelled by considering a water depth-to-draft ratio of
1.5. Therefore, the magnitude of the unknown force vector T, is equal to [Ty = (|| + |TH]) <
T4. Three sensors, namely the GNSS, gyrocompass and IMU, are considered on the vessel.
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Table 5.2: Parameters for designing the adaptive thresholds for each residual.

Example 1
Parameters Values
p(1) p(12) H(2.1) PEJM) p£1172)’p((1211) 0.01
a(l,l)’g(l,z)’a(z 1) &dl 1) &((1112)7&51211) 03
p2) pl>?) 0.0001
£22), ‘(12,2) 45
Example 2
Parameters Values
p(l 1) p(2 2) 1
Py oy 10
p( 2) = 5
( 1)
&
é 2)’2.,(272)
p<41> 0.01
p(41)
§<4 ) 0.3
D 0.9

* Corresponding to yaw-rate measurement.

Each sensor is assumed to be corrupted by Gaussian white noise having an amplitude within
3% of the mean absolute value of the noiseless sensor measurement.

For residual generation, the sensor sets § (M and $@ are considered, with § (1) containing the
GNSS and gyrocompass and S containing the gyrocompass and IMU. Two monitoring mod-
ules M) 1 e {1,2}, are subsequently designed, based on the measurements obtained from
the corresponding sensor sets, the input force vector, and using ARRs as given by Equation
(5.57). The fault detection observer gain matrices Kj, K>, K4 are taken to be equal to a diag-
onal matrix diag( [100, 100, 100] ), and k3 is equal to 100. Further, the design parameters
for the adaptive thresholds in each monitoring module are given in Table 5.2. The theoretical
fault signatures used in the aggregator module are provided in Table 5.3, where, F., = {f,}.
?—Cz = {f\l!}’ ﬁg = {fv}’ %4 = {fpvf\ll}’ %5 = {fpva}’ g:cﬁ = {f\V7fV} and ?—6‘7 = {fp7f\V7fV}~
An edge case is observed when the aggregated decision vector d(r) = [0 11 I]T is ob-
tained. The resulting diagnosis set is equal to Dy(t) = { Fcq, Fe, }, implying that the faults fy,, fy
have occurred, and that the fault f;, may or may not have occurred. This ambiguity is eliminated

whend(r)=1[1 1 1 1] r leading to Ds(r) = F.,, thereby isolating all the occurred faults.
A fault scenario is simulated to further verify the proposed FDI method. The simulation is

carried out for a total duration of 670 seconds. Permanent faults in the gyrocompass and GNSS
sensors are considered to have occurred at Ty, = 200 secs and T, = 500 secs, respectively. The
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Table 5.3: Example 1 - Sensor fault signature matrix for the aggregator 4.

Foo Feo Fes Feo Fes Feo I

—|

g o+ 0 1 1 %
27 0 1 0 1 0 1 1
2 0 1 1 1 1 11
£ 0 0o 1 0o 1 1 1

respective fault functions are given by

Fo =0t = Tp,)(ag, + (1—e W)

(5.66)
fp=U(t —Ty,)(az, +sin(0.45¢)),

where U(t) denotes a unit step function, and, ay,, ay, are fault amplitudes ranging between
1 —2 times the mean absolute values of the noiseless sensor measurement. The time plots of the
fault functions and the respective sensor measurements (under healthy and faulty conditions)
are shown in Figures 5.4a and 5.4c, respectively. The resulting residual signals and the corre-
sponding adaptive thresholds for the j” sensor monitored by M () are plotted under M (.7) in
Figure 5.2. As shown, the residuals corresponding to the gyrocompass (in M (1:2) and M (2:1),
the residuals corresponding to the GNSS (in M (1L.1)) exceed the respective thresholds. The fault
detection time, which is expressed by (5.58), is equal to TD(I’I) =500.1 secs, TD(I"Z) =200 secs
and Tlgz’l) = 200.1 secs, respectively.

For ¢ < 200 secs, the aggregated decision vector d(z)’s elements remain zero, and the diag-
nosis set corresponds to a null set. For 200 <7 < 500 secs, the occurrence of the first fault is
detected by the residual exceeding the adaptive threshold, resulting in d(¢) = [O 11 0} T
For ¢ > 500 secs, the second fault is detected, leading to d(¢) = [1 11 0] At the end of
the simulation, a consistency test is performed by comparing the observed pattern d(¢) to the
theoretical patterns %, which results in a diagnosis set Dy(t) = { Fc,, Fe, } = {{fy}s {fps fu} }s
thereby isolating the faulty sensors.

In this section, we consider an example of a catamaran-type passenger ferry to showcase
and verify the design of the proposed FDI scheme. The vessel, namely, the Waterbus 2907, is
a fully electric water shuttle designed by Damen Shipyards [159], equipped with two azimuth
thrusters as well as two bow thrusters (see Figure 3.3). The vessel’s maneuvering model is
identified using logged data, which includes sensor measurements from onboard GNSS/INS and
the propulsion system in various maneuvers performed on the Merwede River. The dynamical
model of the vessel and the actuation forces can be expressed using equations (5.7), (5.9), and
(3.5), respectively, and its main parameters are mentioned in Table 3.1. For this example, the
unknown added force vector is modelled as t; = T,,, and the wind conditions are considered the
same as in Example 1.

The vessel is equipped with an IMU and uses dual GNSS antennas instead of a gyrocompass
for heading angle estimation. The fault combinations are given as %, = {f,}, %o, = {v}
Fey = {fih Feo = {Ip o} Fes = (o fi} Fe = {fur fir} and Ty = { i, fu. f}- Further, three
residuals are considered, resulting in a fault signature matrix given in Table 5.4. The observer
gain matrices are given by the diagonal matrices K; = diag([10 10]), K4 = diag([10 5 5]),
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Table 5.4: Example 2 - Sensor fault signature matrix for the aggregator 4.

Foo Feoo Fes Feo Fes Foo Fen
"1 0 0 1 1 0 1
22 0 1 0 1 0 1 |1
e

and Ks = diag( [2 10} ), respectively. The design parameters for the adaptive thresholds are
given in Table 5.2.

The vessel is simulated to perform various maneuvers, including zig-zag and turning, for
a duration of 310 secs. A sensor disconnection fault is considered, which causes new sensor
measurements to be lost, with static measurements received in their place. Such a fault can
occur due to an Ethernet failure and can be difficult to distinguish from a stationary or stopping
vessel [188]. In this example, a sensor disconnection fault affecting the velocity measurements
is simulated at time T, = 150 secs, with the fault evolution function given by

_]o ift < Ty,
Mo = {v(Tm V) Ty o7

Figure 5.4b shows the time plot of the above fault function. Its impact on the sensor mea-
surements is visualised in Figure 5.4d. The obtained diagnosis results, including the residual
signals, adaptive thresholds, and decisions, are shown in Figure 5.3. The fault detection time,

which is equal to the instance of violation of the ARR E}(QZ) is given by TISQ’Z) = 163 secs and

results in an aggregated decision vector equal to d(7) = [0 1 O] ’ Ultimately, the outcome
of the consistency test is a diagnosis set Dy(t) = { Fe,, oo } = {{/}, {/v, fy}}, which leads to
the isolation of the faulty IMU sensor. Therefore, the faulty IMU sensor is isolated, whereas a
possible fault f is indicated.

5.4 Conclusions

This chapter presented an observer-based FDI scheme for diagnosing multiple faults in the
navigational sensors of an ASV. Therefore, the following research question was satisfactorily
addressed: RQ4: How to detect and isolate multiple sensor faults affecting the navigational
sensors on autonomous surface vessels?

The proposed scheme effectively addresses challenges associated with modelling complexi-
ties, variations in sensor and actuator configurations, and environmental disturbances impacting
the ASV. By employing a bank of monitoring modules with structurally sensitive residuals tai-
lored to different vessel dynamics and sensor measurement models, the scheme can diagnose
multiple sensor faults. Furthermore, an aggregator module equipped with a combinatorial fault
decision logic was designed, enabling the isolation of faulty sensors. Adaptive thresholds were
also derived for residual bounding, thereby eliminating false positives and improving diagnos-
tic reliability. Extensive simulations with two different vessel types and sensor setups verify
the effectiveness of the proposed scheme, demonstrating that the faults can be isolated across
various scenarios.



102 5 Multiple Sensor FDI for ASVs
Monitoring Module 1 (M)
M(l.l) M(l.l)
14 14
1 1
12+ 12f
10 0.8 10H 10.8
(7] [72]
3 S
S 8 065 S8 1065
= o b= i
X ° B
< 04 < 0.4
4 4
02 102
2 2
0 EENAEAA, AT TERPIPTT AT ooty Tt 0 PR T i Ll o
0 50 00 150 200 250 300 0 50 100 150 200 250 300
time (sec) time (sec)
Monitoring Module 4 (M®)
M@ M@ED
5 . . : : — 1.4 5 . . . : . — 1.4
45¢ 45
112 1.2
4t 4
351 1" 35 1M
(7] [72]
Q 3t [}
° 108 _ o 108 _
=] — =] -
£ 25¢ < 5 ¥
o b} =3 °
£ , L 106 £ , L 0.6
< <
10.4 1.5 104
!
102 02
05
0 0 0
0 50 100 150 200 250 300 50 100 150 200 250 300
time (sec) time (sec)
Monitoring Module 2 (M)
M(Z,Q) M(?.?) M(Q.Z)
2 T T T 2 T T T 10 T T T
1.8} 1 1.8 1 9 1
16F 1.6 8
0.8 0.8 0.8
1.4 14 7
3 3 3
12 1.2 6
-g 06 'S 06 -g 06
= 17 a = 8 =5 a8
g. ! g. ! g. !
< 04 <8 0.4 <’ 0.4
06 06 3
0.4 0.2 0.4 0.2 2 0.2
0.2 0.2 1 J
0 "'!\'m—"‘ 0 0 AMLMA)A-_‘D&E 0 0 L 40
0 100 200 300 0 100 200 300 0 100 200 300
time (sec) time (sec) time (sec)

Figure 5.3: Simulation results from Example 2 of the residual signals (blue curve), the corre-
sponding adaptive thresholds (green curve), and the decisions (dashed red curve) for the corre-
sponding monitoring modules.
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Chapter 6

Risk-Mitigation for Autonomous Surface
Vessels in Inland Waterways

Mathematical rigour is like clothing: in its style it ought to suit the occasion,
and it diminishes comfort and restricts freedom of movement
if it is either too loose or too tight.

- George F. Simmons

While Chapter 5 addressed the sensor fault diagnosis problem, this chapter considers com-
pounded failures that can compromise the overall system’s safety by leading to hazardous sit-
uations. A POMDP-based risk-mitigation method for the guidance and control system of an
autonomous vessel operating in inland waterways is proposed. This chapter addresses the last
research question: RQS: How can the risk of grounding and collision of autonomous vessels in
inland waterways be modelled and mitigated?

It is organised as follows: In Section 6.1, the ASV risk mitigation problem is formulated.
In Section 6.2, the proposed method is described by first modeling the BBN from the STPA
hazard analysis results which is used for computing the POMDP state-transition probabilities.
Thereafter, the POMDP model is constructed, which computes a safe control strategy (SCS)
by complementing unsafe control actions with specific recovery control actions that guide the
vessel to a safe state, i.e., a state with minimum risk. In Section 6.3, a case study is presented
for an autonomous vessel in an inland waterway scenario. Finally, the conclusions are reported
in Section 6.4.

The contents of this chapter have been published in (Dhyani et al., 20241).

thyani, A., Wang, Y., Verbeke, M., Pissoort, D. and Reppa, V., 2024. A POMDP model-based online
risk mitigation method for autonomous inland vessels. 15th IFAC Conference on Control Applications in Marine
Systems, Robotics and Vehicles (CAMS). IFAC-PapersOnLine, 58(20), pp.335-340.
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6.1 ASYV Risk Mitigation Problem

We consider an inland vessel at automation level 3, as defined by the CCNR, where the vessel’s
autonomous system is primarily responsible for navigation. However, the human operator “will
be receptive to requests to intervene and to system failures and will respond appropriately”
[189]. The main objective of the POMDP model-based method is to provide risk mitigation
support in the form of an SCS. The SCS is updated to avoid two hazardous situations, namely,
collision with another vessel or fixed obstacle and grounding of the vessel while navigating in
shallow water.

Firstly, we define the states of the vessel, categorised into three sets: the safe states (S;), the
unsafe states (S,), and the recovery states (S,). The safe states S refer to vessel states in which
there are no hazardous situations. This conforms with the ISO/IEC Guide 51:2014, which
defines safety as freedom from risk which is not tolerable [190]. On the other hand, unsafe
states S, correspond to states with a high risk of a hazardous situation. The recovery states
S, correspond to the intermediary set of states resulting from applying a corrective measure to
eliminate the risk of a hazardous situation. Similarly, we define three sets of actions performed
by the vessel’s control system, namely the safe (Ay), unsafe (A,), and recovery (A,) control
actions. Ay is defined as the set of actions that constitute the vessel control system’s primary
function(s) (often referred to as the “control responsibilities” in the STPA terminology), and
ensure that the vessel stays in a safe state. When the control system executes an unsafe action A,,,
it increases the level of risk as the system transitions to an unsafe state. Finally, A, corresponds
to the recovery control actions applied to bring the system from an unsafe state to a safe state.
In this work, we define the safe control action/control responsibility as:

Ay, : Provide the rudders and thruster (R & T) commands for the steering and propulsion of the
vessel to execute the planned path.

With regard to Ay, , the following states of the vessel are of interest:

1. Safe states:

(a) Sy, : The navigational plan is successfully obtained
(b) Ss, : Vessel follows the desired path

2. Unsafe states:

(a) Sy, : Vessel does not follow the desired path
(b) Sy, : Vessel violates the safety margin
(c) Su; : Vessel enters a shallow water-depth area

(d) Sy, : Desired control is not achieved / collision or grounding risk is not averted
3. Recovery states:
(a) Sy, : Updated control action corrects the vessel’s path and averts the risk

(b) S,, : A human supervisor corrects the vessel’s path

When the action Ay, is executed, it leads the vessel to the safe state S;,. Subsequently,
by performing an STPA, the unsafe actions (A,) that could lead the vessel to an unsafe state
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Table 6.1: Unsafe control actions (A,) originating from the control responsibility Ay,

Control responsibility
provided

Control responsibility
not provided

Control responsibility
provided too early
/too late

A,: R&T commands
provided based on incor-
rect vessel’s navigational
states

Ayu,: R&T commands
are not provided as the
vessel’s  navigational
states are unknown

Ay, ¢ R&T commands
are provided too late
as the guidance system
provides a path update
too late

Ay, : R&T commands
provided cannot be fol-
lowed due to insufficient
available power

Ays © R&T commands
are not provided as
there are no feasible
path options

A,y : R&T commands
are provided without
considering the effect
of external disturbance,
such as wind, water
depth, etc.

Ay, : R&T commands
provided violate vessel’s
give-way obligations

are identified. These actions are obtained by considering Ay, together with four generic types
of unsafe control actions, and are described in Table 6.1. Unlike traditional hazard analysis
methods, STPA’s systems-thinking approach can help capture emerging risks from complex
interactions among system components [191].

Finally, the recovery control actions (A,) are defined, constituting the set of possible SCSs to
direct the vessel to an MRC. These actions correspond to either the fail-safe or fail-operational
actions and must be selected based on the vessel’s assessment of the existing risk. Based on
class guidelines recommended by classification societies such as DNV [139], ClassNK [192],
and similar fallback strategies proposed in the literature (for example, in [193]), a total of six
recovery control actions are identified, as mentioned below:

1. A, : Limp home

2. A,, : Fault-tolerant control strategy is selected

3. A, : Keep position

4. A,, : Human supervision is requested

5. A, : Move away from the quay and other vessels
6. Ay, : Vessel’s speed is reduced

These actions can be further categorised as follows:
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Risk control
layer

Transition

1 probabilities
Bayesian network
""""""""""""""""""" POMDP model
””””””””””””””””””””””” Safe control
strategy
"""""""""""""""""""""""""""""""""""""""""""""" GNClayer
Observations ¢
Guidance
Navigation system
system o
Navigation plan

Control system <«—

Autonomous inland vessel

Figure 6.1: Block diagram representation of the proposed online risk mitigation method for
ASVs. For the BBN, the observations comprise the inputs from various onboard sensors, de-
vices, metocean services, etc. (see Table 6.2 for the complete list of input sources). Further, the
POMDP model receives noisy vessel states as observations, along with the transition probabil-
ities from the BBN. The output of the BBN-POMDP risk mitigation method is a Safe Control
Strategy (SCS), selected from the set of recovery control actions (A;).

1. Fail-operational strategies: A,,, A,,, and A,

2. Fail-safe strategies: A, , Ay, and A,

The fail-operational strategies provide path planning and control updates that enable the vessel
to maintain operations, albeit with possibly reduced performance. In contrast, the fail-safe
strategies guide the vessel to a safe state and cease its operations. The selection of the SCS is
performed by the proposed risk-mitigation method, which is described in the next section.

6.2 Risk Mitigation Method

Figure 6.1 provides an overview of the proposed risk mitigation method for ASVs. The vessel’s
control system can execute any one of the unsafe actions (A,) identified in Table 6.1. These
unsafe actions form part of the set of actions of the POMDP model, along with the set of
recovery control actions (A,). Additionally, the vessel’s states (Ss, Sy, S,) are used to construct
the POMDP model’s states. The transition probabilities for the model are calculated from the
BBN output and the posterior probabilities, which it infers from various input sources. The
output of the POMDP model is the appropriate SCS to mitigate the risk of a hazardous situation.
The overall steps involved in the proposed risk mitigation method are summarised in Algorithm
6.1. The steps 1-3 of the algorithm, which involve the BBN, are detailed next.
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Algorithm 6.1 Computation of the safe control strategy (SCS) for ASV risk mitigation.

Input: BBN inputs, Observations ¢, Rewards %
Parameters: Discount factor v, Initial belief by, Maximum iterations Ny, Particle count, UCB exploration
coefficient C
Bayesian Belief Network:
1:  Compute the probabilities of input RIFs based on the BBN inputs.
2:  Compute the recovery action activation probabilities (using equation (6.1)) and the hazard risk indicators
(using equations (6.2), (6.3)) by propagating through the BBN layers.
3:  Calculate the transition function .7 using the BBN outputs and hazard risk indicators.
POMDP Model Initialisation:
4:  Initialise the state space ., action space <7, observations ¢, and rewards %.
5:  Set the discount factor v, particle count, UCB exploration coefficient C, and initial belief by.
Online Planning (MCTS Algorithm):
6: Initialize the tree with the current belief as the root node.
while no. of iterations < Ngi,, do
Select the optimal node using the UCB formula, given by equation (6.4).
Expand the selected node by adding a child node.
Simulate a random playout from the child node.
Backpropagate the result of the playout through the tree to update the Q-value.
end while
SCS Calculation:
11:  Compute the SCS by using equation (6.5).
Output: SCS € {A,,..., A}

—_
SIS

6.2.1 Bayesian Belief Network (BBN)

A BBN is a graphical method that employs a directed acyclic graph for probabilistic reasoning.
It comprises various nodes representing the variables of interest, for which the respective prob-
abilities are computed using Bayesian reasoning. The BBN is designed to compute transition
probabilities for the POMDP model using inputs from various meteorological and communica-
tion sources, including onboard sensors, AIS, electronic navigational charts (ENC), metocean
services, and sensor monitoring modules. The BBN structure follows the supervisory risk con-
trol (SRC) framework of [142, 194], extended to cover both grounding and collisions. The
overall structure is visualised in Figure 6.2. It comprises 36 nodes organised into four hierar-
chical layers: (i) input nodes, (ii) input risk influence factors (RIFs), (iii) derived RIFs, and (iv)
recovery actions. A total of 17 input nodes (I1-117) were identified. These nodes are described
in Table 6.2, along with their states and the sources used to determine them. The nodes 11-17
cover the vessel’s sensing and maneuvering capacity and assume that the health of the under-
lying equipment can be determined in real time using monitoring modules, sensor metadata,
etc. The nodes I8-I111 and I15 capture environmental characteristics crucial for safe navigation
in inland waterways. Further, nodes 112 and 113 capture the nearby vessel traffic, using AIS
and/or Radar data. Notably, two collision metrics, namely the Time to Closest Point of Ap-
proach (TCPA) and the Closest Point of Approach (CPA), are also included as input nodes (116,
117). TCPA measures the time remaining until the vessel pair reaches its geometrically closest
approach, whereas CPA is the minimum distance between two vessels at any instant if neither
changes its course. Together, these two metrics help identify a collision course and ensure that
an action is taken in ample time [195].

The second layer of the BBN consists of nodes representing the input RIFs, each of which is
associated with a conditional probability table (CPT) computed from the aforementioned input
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Table 6.2: The input nodes of the BBN, with their respective states and input sources

Input Node States

Source

I1: GNSS Health Reliable / Degraded / Failed

GNSS Dilution of Pre-
cision (DOP), Active
Satellites, Carrier-to-
Noise  Density ratio
(C/NO), Fault and In-
tegrity Monitor

12: IMU Health Reliable / Degraded / Failed

MU Consistency
Check, Fault and In-
tegrity Monitor

13: Depth Sensor Health Reliable / Failed Echo Sounder - Health
Monitor
14: AIS Health Reliable / Failed AIS Health Monitor

I5: Communication Link Healthy / Broken

Link Status Monitor

16: Thruster State Ok / Degraded / Failed ;{E;uSter Feedback Mon-

17: Steering State Ok / Failed E)lrldder Feedback Moni-

I8: Weather Light / Moderate / Rough Anemometer, Metocean
Data

19: Current Velocity Low / Medium / High Current  Sensor, Meto-

cean Data

110: Water Depth Safe (> 2xdraft) / Moderate (1 —2x draft) / Shallow (< 1x draft)

ENC, Echo Sounder

I11: Distance to Shallow

Waters Far (> 500 m) / Moderate (100 — 500 m) / Near (< 100 m)

ENC

112: Traffic Density Low / Medium / High

AIS, Radar

113: Number of Obstacles Few / Moderate / Many

AIS, Radar (within 1400
m radius)

114: Vessel Speed Low (< 3 kn) / Medium (3 — 8 kn) / High (> 8 kn)

IMU, Speed Log

I15: Waterway Geometry Open / Moderate / Confined

ENC

116: TCPA Safe (> 5 min) / Moderate (1 — 5 min) / Critical (< 1 min) AIS, GNSS, IMU

117: CPA Safe (> 200 m) / Near-Miss (50 — 200 m) / Danger (< 50 m) _ AIS, GNSS, IMU
Table 6.3: The input RIFs with their respective parent nodes and states

Input RIFs Parents States

INT1: Sensor Fusion Quality 11,12, 14 Good / Sufficient / Poor

INT2: Propulsion Availability 16, 17 Full / Degraded / Failed

INT3: Environmental Severity I8, 19 Low / Medium / High

INT4: Navigational Complexity 110, 111,112,113,114,115 Low / Medium / High

INTS: Collision Threat 116,117,112,113 Low / Medium / High

INT6: Grounding Threat 110, I11, 115 Low / Medium / High

Table 6.4: The derived RIFs with their respective parent nodes and states

Derived RIFs Parents States

D1: Connectivity 5 Ok / Failed

D2: Safe Navigational Options INT3, INT4 Available / Limited / None
D3: State Estimation Quality INT1, INT3 Correct / Imprecise / Incorrect
D4: Trajectory Tracking Performance INT1, INT2, INT3, I14 Good / Sufficient / Poor
D5: Propulsion Capacity INT2 Full / Degraded / Failed
D6: Grounding Risk INTS6, I3 Low / Medium / High
D7: Collision Risk INTS, INT1 Low / Medium / High
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nodes. By aggregating functionally related input nodes, these input RIFs reduce the complexity
of CPTs for the downstream nodes. In this work, we consider six input RIFs (INT1-INT6),
namely, Sensor Fusion Quality, Propulsion Availability, Environmental Severity, Navigational
Complexity, Collision Threat, and Grounding Threat. The states and parent nodes for each of
these nodes are listed in Table 6.3. Similarly, the third layer contains seven nodes (D1-D7) rep-
resenting the derived RIFs, namely, Connectivity, Safe Navigational Options, State Estimation
Quality, Trajectory Tracking Performance, Propulsion Capacity, Grounding Risk, and Collision
Risk. These nodes represent the vessel’s functional risk state along distinct causal dimensions.
Table 6.4 lists the parents corresponding to each node in this layer and their various states.

Finally, the derived RIFs are mapped to the output layer, which comprises six recovery
action nodes (A,, —A,,), where each node outputs an activation probability PArl- such that

Py, =P(A, =High), A, €Asi=1,..6 6.1)

An edge exists between the nodes in these two layers if the corresponding recovery action can
lead to a transition to a safe state for the derived RIF. Unlike many existing BBN risk models
that terminate at a loss node (e.g., [141, 196, 197]), the proposed model terminates at multiple
recovery nodes, thereby preserving distinguishable actions rather than collapsing into a single
quantity. From the BBN’s derived RIF posteriors, the following hazard risk indicators can also
be defined:

Perd = P(D6 = High) (Grounding Risk) (6.2)

Peol = P(D7 = High) (Collision Risk) (6.3)

These indicators quantify the relative likelihood of the two hazardous situations when a recovery
action fails.

Prior Probabilities Selection

The prior probabilities are selected using a combination of the following sources: (i) equipment
reliability databases, (ii) empirical vessel encounter and collision statistics, (iii) operational
area statistics, and (iv) expert elicitation where published data is insufficient. The selected val-
ues reflect the operational profile of European inland waterways, and the thresholds for state-
discretisation are based on regulatory standards (such as those of CCNR). For the input nodes,
the prior probability distributions represent the unconditional probabilities for each observed
variable and are summarised in Table 6.5, including their primary references. For nodes rep-
resenting onboard equipment health (I1-17), the primary sources are reliability databases from
SINTEF/DNV GL [198]. Further, the environmental, bathymetric and traffic priors (I8-115)
are based on expert elicitation for the Rhine/Danube operational profile. Finally, for encounter
frequencies and thresholds used to determine the nodes 116 and I17, published statistics are
utilised [146, 194].

To construct the CPTs of the input and derived RIF layer nodes, a combination of sources is
employed. For the nodes with many parent combinations (INT4, INTS, INT6, D4), a weighted-
risk-score approach is used, where a scalar risk score is computed as a weighted sum of the
normalised parent states [141, 199]. This value is further mapped to a probability distribution
through a sigmoid transition function. This approach significantly reduces the elicitation burden
to a small set of weights and transition thresholds. In the recovery actions layer, the node A,
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Table 6.5: Prior probability distributions for the input nodes

Input Node State 1 State 2 State 3 Primary References
I1: GNSS Health 0.93 (Reliable)  0.05 (Degraded) 0.02 (Failed) [198]; [146]; [201]
12: IMU Health 0.95 (Reliable)  0.04 (Degraded) 0.01 (Failed) [198]; [146]; [201]
13: Depth Sensor Health 0.97 (Reliable)  0.03 (Failed) — [198]; [201]
14: AIS Health 0.95 (Reliable)  0.05 (Failed) — [146]
15: Communication Link 0.95 (Healthy) 0.05 (Broken) — [146]

. . . 0.012 (De- - .
16: Thruster State 0.985 (OK) eraded) 0.003 (Failed) [198]; [146]
17: Steering State 0.998 (OK) 0.002 (Failed) — [198]; [146]
18: Weather 0.50 (Light) 0.35 (Moderate) 0.15 (Rough) Expert judgement
19: Current Velocity 0.45 (Low) 0.40 (Medium)  0.15 (High) Expert judgement
110: Water Depth 0.70 (Safe) 0.20 (Moderate) 0.10 (Shallow) Expert judgement; [194]
I11: Distance to Shallow Waters 0.60 (Far) 0.25 (Moderate) 0.15 (Near) Expert judgement; [194]
112: Traffic Density 0.40 (Low) 0.40 (Medium)  0.20 (High) [194]
113: Number of Obstacles 0.50 (Few) 0.35 (Moderate) 0.15 (Many) [194]
114: Vessel Speed 0.30 (Low) 0.50 (Medium)  0.20 (High) Operational profile assumption
115: Waterway Geometry 0.40 (Open) 0.35 (Moderate) 2'“2:(1) (Con- Expert judgement; [194]
116: TCPA 0.70 (Safe) 0.25 (Moderate) 0.05 (Critical) [146]
117: CPA 0.82 (Safe) g/ﬁ SSS) (Near- 03 (Danger) [194]

is the most broadly applicable recovery action with five parent nodes. It is therefore modelled
using a noisy-OR structure, where any parent with elevated risk can independently trigger speed
reduction [200]. The CPT construction for all the remaining non-input nodes relies on direct
elicitation and uses the references [136, 141, 146, 194, 201]. The CPT elicitation method for
all non-input nodes, including their primary references, is summarised in Table 6.6.

6.2.2 Partially Observable Markov Decision Process (POMDP) Modeling

This section describes the finite-state, discrete POMDP model, which is constructed to rep-
resent the states and actions relevant for the risk mitigation of an ASV. The POMDP frame-
work facilitates sequential decision-making in an environment characterised by noise and un-
certainty, where only a partial view of the system’s state is available. Instead of having access
to precise state information, the model can deal with potentially imperfect observations. The
model is defined as a tuple P = (¥, o, 7 ,%,Q,0,Y), where .# denotes the state space of
the POMDP model given by . = {s1,s2,...,5n}, for n vessel states. The state space is fur-
ther partitioned into the previously identified set of states, such that . = {S,,, S, }. To simplify
the POMDP model, we consider only the unsafe and recovery states, since only these are in-
volved in the risk mitigation process. An action space can be defined as a finite set, given by
of ={ay,ay,...,an}, with m representing the total number of actions. It corresponds to the ac-
tions performed by the vessel control system that lead the vessel to another state. To highlight
the new state resulting from performing a specific action, a similar partitioning of the action
space is performed such that o = {A,,A,}. Further, .7 represents the transition function,
which comprises the probability of transitioning to a state given the current state and an action,
defined as .7 : ¥ x o X . — [0,1]. Z represents the reward function used to favor certain
actions over others, defined as #Z : . x &/ x .¥ — R. O is the finite set of observations, and
Q is an observation function that is used to capture the uncertainty in determining the current
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Table 6.6: Method used for CPT elicitation for the non-input nodes

Node CPT Method Primary References
INTI: Sensor Fusion Quality Direct elicitation [141]; [146]

INT2: Propulsion Availability Direct elicitation Design rule; [146]
INT3: Environmental Severity Direct elicitation Expert judgement; [146]
INT4: Navigational Complexity Weighted-risk-score  [141]; [194]

INTS: Collision Threat Weighted-risk-score  [146]; [194]

INT6: Grounding Threat Weighted-risk-score  [141]

D1: Connectivity Direct elicitation Design rule

D2: Safe Navigational Options Direct elicitation [146]

D3: State Estimation Quality Direct elicitation [146]; [141]

D4: Trajectory Tracking Performance Weighted-risk-score  [146]; [194]

D5: Propulsion Capacity Direct elicitation Design rule

D6: Grounding Risk Direct elicitation [201]; [141]

D7: Collision Risk Direct elicitation [201]; [141]; [146]
Ay, Direct elicitation [146]

A, Direct elicitation [146]

A Direct elicitation [146]

Ay, Direct elicitation [146]; [136]

Ay Direct elicitation [146]; [136]

A Noisy-OR [141]
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state, defined as Q : . X &/ x & — [0, 1]. Finally, y € [0, 1] is the discount factor used to con-
sider the importance of future rewards. The initialisation of the aforementioned properties of
the POMDP model and other simulation-related parameters forms steps 4-5 of Algorithm 6.1.

Throughout the decision-making process, a posterior distribution over the potential states
is maintained and continually updated by utilising the actions taken and observations gathered,
referred to as the belief state b(s). In the MCTS algorithm, a tree of possible actions and the
resulting observations is constructed, guided by the Upper Confidence Bound (UCB) formula
given by

InN(b)

UCB = Q(b,a)+C wlb.a)’ 6.4)
where for each belief node b in the tree, N(b) is the total visit count, n(b,a) is the visit count
of action a, and Q(b, a) represents the expected cumulative reward for taking action a. Further,
C is the exploration parameter. By using this action-selection formula, the MCTS algorithm
balances exploration and exploitation to build a tree that represents possible outcomes and their
values [202]. Finally, an optimal action is selected based on the maximum expected reward and
forms the SCS, calculated as

SCS = argmax Q(b,a). (6.5)
acA,
The expected cumulative reward Q(b,a) can be mathematically formulated using the Bellman
equation as follows

Q(b,a) = Z b(s) Z T (s,a,s") %’(s,a,s/)—l-'yz Q(s',a,0)V(b,,) |, (6.6)
ses ses ol ’

where V (b/, ,) represents the value function at the belief state 4. The vessel’s guidance and con-
trol systemé can adapt to the identified SCS by switching between various operational modes.
The design of the switching logic, however, lies beyond the scope of this work. The MCTS
algorithm and the SCS calculation process are outlined in steps 611 of Algorithm 6.1.

POMDP Transition Probabilities and Rewards

Next, to construct the POMDP’s transition function .7, the mapping from the BBN’s outputs
to the POMDP transition probabilities is formalised. This is done by utilizing the recovery
action activation probabilities (given by equation (6.1)) and the hazard risk indicators (given
by equations (6.2),(6.3)) computed by the BBN. For each unsafe state s, € S,, and recovery
action A, € A, the probability of transition to a recovery state s,; € S, is directly given by the
recovery node probability, i.e.,

9(SLHAV,'7SF_/‘> = PA,iv je {172} (67)

Further, to determine the transition probability to an unsafe state, firstly, let’s define a normali-
sation constant Z such that
Z = Pgrd + Peol T, (6.8)

where € > 0 is a small constant representing a residual probability. Thereafter, the transition
probability from a first-level unsafe state (.S, ), to other unsafe states can be given by distributing
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the failure probability value across each transition, such that

y(SuUArHSuZ) = (1 *PAri)p;)la

y(Sul 7Ari7Su3) = (1 _PAri)%’ (69)
€

9(SM|7AH7SM4) = (1 _PAr[)i-

Finally, the transition probability to a terminal unsafe state (S,,) from a hazard-specific state
(SM27Su3) is given by
<?(S”PA”?S’M) =1- PA/‘,‘v

(6.10)
T (SuyArsSuy) = 1= Pa, .

Regarding the rewards structure, transitions to fail-safe vessel states resulting from fail-safe
control actions (A,,, A, A,) are assigned lower rewards compared to those leading to a fail-
operational state. Further, a state transition on taking the action A,, is allocated a smaller reward
than for the rest of the fail-operational control actions. This approach is adopted to discourage
excessive dependence on remote or onboard crew intervention. Finally, a transition that keeps
the vessel in the same unsafe state in the subsequent time step incurs a minor penalty to promote
proactive risk mitigation.

6.3 Case study: Risk Mitigation for an Inland Waterway Sce-
nario

In this section, a case study illustrates the proposed method for an autonomous inland vessel
navigating through constrained waterways. The considered scenario is detailed next.

6.3.1 Description of the Scenario

An autonomous vessel operating at CCNR automation level 3 is again considered. The ves-
sel is navigating a moderately constrained inland waterway (e.g., a section of the Rhine with
moderate channel geometry) at standard cruising speed. This case study focuses on the unsafe
control action A,,, which arises from a fault in the onboard GNSS sensor and is diagnosed by
the vessel’s sensor monitoring module. Concurrently, rough weather conditions and moderate
nearby traffic prevail. All other conditions are assumed to be in a moderate or medium state.
The scenario is analysed in two phases:

* Phase 1 (Before fault occurrence): The GNSS sensor is operating normally. Based on the
various GNSS integrity sources, the sensor’s health is reported to be Reliable.

* Phase 2 (After fault detection): A severe fault develops in the GNSS sensor and is diag-
nosed by the vessel’s sensor monitoring module. The sensor’s health is flagged as Failed.

The environmental and traffic conditions remain unchanged between the two phases. When
the new evidence corresponding to the Phase 2 is applied, the BBN performs forward inference
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Table 6.7: The computed recovery action activation probabilities for Phases 1 and 2 of the
considered scenario

Recovery Action Probability Py Py, Py, Py, Py, P,
Phase 1 0.0984 0.2580 0.9037 0.6472 0.6687 0.8465
Phase 2 0.0984 0.3921 0.9221 0.8988 0.7070 0.9058

Table 6.8: The transition probabilities and rewards for the POMDP model for the given scenario

Current state s Actiona Nextstates' % T

Ay Sr +5 0.0984

A, Su, -5 0.5507

s A Sus -5 0.3055
“ Ay, S +10 0.3921
Ay, Suy -5 0.3713

A, Sus -5 0.2060

Ay, S +5 09221

A, Suy -50 0.0779

s A, Sy, +3  0.8988
"2 Ay, Suy -50 0.1012
Ay Sr +5 0.7070

Ay Suy -50  0.2930

A, Sy, +3  0.8988

S Ay, Suy -50 0.1012
3 A Sr +10  0.9058
Apg Suy -50 0.0942

any state any action  same state -1 -

through its four-layer structure. The resulting activation probabilities for the six recovery action
nodes are as shown in Table 6.7. Notably, the GNSS fault increases the activation probabilities
of the nodes A,, —A,,. Based on the BBN’s outputs, the obtained POMDP transition probabil-
ities are shown in Table 6.8. Furthermore, the reward values, which are based on the design
criterion described in the previous section, are also listed.

6.3.2 Simulation Results

The results of the POMDP model-based simulation experiments are presented next to identify
the SCS that mitigates the hazardous situation. The model is initialised in the unsafe state S,
(root node) resulting from taking the unsafe action A, and the simulation runs until a terminal
state is reached. The observations are modeled as states with an additional noise component,
assuming a 5% probability of receiving a false observation. Further, the initial belief (bp) is set
as the state S, with a 90% probability. The discount factor () is selected to be equal to 0.95.

The POMCP (Partially Observable Monte-Carlo Planning) solver [203] is used for imple-
menting the MCTS algorithm, and is initialised with particles in the range of [1000,2000]. The
experiment runs for 20 epochs, with each epoch consisting of 1000 simulation runs performed
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V=4.524

Ar3: Keep Position Su2: Vessel violates the safety margin
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Figure 6.3: The POMDP decision tree obtained after 1000 Monte Carlo simulations

Table 6.9: Summary of the testing phase results over 20 epochs.

S. No. Initial state Intermediate action Final state Scenario count Epochs taken

1. Su, A S 14 1 step
2. Suy Ay S 4 1 step
3. Sus A S 1 1 step
4, Su, A Sus 1 1 step

to compute the Monte Carlo decision tree starting from the given initial belief. After each
epoch, the belief of states and the search tree are updated. The POMCP search tree results after
the first epoch are depicted in Figure 6.3, with the most desirable actions (corresponding to the
highest expected cumulative rewards Q(b,a)) shown in green color. In this epoch, the actions
Ay, and A,, yield the highest values (Q(by,A,,) = 4.881,0(bo,A,,) = 2.336). The figure also
highlights the expected cumulative values for each belief node (V ()). For the root node, this
value is equal to V(bg) = 4.881, corresponding to the action A,,.

In 19 out of 20 testing epochs, the vessel recovers to the recovery state (S,,) in a single
decision step, whereas in 1 epoch it ends up in an unsafe state (S,,), yielding a recovery rate
of 95%. Notably, one epoch starts in (S,,) due to the initial belief allocation, and is recovered
through an appropriate recovery action selection. The results from the testing phase, including
the intermediate action taken, are summarised in Table 6.9.

Based on the simulation results, the SCS identified for each unsafe state and the corre-
sponding single-step expected reward are as shown in Table 6.10. The solver identifies A, as
the primary SCS for all three unsafe states, with Ar3 as the secondary SCS. Although S,, was
not reached in any epoch, this is confirmed analytically via the expected reward. It is also worth
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Table 6.10: The identified SCS for each unsafe state with the corresponding expected reward
values.

Unsafe state SCS (Primary) Expected reward | SCS (Secondary) Expected reward
Sus A +8.60 A, +4.23
Su, A +4.35 A, +0.71
Sus Ar +4.35 A, +0.71

noting that the reward structure successfully steers the solver towards fail-operational actions
(Ar,,Ar) instead of the fail-safe actions (A,,,A,;,A), consistent with the design intent. The
SCS will vary based on incoming observations, assigned rewards, and transition probabilities.

6.4 Conclusions

This chapter introduces a POMDP-based online risk mitigation method for autonomous inland
vessels. Thus, the following research question was addressed RQS: How can the risk of ground-
ing and collision of autonomous vessels in inland waterways be modelled and mitigated?

Firstly, the hazards impacting the vessel’s control capabilities, which can lead to collision
or grounding, were identified. Furthermore, in the proposed method, by integrating the iden-
tified unsafe control actions with recovery (fail-safe and fail-operational) actions within a se-
quential decision-making framework, the optimal SCS was identified. Following this strategy
thereby improves the ASV’s planning and control system’s capability to navigate uncertain and
abnormal maritime conditions. Case study results for an autonomous vessel navigating in a
constrained inland waterway demonstrate that the proposed method can reliably select SCSs
in a complex failure scenario while achieving a 95% recovery rate. Furthermore, the system-
atic BBN-POMDP pipeline and the reward structure provide traceability for the identified SCS,
thereby improving safety assurance.






Chapter 7

Conclusions and Future Research

This thesis investigated the challenges underlying the safe navigation of autonomous vessels
in inland waterways. In this unique environment, vessels must operate under strict physical
constraints and varying environmental conditions, as well as various potential modes of onboard
failures. To this end, the main research question that this thesis aimed to address was as follows:
How to design model-based control and fault diagnosis methods that ensure the safe navigation
of autonomous vessels under uncertain and abnormal operational conditions?

This chapter is structured as follows: Firstly, in Section 7.1, the main findings and conclu-
sions are presented in the form of answers to the research sub-questions presented in Chapter
1. Thereafter, the main research question, as mentioned above, is addressed. Finally, in Section
7.2, recommendations for future research are provided.

7.1 Conclusions

The five research sub-questions and the main research question are answered in this section as
follows.

RQ1: What are the state-of-the-art and research gaps regarding the safe navigation of au-
tonomous vessels in inland waterways?

In Chapter 2, a systematic literature review is carried out, and the state-of-the-art as well
as the main research gaps pertaining to the autonomous navigation of IWVs are identi-
fied. Firstly, the literature on maneuvering model identification for full-scale vessels
was reviewed. Many works address the identification problem only for simplified vessel
dynamics or decoupled DOFs. The resulting models include only a subset of the full set
of hydrodynamic parameters that comprise the 3-DOF dynamical model. Furthermore,
stochastic methods such as Kalman filtering and its variants are popular; however, they
make stricter assumptions about the noise distribution and the independence of the under-
lying random variables. Such methods produce unbounded parameter estimates, which
reduces confidence in these estimates and limits their direct application to the safety ver-
ification of autonomous systems.

The vessel path-following control problem has been most extensively studied in the lit-
erature, with a focus on open-sea navigation. Navigating in inland waterways introduces
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RQ2:

additional constraints, such as the bank effect and shallow-water effect, which can signif-
icantly affect the performance of traditional controllers. Existing works do not account
for the impact of these factors on vessel dynamics; therefore, the vessel control system
cannot accommodate them. Furthermore, evaluation metrics for the control system’s per-
formance in confined waterways have not been considered. Ensuring navigation safety
under potential hazardous conditions, such as vessel grounding and collision, requires
a supervisory system to take fail-safe actions. This system must incorporate risk mon-
itoring and higher-level decision-making systems, and their design and implementation
remain open research topics.

Model-based fault diagnosis literature for marine vessels is disproportionately focused
on actuator faults, such as the loss of effectiveness or bias of the thruster/propeller, a stuck
rudder, etc. Limited research on sensor faults is available, and existing work considers
simpler kinematic models while largely neglecting the impact of external disturbances
acting on the vessel, resulting in high modeling uncertainty. In inland waterways, wind
forces and shallow-water effects are among the prominent factors that affect vessel motion
and maneuverability, leading to erroneous diagnostic results if not accounted for. Another
key aspect that varies across vessels is the configuration of actuators and onboard sensors.
While conventional vessels are often equipped with a rudder-propeller setup, azimuth
thrusters with vectored thrust for steering are also common, especially on tugs, ferries,
and offshore vessels. This variation determines the dynamical model used for residual
generation in model-based FDI; however, it is not accounted for in existing methods.

Finally, the risk-aware decision-making literature for ASVs is reviewed, with some
works proposing to integrate risk analysis methods directly or indirectly into the control
system’s decision-making. Probabilistic inference methods, such as Bayesian networks,
are commonly employed for online risk modelling, providing posterior probabilities that
must be paired with a control system for decision-making. However, dynamic decision-
making methods that directly output control policies, such as POMDPs, have not been
explored for the risk mitigation of autonomous vessels, despite their potential for on-
line planning. Furthermore, risk-aware decision-making for collision avoidance in mixed
traffic conditions is a recent topic of interest.

How to identify a robust and control-oriented maneuvering model of marine vessels under
realistic operating conditions?

Since this thesis employs model-based methods to design decision-making systems for
fault diagnosis and control, it was deemed crucial to revisit the model identification prob-
lem for marine vessels, accounting for uncertainties impacting the identification process.
To this end, in Chapter 3, an SMI approach was presented for identifying the parametric
3-DOF model of a full-scale vessel, offering a robust framework for incorporating uncer-
tainties, including measurement noise and the effects of wind and waves. The method
involves computing the DDPS polytope using input-output measurements and model as-
sumptions, which is further used to compute an FPS. The parameter estimates are then
obtained by solving a quadratic program over the FPS polytope, along with definite para-
metric bounds.

Compared to existing methods, the proposed method converges faster to the optimal pa-
rameters and achieves improved state prediction accuracy. Validation using maneuvering
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RQ3:

RQ4:

data from a full-scale vessel demonstrated that the computational time per sample de-
creased by at least an order of magnitude and the prediction accuracy improved by up
to 26.5%. The method also provides a framework for real-time parameter adaptation for
the vessel’s guidance and control systems. Various control design methods, such as ro-
bust and adaptive MPC, can utilise the set-membership approach for obtaining recursive
model updates.

How to design and evaluate control systems that ensure safe navigation of autonomous
vessels in confined waterways?

To design model-based control systems for ASVs in confined waterways, the hydrody-
namic effects of water depth, river currents, and channel banks must be effectively cap-
tured in the vessel’s maneuvering model. In Chapter 4, a modified MMG model for
IWVs is considered that incorporates these factors. Subsequently, an NMPC control law
is designed for the path-following control of IWVs, accounting for nonlinearities in the
prediction model and varying operating conditions in inland waterways.

Extensive simulations across diverse, realistic operating scenarios, including straight chan-
nels, confluences, and river bends, are performed. A significant reduction in course
deviations and cross-track errors, as well as the rudder deflections, is observed across
varying water depths and ship-to-bank distances, compared with the standard PID con-
troller. Once the vessel has been steered onto the predefined route, the NMPC maintains
a tracking error below 5 meters during transit, whereas the PID controller occasionally
experiences an error exceeding 20 meters. To evaluate control performance, several key
performance metrics are proposed based on navigation requirements specific to inland
waterways. Smaller values for metrics such as MAXTE, AAXTE, and SINM are ob-
tained for NMPC, indicating superior control performance. The smaller IWRI metric
indicates greater robustness than the PID controller. Finally, the NMPC also achieves a
comparatively smaller ETA, showcasing its ability to perform more efficient inland navi-
gation.

How to detect and isolate multiple sensor faults affecting the navigational sensors on
autonomous surface vessels?

To detect and isolate multiple sensor faults, Chapter 5 presented an observer-based FDI
scheme for the navigational sensors onboard an ASV. Multiple faults impacting the nav-
igational sensors, including the GNSS, IMU, and gyrocompass, were considered. Mod-
elling complexities, such as differences in vessel types, actuator configurations, and sen-
sor setups, were accounted for by designing multiple monitoring modules tailored to dif-
ferent vessel dynamics and sensor measurement models.

The method was validated using the vessel model identified in Chapter 3 and an example
from the literature. It was demonstrated that false alarms can be eliminated by designing
adaptive thresholds that robustly bound the residuals in each monitoring module by ac-
counting for environmental disturbances and modelling uncertainties. Furthermore, the
combinatorial fault decision logic, in conjunction with monitoring modules with struc-
turally sensitive residuals, enabled the isolation of multiple sensor faults. Finally, through
sensitivity analysis, ARRs with weak fault sensitivity were identified, leading to an up-
dated FSM with improved isolability.
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RQ5: How can the risk of grounding and collision of autonomous vessels in inland waterways
be modelled and mitigated?

Chapter 6 presents a method for the grounding and collision risk mitigation for an IWV
by combining a BBN for risk modelling with a POMDP model for risk control. The
method builds on the STPA hazard analysis technique to model the BBN layers, while the
POMDP model provides a framework for incorporating various possible fail-safe control
actions. Given a failure event affecting the vessel’s GNC system, the POMDP model is
trained and subsequently tested online via MCTS simulations. The results demonstrate
the proposed method’s capability to identify a suitable higher-level SCS with a reliable
recovery rate.

Based on the above discussion, we can now proceed to answer the overall research question
as follows:

How to design model-based control and fault diagnosis methods that ensure the safe nav-
igation of autonomous vessels under uncertain and abnormal operational conditions?

In this work, safe navigation is treated as a design requirement spanning various systems
in the autonomy stack, including the control, fault diagnosis and supervisory systems. By do-
ing so, the design of the autonomous navigation system becomes a closed-loop process in-
volving explicit modelling of physical processes (nonlinear dynamics, environmental distur-
bances, sensor noise, etc.), the detection of unpredictable events (faults) and the anticipation
of hazardous situations (collision, grounding) through monitoring systems, and their handling
through robust model-based methods (control laws, fallback strategies). This process results in
improved decision-making capabilities that ensure safe autonomous navigation under realistic
performance degradation.

For model-based control design, a combination of reduced model uncertainty and high con-
troller robustness is desired. To reduce the model uncertainty, we consider the explicit mod-
elling of environmental forces acting on the vessel sailing in confined waterways. The Abkowitz
and MMG approaches are considered in this thesis for modelling the complete 3-DOF nonlinear
vessel dynamics in the horizontal plane. However, realistically, it is not possible to ascertain
all sources of environmental uncertainties. This is where the proposed SMI method becomes
pivotal, as it allows bounding epistemic uncertainties, such as environmental disturbances and
sensor noise, without requiring explicit modelling. The result is a set of identified parameters
and accompanying bounds that facilitate the design of robust model-based control systems, such
as NMPC for path-following control, as presented in this thesis. In addition to modelling the
impact of environmental factors on the vessel, environmental characteristics such as steep river
confluences and curves, obstacles requiring path replanning, and varying inflow due to currents
complicate navigation in confined waterways. These factors serve as the basis for the case-
study scenarios, with the key performance metrics used to evaluate the controller’s performance
and its ability to handle such cases. Overall, these contributions address aspects related to the
vessel’s autonomous navigation under uncertain operational conditions.

For model-based sensor fault diagnosis, the main challenges include the variations in sensor
and actuator configurations, modelling complexities and environmental disturbances impact-
ing the ASV. In IWVs, the lack of design standardisations significantly escalates the former
challenge. These challenges are addressed by proposing an FDI scheme utilising nonlinear ob-
servers for the residual generation, and adaptive thresholds for residual bounding. The proposed
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scheme addresses the aforementioned challenges by designing multiple monitoring modules
that include various dynamical and sensor measurement models. As a result, given different
available models, sensors, and actuator configurations, an appropriate selection of monitoring
modules/residuals can be made. The adaptive thresholds act similarly to the uncertainty bounds
in the SMI method, and provide robust detections by ensuring that no false alarms occur. Im-
portantly, these thresholds can be implemented using a set of linear filters, thereby greatly sim-
plifying the applicability of the proposed method. Finally, multiple fault isolation is achieved
by designing the monitoring modules to be selectively sensitive to faults and accordingly de-
signing the FSM. In addition to sensor fault diagnosis, a risk modelling and mitigation method
is also proposed within the vessel’s supervisory system to prevent hazardous situations. Over-
all, the proposed methods address aspects related to the vessel’s autonomous navigation under
abnormal operational conditions.

7.2 Future Research

The following directions are proposed for future research, and include improvements on the
methods proposed in this thesis, as well as other related topics:

System Identification: Future research on vessel model identification should focus on a
wide inventory of complementary models and parameter sets that can support true dock-to-
dock autonomy. This would require covering the full operating envelope, including berthing/de-
berthing, DP, low-speed harbour maneuvers, and higher speed transits. For many vessels, this
includes operating in the semi-displacement or planing speed regions where classical ship ma-
neuvering formulations become inadequate because the hydrodynamic derivatives are strongly
speed-dependent. In this case, recursive model update can be a promising approach by com-
bining a physics-based model with data-driven corrections, thereby maintaining model validity
and prediction accuracy. Set-membership methods can be employed here to maintain bounded
parameter sets that are updated in real time as new measurements are received.

Control: Practical control design for IWV navigation requires discarding simplifying as-
sumptions and design considerations such as constant propeller speeds, rudder-only control,
full vessel actuation, and using only the heading angle measurements. Future research should
focus on control design without these considerations and with explicit formal safety guarantees.
This will not only enhance the vessel’s path-following performance and maneuverability but
also ensure safety under varying navigation conditions.

Fault Diagnosis: Future research should focus on improving the fault detectability of
the proposed sensor FDI framework by explicitly accounting for environmental disturbances
and modelling uncertainties in the observer design. Adaptive approximation methods offer a
promising approach to obtain robust observer formulations by approximating lumped uncer-
tainties either offline or online. Another research direction involves broadening the scope of
anomalies considered to include degradation, partial failures, and compromised subsystems,
with particular emphasis on sensing and power systems. Sensors used for environmental per-
ception, including Radars, LIDARSs, and cameras, are among the most vulnerable systems and
require continuous monitoring and diagnosis.

Cybersecurity: Since autonomy will be enabled by multiple interconnected cyber-physical
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systems spanning the entire IWT system, ensuring the safety and resilience of these systems is
of utmost importance. Arguably, many cybersecurity risks have not yet been considered, partic-
ularly in communication, sensing, and perception systems. Therefore, designing systems that
can monitor and respond to cyberattacks quickly and effectively is a crucial research direction.

Fallback Operation: Given the complexity of onboard systems and their interactions, pre-
venting hazardous situations requires continuous risk monitoring and fail-safe decision-making.
Chapter 6 briefly explores the design of risk-monitoring and mitigation methods; however, fur-
ther research is required to develop these systems and thoroughly test and validate them to
ensure safety in the event of a system-level failure.
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Conventions

The following conventions are used in this thesis for notation and symbols:

* The time variable/index is denoted by ¢ and k, for the continuous and discrete-time cases,
respectively. They are omitted from several equations unless needed for clarity.

* Vectors are represented by lowercase letters, whereas matrices are represented by capital
letters.

e A “hat” (*) denotes an estimated quantity.

* An overbar (*) denotes a known bound (e.g., noise bounds, parameter bounds or adaptive
threshold bounds).

o diag(-) forms a diagonal matrix, whereas vcat(-) denotes vertical concatenation.

« tan~!(-) and atan2(-, -) denote inverse tangent functions (one-argument and two-argument
forms).

* | -] denotes the magnitude (absolute value for scalars; element-wise magnitude when
applied to vectors).
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List of symbols and notations

The following is a list of the most frequently used symbols and notations in this thesis.

Variables

Xp, ¥p vessel position coordinates (NED)  [m]

Xp, Yp vessel velocity components (NED)  [m/s]

v heading (yaw) angle [rad]

u, v surge and sway velocities (body-frame)  [m/s]
Vin sway velocity at midship (body-frame) [m/s]

r yaw rate (body-frame) [rad/s]

r non-dimensional yaw rate

U vessel speed magnitude  [m/s]

X course angle/course over ground  [rad]

Be crab angle [rad]

B midship drift angle [rad]

Bp inflow angle at propeller  [rad]

Beur incoming current angle (earth-fixed frame) [rad]
Uc current speed magnitude  [m/s]

Ury Vim surge and midship-sway velocities relative to current  [m/s]
)4 vessel position vector (NED)

n generalized position vector (NED)

v generalized velocity vector (body-frame)

Ypos position measurement  [m]

Yy heading angle measurement  [rad]

yy course angle measurement  [rad]

Yus Yvs Vr surge, sway, and yaw-rate measurements  [m/s, m/s, rad/s]

Yy velocity vector measurement
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Np, Ny, Ny, Ny

fp> f\lla fV7 fX
1z
Iy,

Tu I TVv Tr

Td
f(v,7)
A(,v)

Xpr,vw Ypr,W7
Npr,w

Xp

XR, Yr, Nr
Xy, YH, Ny
Xp,Yp,Np
Xw, Yw, Nw
Tw

TH

Kr(J)

wp
np

F F§

Ur

URr, VR

measurement noise terms for position, heading, velocity, course

sensor fault signals affecting position, heading, velocity, course

generic sensor fault affecting measurement z

occurrence time of fault f, [s]

controlled generalized forces/moments in surge, sway, yaw [N, N, N-m]
controlled input forces/moments vector

added forces/moments vector

known nonlinear dynamics term

unknown nonlinear dynamics term

generalized force components of thruster w  [N,N,N-m]

propeller-induced surge force  [N]

rudder-induced surge force, sway force, and yaw moment  [N,N,N-m]

hull surge force, sway force, and yaw moment  [N,N,N-m]

bank-effect surge, sway, and yaw forces/moments contributions  [N,N,N-m]
wind-induced surge, sway and yaw forces/moments contributions  [N,N,N-m]
wind-induced forces/moments vector

hull forces/moments vector

thrust coefficient function

propeller advance ratio

wake fraction at propeller position in maneuvering motions

propeller revolution speed  [rpm]

rudder normal forces (port/starboard) [N]

rudder angle [rad]

inflow speed at rudder  [m/s]

longitudinal and transverse inflow velocities at rudder  [m/s]
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OR effective inflow angle at rudder  [rad]

WR wake fraction at rudder position

8y, O azimuth thruster angles (port/starboard)  [rad]
Sp, S, thruster angular rates (port/starboard)  [rad/s]
R(vy) rotation matrix from body frame to NED

C(v) Coriolis—centripetal matrix

D(v) damping matrix

D'(v) Dynamic coupling term in MMG form

u(r) unit step function

A0 estimation error for 1 in module 1

y@ estimation error for y in module 2

@ estimation error for v in module 2

i§,4>, y~§,4) estimation error for x,,y, in module 4

z0) stacked state vector in module /

ygl) measurement of z!) in module 7

30 estimate of z{) in module 1

8}(,? residual vector in module /

sg’j ) residual component for sensor j in module /
é%’ ) (1) adaptive threshold for |8)(21 ) (1)]

Tlgl’/ ) first time instance of the violation of j-th ARR (fault-detection time) [s]
d(r) decision vector for the I-th module

d®(r) binary decision for sensor j in module /

d(r) aggregated decision vector

Di(t) diagnosis set

Jacobian block matrix of residuals w.r.t. single faults
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Tk polynomial functions of observer states

Uy measured speed  [m/s]

\% true wind speed  [m/s]

By true wind direction  [rad]

v, relative wind speed  [m/s]

Yr relative wind angle of attack  [rad]

Uy, Vr relative wind velocity components in x,,y, directions  [m/s]

o0 (1) exponential bound function in adaptive thresholds

ED (1), ZO(t) intermediate bound functions in adaptive thresholds

?,(cg intermediate model mismatch term under healthy conditions

XTE(t) cross-track error to closest point on path  [m]

SXTE(t) signed cross-track error  [m]

xei(f), yer(t)  closest point coordinates on the desired path  [m]

Yref(2) reference heading from LOS guidance law  [rad]

Wwp(t) waypoint-line heading component  [rad]

WYeross (?) LOS correction term  [rad]

d.(k) vessel’s distance from channel centreline at step & [m]

(k) heading error at step k  [rad]

it cross-product between the waypoint vector and the ship’s position vector  [m?]
Xwp k> Ywp k k-th waypoint coordinates  [m]

q(t) IWV state vector

u(t) IWYV control input

JION210) functions of vessel states in NMPC model decomposition

10 function of vessel states and control input in NMPC model decomposition
Te vector comprising environmental forces in the IWV model
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Te vector comprising controlled rudder forces/moments in the IWV model
To propeller force contribution vector

qe(k), uc(k)
Wi

i

s Bi

G

Xpri> Ypr,i> Npri
Yoow Nbow

0*

0o

56*

NMPC prediction model states and input

revolutions of the i—th thruster [rad/s]

relative fluid angle of attack for the i—th thruster [rad]

azimuth and flow orientation angles for the i—th thruster [rad]
nonlinear basis function in the states and controlled inputs
generalised force components for the i—th thruster, i € {1,2}
generalised forces due the bow thruster

identified optimal parameter vector

initial anchor for the parameter vector 6

smallest parameter increment for the parameter vector 6

one-step difference in y(k)

radius of the interval matrix G([x(k)], u(k))

the percentage fit metric

the computational time metric

the RMSE-based performance metric

parameter vector sample

matrix-vector pair representing a polytope

matrix-vector pair representing the DDPS polytope in the variable &
matrix-vector pair representing the DDPS polytope in the variable 6
matrix-vector pair representing the FPS polytope

matrix-vector pairs representing the FPS polytope at the N—th time step
current and next POMDP states

action selected at the current state s

POMDP belief state and initial belief
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V(b) value function evaluated at belief b

Q(b,a) action-value function (expected cumulative return on taking action a from belief b)
Py, activation probability of the recovery actions node A,

Ty, transition probability associated with recovery action A,

UCB Upper Confidence Bound value

N(b) total visit count of belief node b

n(b,a) visit count of action a from belief node b

Perd grounding hazard risk indicator

Peol collision hazard risk indicator

Constants / parameters

m vessel mass  [kg]

My, my added masses in surge and sway  [kg]

XG longitudinal position (x-coordinate) of center of gravity  [m]
L, moment of inertia about the z,-axis [kg-mz]

I, added yaw moment of inertia  [kg-m?]

Xi, ¥y, Ys,

Ny, N; added-mass hydrodynamic parameters [kg] / [kg-m] / [kg~m2]
M inertia matrix

M inertia matrix in MMG form

ai, az,

b1, by, bz, by steering (Nomoto) model parameters
T, T, Tz time constants in steering model

K gain factor in steering model

K1, K>, K4, K¢ diagonal observer gain matrices

Kii sub-block of K| gain matrix
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k12, ka1, k22, ko3,

k3, ks, ke1,ke2

~(L,))
iz,

Cxs Cy, Cp
Af, AL
LO[I

T

Sw

Cr, Cwy
xp

XR

XH

IR
wpo

YR

scalar observer gains

bound on &-th element of sensor noise for sensor (7, j)

bound on i-th element of disturbance vector T,

positive constants in adaptive threshold bounds
bounds used in adaptive threshold expressions
bounds on initial estimation error magnitudes

bounds on velocity components

bounds on thruster angles and rates
Lipschitz constants

air density  [kg/m3]
freshwater density ~ [kg/m?]

wind coefficients

frontal and lateral projected areas above water  [m?]
overall vessel length  [m]
vessel draught  [m]
wetted surface area  [m?]

frictional and wave-making resistance coefficients
propeller longitudinal position (x-coordinate) [m]
rudder longitudinal position (x-coordinate) [m]
longitudinal position at which additional lateral force acts
thrust deduction factor

rudder surge-force correction factor during steering
effective wake fraction in straight motion

flow straightening coefficient at rudder

[m]
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K experimental constant in rudder inflow model

oy rudder force increase factor (interaction coefficient)

Dp propeller diameter [m]

Agr rudder area  [m?]

Br rudder span  [m]

Cr rudder chord length  [m]

A rudder aspect ratio

Ik empirical constant for lateral inflow acting point at rudder
s propeller slip ratio

n propeller-to-rudder size ratio

Ucmax maximum current speed at waterway centreline  [m/s]
X;, Yy, Ny dimensionless hull force/moment quantities

Rsh shallow-water resistance coefficient [N]

R, non-dimensional shallow-water resistance coefficient

! ! ! !
Xgp: X, Xrr: Xypp:
Yoo Y7 Yopp: Yopro
Yﬁrw YrrraNB:

N;, Nogg: Nog,

Ngyps Ny MMG model hydrodynamic derivatives
F fault signature matrix (FSM)

Ny NMPC prediction horizon  [s]

Pm terminal cost weight

ms 'm running cost weights

Wnin, Wmax heading angle bounds [rad]
Umin, Umax surge velocity bounds  [m/s]
Vmnin, Vmax sway velocity bounds  [m/s]

Tmins Fmax yaw-rate bounds  [rad/s]
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Simin; Omax
Amax

Apr bpw

XT Emax

del min

O1, 02
XTEp, Ve pi
Xp

G

Cao

Ca1,Cra

N, sim

rudder angle limits  [rad]

maximum rudder angle change per time step  [rad]
fairway polyhedron constraints (H-representation)
maximum allowable cross-track error [m]
minimum allowable distance from centreline  [m]
SINM weighting scalars

baseline cross-track and heading errors  [m], [rad]

LOS lookahead distance  [m]

thrust force coefficient for the i—th thruster

base drag coefficient

the variation in drag and lift coefficients w.r.t. ¢

parameters vector

transformed parameters vector

lower and upper bounds of the parameters vector

lower and upper bounds of the transformed parameters vector
lower and upper bounds of the noise signal

length of the total dataset

CPU time

Spearman rank correlation factor

discount factor

UCB exploration coefficient

normalisation constant

total number of Monte Carlo simulation runs

small constant (Chapter 3)
ratio of wake fraction at rudder and propeller positions (Chapter 4)
small constant representing a residual probability (Chapter 6)
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Operators, Sets and Indices

we {1,2}
Sp087 S\]I
S\/7 SX

Ie{l,...,N}

I1-117

INT1-INT6

thruster index (port/starboard)

position and heading sensors

velocity and course-angle sensors
monitoring module / sensor-set index

I-th sensor set

number of sensors in sensor set §(/)

sensor index within module /

I-th monitoring module

observer within the /-th monitoring module
aggregator module

set of ARRs in module /

j-th ARR in module /

FSM entry indicating possible violation due to weak sensitivity
total number of monitored sensors

number of theoretical fault combinations

g-th theoretical sensor fault combination
number of ARR rows in FSM

prediction step h evaluated at current time k
DDPS at time step k

DDPS at time step k reformulated in terms of 0
FPS at time step k

input nodes of the BBN

nodes in the input RIFs layer of the BBN
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DI1-D7 nodes in the derived RIFs layer of the BBN
POMDP tuple

POMDP state space (cardinality n)
POMDP action space (cardinality m)
transition function

reward function

set of POMDP observations

O 9 N § R OLK B

observation function
S, Su, Sy sets of safe, unsafe, and recovery vessel states

Ag, Ay, Ay sets of safe, unsafe, and recovery control actions
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List of abbreviations

AACE
AAXTE
AHRS
AIS
ARR
ASV
BBN
CCNR
CFD
COG
DDPS
DOF
Dp
DT-LIP
DVL
ECDIS
EKF
ENC
ETA
FDI
FSM
FTC
FPS
GNC
GNSS
IMU
INS
IPOPT
IWRI
IWT
wv
KPI
LOS
LPV
MAXTE
MCTS
MMG
MPC
MRC
NED
NLP
NMPC
OoCp
PID

Average Absolute Control Effort
Average Absolute Cross-Track Error
Attitude Heading Reference System
Automatic Identification System
Analytical Redundancy Relation
Autonomous Surface Vessel
Bayesian Belief Network

Central Commission for the Navigation of the Rhine
Computational Fluid Dynamics
Course Over Ground

Data-driven Parameter Set

Degrees of Freedom

Dynamic Positioning

Discrete-Time Linear-In-Parameters
Doppler Velocity Log

Electronic Chart Display and Information System
Extended Kalman Filter

Electronic Navigational Chart
Estimated Time of Arrival

Fault Detection and Isolation

Fault Signature Matrix
Fault-Tolerant Control

Feasible Parameter Set

Guidance, Navigation and Control
Global Navigation Satellite System
Inertial Measurement Unit

Inertial Navigation System

Interior Point OPTimizer

Inland Waterway Robustness Index
Inland Waterway Transport

Inland Waterway Vessel

Key Performance Index
Line-Of-Sight

Linear Parameter-Varying
Maximum Absolute Cross-Track Error
Monte Carlo Tree Search
Maneuvering Modeling Group
Model Predictive Control
Minimum-Risk Condition
North-East-Down

Nonlinear Programming

Nonlinear Model Predictive Control
Optimal Control Problem
Proportional-Integral-Derivative
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PIV
POMCP
POMDP
QP

RIF
RMSE
RPM
RTK
SBAS
SCS
SINM
SMI
SOG
STPA
SXTE
TPQR
UCB
URANS
XTE

Particle Image Velocimetry

Partially Observable Monte-Carlo Planning
Partially Observable Markov Decision Process
Quadratic Program

Risk-Influencing Factor

Root Mean Squared Error

Revolutions Per Minute

Real-Time Kinematic

Satellite-Based Augmentation System

Safe Control Strategy

Safe Inland Navigation Metric
Set-Membership Identification

Speed Over Ground

Systems-Theoretic Process Analysis

Signed Cross-Track Error

Twin-Propeller and Quad-Rudder

Upper Confidence Bound

Unsteady Reynolds-Averaged Navier—Stokes
Cross-Track Error



Summary

Inland waterways offer a cost-effective, energy-efficient and relatively safer mode of freight
transportation, and autonomous navigation presents an attractive opportunity to fully revitalise
their utilisation. To enable a safe, efficient and reliable inland waterway ecosystem, autonomous
inland vessels must account for uncertainties arising from environmental disturbances and mod-
elling errors. In comparison to open-sea navigation, inland navigation involves confined water-
ways, frequent interaction with infrastructure and other vessels, and operational constraints that
require both high situational awareness and constraint satisfaction. Furthermore, abnormal op-
erating conditions resulting from critical sensor faults and failures must be tolerated through
graceful performance degradation or, in the worst case, a fallback operation. In light of these
operational requirements, this thesis investigates how autonomous vessels, especially (but not
limited to) inland waterway vessels, can maintain safe, high-performance motion control while
monitoring sensor faults and hazardous situations that affect their navigation.

More specifically, this thesis contributes an integrated framework that includes (a) a robust
system identification methodology to obtain vessel maneuvering models for state estimation
and prediction, (b) a Nonlinear Model Predictive Control (NMPC)-based control system that
computes the vessel’s control actions while satisfying the physical and operational constraints
of inland waterways, (c) a multiple sensor Fault Detection and Isolation (FDI) scheme that
monitors consistency in measurements by employing analytical redundancy relations and (d) a
risk mitigation method that provides a fallback control action under complex failures.

Robust system identification for marine surface vessels

Maneuvering models play a central role in model-based control and monitoring system design
by providing accurate estimates of the vessel’s states and their future predictions. Identifying
the parameters of a full-scale vessel from experimental data is particularly challenging due to
significant modelling and measurement uncertainties. The first contribution of this thesis is a
set-membership method for identifying key parameters of a nonlinear 3-Degrees of Freedom
(3-DOF) vessel model that supports robust prediction and control design through a bounded
error characterisation of the uncertainties. The identification process involves computing two
sets: a Data-driven Parameter Set (DDPS) and a Feasible Parameter Set (FPS), using the sys-
tem dynamics, uncertainty bounds and input-output measurements. Then, by solving quadratic
programs over the FPS, parameter estimates and their uncertainty bounds are obtained. Val-
idation results from full-scale trials demonstrate improved prediction accuracy and reduced
computational time. In addition, through sensitivity analysis, the parameters most crucial for
identification performance are identified.
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Path-following control of inland waterway vessels in confined waterways

Inland waterways are characterised by tight operational and environmental constraints, leading
to explicit control design specifications. The model predictive control methodology is adopted,
as it naturally integrates multi-variable dynamics, actuators, state, environmental constraints
and objectives to optimise performance and control effort. An NMPC path-following control
scheme is proposed for Inland Waterway Vessels (IWVs), with the prediction model tailored to
the hydrodynamic phenomena in confined waterways, including bank and shallow-water effects.
Many challenging scenarios are considered for validating the control scheme through simula-
tions, such as turning at a steep river confluence, sailing a curved river and avoiding a static
obstacle. The impact of reduced ship-bank distances, propulsion speeds and river cross-section
shapes further provides insights into control performance and design choices. In addition, key
performance metrics are proposed to evaluate the controller’s performance and quantify path-
following accuracy, robustness and safety.

Multiple sensor fault diagnosis of autonomous surface vessels

Autonomous vessels rely on multiple heterogeneous sensors for navigation, motion control and
situational awareness. Sensor faults may propagate through measurements to interconnected
systems on board, thereby impacting downstream decisions. This thesis proposes a multiple-
sensor FDI scheme that exploits Analytical Redundancy Relations (ARRs) derived from the
vessel’s dynamical model and adaptive thresholds to diagnose sensor faults.

The design methodology adopted in the proposed scheme includes (a) the generation of fault
detection residuals having structural sensitivity to one or more sensor faults and (b) the compu-
tation of adaptive thresholds used for residual bounding with robustness against environmental
and modelling uncertainties. As a result, false alarms can be avoided in the fault detection pro-
cess. In addition, a combinatorial fault decision logic is designed, enabling the scheme to not
only detect fault occurrence but also to determine the compromised sensors. Combined, the
structurally sensitive residuals and the decision logic facilitate the isolation of multiple sensor
faults. The proposed fault diagnosis scheme is suitable for continuous monitoring of faults dur-
ing vessel operation, while easily accommodating variations in the vessel’s actuator or sensor
configurations. Furthermore, by identifying weak fault sensitivity by evaluating residuals with
respect to fault magnitudes, improved fault isolation decisions are obtained.

Collision and grounding risk mitigation of inland waterway vessels

Finally, the risk mitigation of autonomous vessels is explored by considering the underlying
sub-problems of risk modelling and control. For risk modelling, a Bayesian Belief Network
(BBN) is built from hazard analysis results, providing transition probabilities for sequential
decision-making. Thereafter, a Partially Observable Markov Decision Process (POMDP) model
is designed to represent the vessel’s states and provide a suitable higher-level control strategy
that ensures the vessel’s safety by preventing hazardous situations, such as grounding and colli-
sions. The method is verified through an inland waterway navigation case study, which demon-
strates SCS selection reliably during a complex failure scenario.



Samenvatting

Binnenwateren bieden een kosteneffectieve, energiezuinige en relatief veilige manier van goe-
derenvervoer. Autonome navigatie biedt een aantrekkelijke mogelijkheid om het gebruik ervan
volledig nieuw leven in te blazen. Om een veilig, efficiént en betrouwbaar ecosysteem voor
binnenwateren mogelijk te maken, moeten autonome binnenvaartschepen rekening houden met
onzekerheden die voortvloeien uit verstoringen in het milieu en modelleringsfouten. In te-
genstelling tot de open zee opereert de binnenvaart op beperkte waterwegen, met veelvuldig
contact met infrastructuur en andere schepen, en onder operationele voorwaarden die zowel
een hoog situationeel bewustzijn als strikte naleving van beperkingen vereisen. Bovendien
moeten abnormale bedrijfsomstandigheden als gevolg van kritieke sensorstoringen en -uitval
worden getolereerd door middel van geleidelijke prestatievermindering of, in het ergste geval,
een terugvalprocedure. In het licht van deze operationele vereisten onderzoekt dit proefschrift
hoe autonome schepen, met name (maar niet uitsluitend) binnenvaartschepen, veilige en hoog-
waardige controle kunnen behouden terwijl ze sensorstoringen en gevaarlijke situaties die hun
navigatie beinvloeden, monitoren.

Dit proefschrift draagt meer specifiek bij aan een geintegreerd raamwerk dat bestaat uit (a)
een robuuste systeemidentificatie methodologie voor het verkrijgen van modellen voor scheeps-
manoeuvres ten behoeve van toestandschatting en -voorspelling, (b) een op Niet-lineaire Model
Predictive Control (NMPC) gebaseerd besturingssysteem dat de besturingsacties van het schip
berekent met inachtneming van de fysieke en operationele beperkingen van binnenwateren, (c)
een schema voor Fault Detection en Isolation (FDI) met meerdere sensoren dat de consistentie
van metingen bewaakt door gebruik te maken van analytische redundantierelaties en (d) een
risicobeperkingsmethode die een alternatieve besturingsactie biedt bij complexe storingen.

Robuuste systeemidentificatie voor oppervlakteschepen

Manoeuvreermodellen spelen een centrale rol in het ontwerp van modelgebaseerde besturings-
en monitoringsystemen door nauwkeurige schattingen te leveren van de toestand van het schip
en de toekomstige voorspellingen daarvan. Het identificeren van de parameters van een schip
op ware grootte aan de hand van experimentele gegevens is bijzonder uitdagend vanwege de
aanzienlijke onzekerheden in het modeleren en de metingen. De eerste bijdrage van dit proef-
schrift is een set-membership methode voor het identificeren van de belangrijkste parameters
van een niet-lineair scheepsmodel met 3 Degrees of Freedom (3-DOF). Deze methode onder-
steunt een robuust voorspellings- en besturingsontwerp door middel van karakterisering van de
onzekerheden met een begrensde foutmarge.

Het identificatieproces omvat het berekenen van twee sets: een Data-driven Parameter Set
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(DDPS) en een Feasible Parameter Set (FPS), gebruikmakend van de systeemdynamica, onze-
kerheidsgrenzen en input-outputmetingen. Vervolgens worden, door het oplossen van kwadra-
tische programma’s over de FPS, parameterschattingen en hun onzekerheidsgrenzen verkregen.
Validatieresultaten van proeven op ware grootte tonen een verbeterde voorspellingsnauwkeurig-
heid en een kortere rekentijd aan. Daarnaast worden door middel van een gevoeligheidsanalyse
de parameters geidentificeerd die essential zijn voor de identificatieprestaties.

Pad volgregeling voor binnenvaartschepen in smalle waterwegen

Binnenwateren worden gekenmerkt door strenge operationele en milieueisen, welke leiden tot
expliciete specificaties voor het ontwerp van de besturing. De model predictive control me-
thode wordt toegepast, omdat deze op natuurlijke wijze multi-variabele dynamiek, actuatoren,
toestand, milieueisen en doelstellingen integreert om de prestaties en de besturingsinspanning
te optimaliseren. NMPC-padvolgschema is voorgesteld voor binnenvaartschepen, waarbij het
voorspellingsmodel is afgestemd op de hydrodynamische verschijnselen in smalle waterwe-
gen, inclusief oever- en ondiepwatereffecten. Veel uitdagende scenario’s zijn toegepast om
het besturingsschema te valideren door middel van simulaties, zoals het draaien bij een steile
samenvloeiing van rivieren, varen op een bochtige rivier en het vermijden van een statisch ob-
stakel. De impact van een kleinere afstand tussen schip en oever, voortstuwingssnelheden en
rivier dwarsprofielen biedt verder inzicht in de besturingsprestaties en ontwerpkeuzes. Daar-
naast worden belangrijke prestatiemaatstaven voorgesteld om de prestaties van de controller te
evalueren en de nauwkeurigheid, robuustheid en veiligheid van het padvolgen te kwantificeren.

Meervoudige sensorfoutdiagnose van autonome oppervlakteschepen

Autonome schepen vertrouwen op meerdere heterogene sensoren voor navigatie, bewegings-
controle en situationeel bewustzijn. Sensorstoringen kunnen zich via metingen verspreiden
naar onderling verbonden systemen aan boord, waardoor downstream beslissingen worden
beinvloed. Deze thesis presenteert een FDI-schema voor meerdere sensoren dat gebruikmaakt
van Analytical Redundancy Relations (ARRs) afgeleid met behulp van het dynamische schip
model en adaptieve drempelwaarden om sensorstoringen te diagnosticeren.

De ontwerpmethodologie die in het voorgestelde schema wordt toegepast, omvat (a) de
generatie van foutdetectieresiduen die structurele gevoeligheid voor één of meer sensorstorin-
gen vertonen en (b) de berekening van adaptieve drempelwaarden die worden gebruikt voor het
begrenzen van residuen met robuustheid tegen omgevings- en modelleringsonzekerheden. Hier-
door kunnen valse alarmen in het foutdetectieproces worden vermeden. Daarnaast is een com-
binatorische foutbeslissingslogica ontworpen, waardoor het schema niet alleen storingen kan
detecteren, maar ook de defecte sensoren kan identificeren. De combinatie van de structureel
gevoelige residuen en de beslissingslogica maakt het mogelijk om meerdere sensorstoringen
te isoleren. Het voorgestelde foutdiagnoseschema is geschikt voor het continu monitoren van
storingen tijdens de operatie van een schip en kan gemakkelijk worden aangepast aan variaties
in de actuatoren of sensorconfiguraties van het schip. Bovendien worden door het identificeren
van zwakke foutgevoeligheden, door het evalueren van residuen ten opzichte van fout groottes,
betere foutisolatiebeslissingen genomen.
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Risicobeperking bij aanvaringen en strandingen van binnenvaartschepen

Ten slotte wordt de risicobeperking van autonome schepen onderzocht door de onderliggende
deelproblemen van risicomodellering en -beheersing te beschouwen. Voor risicomodellering
wordt een Bayesian Belief Network (BBN) opgebouwd op basis van de resultaten van een
gevarenanalyse, dat overgangswaarschijnlijkheden levert voor sequentiéle besluitvorming. Ver-
volgens wordt een Partially Observable Markov Decision Process (POMDP)-model ontworpen
om de toestanden van het schip weer te geven en een geschikte besturingsstrategie te bieden die
de veiligheid van het schip waarborgt door gevaarlijke situaties, zoals aan de grond lopen en aan-
varingen, te voorkomen. De methode is geverifieerd door middel van een binnenvaartnavigatie-
casestudy, die SCS-selectie betrouwbaar demonstreert tijdens een complex faalscenario.
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Summary

Inland waterways offer a cost-effective and energy-efficient freight transport
mode, yet their full potential remains underutilised. Autonomous navigation can
revitalise this sector, but it must account for vessels operating under uncertain
and abnormal conditions arising from environmental disturbances, modelling
errors, and sensor faults. This thesis presents an integrated framework to
ensure safe navigation of autonomous vessels by embedding robustness
against uncertainties in motion control, real-time sensor monitoring, and

risk-aware decision-making.
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