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Abstract

Over the past fifteen years, ship manoeuvring has evolved from a highly specialised branch
of marine hydrodynamics into a key enabler within multidisciplinary research, integrating
seakeeping and intact stability, and paving the way for digital twins and autonomous mar-
itime systems. The scope of this review is to examine the existing literature in a way that
paves the way forward for integration with robotics, aerial and surface drones, digital-twin
(DT) ecosystems, and other interconnected autonomous platforms. This paper reviews the
published articles during this period, tracing the field’s progression from classical hydrody-
namic models to intelligent, data-centric, and regulation-aware maritime systems. Drawing
on a structured bibliometric dataset covering 2010-2025, this study organises the literature
into interconnected themes spanning physics-based manoeuvring models, adaptive and
predictive control, machine learning and digital-twin (DT) technologies, collision-avoidance
and regulatory reasoning, environmental performance, and cooperative autonomy. The
analysis reveals the transition from static empirical modelling toward hybrid physics, artifi-
cial intelligence (AI) frameworks capable of capturing nonlinear dynamics, uncertainty, and
multi-vessel interactions. At the same time, this review highlights the growing influence of
Convention on the International Regulations for Preventing Collisions at Sea (COLREGsS),
the Second-Generation Intact Stability Criteria, and emissions-reduction targets in shap-
ing technical developments. While learning-enabled prediction, model predictive control
(MPC)-based regulatory compliance, and real-time DT synchronisation show increasing
maturity, this study identifies unresolved challenges, including domain shift, model inter-
pretability, certification barriers, multi-agent safety guarantees, and DT divergence under
sparse data. By mapping both demonstrated capabilities and conceptual frontiers, this
review presents manoeuvring as a central pillar of future Maritime Autonomous Surface
Ships (MASS) operations and sustainable shipping. The findings outline a research agenda
toward integrated, explainable, and environmentally aligned manoeuvring intelligence
that can support safe, efficient, and regulation-compliant autonomous maritime systems.

Keywords: ship manoeuvring; hydrodynamics; artificial intelligence; digital twins;
Maritime Autonomous Surface Ships; COLREGs; trajectory prediction; adaptive control
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1. Introduction

The decarbonization of maritime transport has become one of the defining challenges
of sustainable global trade in the twenty-first century. International shipping accounts for
nearly 3% of global greenhouse gas (GHG) emissions [1], and its dependence on fossil
fuels results in substantial releases of nitrogen oxides (NOx), sulphur oxides (SOy), carbon
dioxide (CO,), and particulate matter—pollutants that degrade air quality and threaten both
marine and human health. Growing environmental awareness, coupled with the tightening
of international regulations, has placed the maritime sector under intense pressure to reduce
its carbon footprint and transition toward cleaner, smarter, and more efficient operations.
Energy efficiency has therefore become not merely an environmental goal but a strategic
requirement for competitiveness in an increasingly decarbonised global economy.

In response, the International Maritime Organization (IMO) has introduced a series of
progressive measures aimed at steering the maritime industry toward achieving net-zero
GHG emissions by or around 2050 such as the Energy Efficiency Design Index (EEDI), the
Energy Efficiency Existing Ship Index (EEXI), and the Carbon Intensity Indicator (CII),
which require the integration of energy efficiency considerations throughout a vessel’s
lifecycle [2,3]. These regulations have shifted the focus of ship design and operation from
compliance-focused engineering toward performance-oriented optimisation. Ship energy
efficiency now depends on the complex interplay between hull hydrodynamics, propulsion
system design, and engine operation, each of which must be optimised not in isolation but
as part of a unified system.

The optimisation of hull form [4,5], propeller geometry [6,7], and engine configura-
tion [8-10] plays a decisive role in determining vessel performance [11]. Recent develop-
ments in preswirl manoeuvring propulsors demonstrate how flow-conditioning devices can
enhance both steering authority and propulsive efficiency by modifying the inflow to the
propeller during dynamic manoeuvres [12], thereby strengthening the coupling between
hydrodynamics, propulsion, and control [13]. Historically, these subsystems are often
developed separately, leading to design compromises and inefficiencies. Recent advances
in computational fluid dynamics (CFD), numerical optimisation, and multi-objective design
frameworks have demonstrated the value of integrated approaches [14]. Hydrodynamic
resistance, propulsive efficiency, and engine operating conditions are tightly interlinked,
especially under real-world manoeuvring scenarios. Turning, acceleration, and course-
keeping manoeuvres induce dynamic load variations that influence both fuel consumption
and emissions [15-17]. Accounting for these couplings allows engineers to design systems
that maintain optimal efficiency across the full operational envelope, rather than under
idealised steady-state conditions alone.

Manoeuvring performance, once viewed primarily as a navigational or safety concern,
has emerged as a critical factor in the overall environmental and energy performance of
ships. In practice, vessels seldom operate under calm, straight-line conditions [18], while in
the real world, navigation involves frequent course and speed adjustments—during port
approaches, narrow channels, traffic separation schemes, and adverse sea states—all of
which amplify hydrodynamic losses, increase propulsion load, and elevate fuel use and
emissions [19-21]. Integrating manoeuvring dynamics into early-stage ship design and
operational optimisation is therefore essential to ensure that the efficiency predicted in calm-
water analyses is achievable in actual service. Digital twins, machine learning-assisted
optimisation, and hybrid simulation platforms now enable such integration, allowing
dynamic vessel behaviour to inform hull-propeller—engine interaction models with un-
precedented fidelity [22-24].

The study of ship manoeuvring is thus not merely a technical pursuit but a multidisci-
plinary bridge connecting safety, efficiency, environmental sustainability, and automation.



J. Mar. Sci. Eng. 2025, 13,2322

3 of 50

Manoeuvring defines a vessel’s ability to respond to environmental forces and control
inputs during complex navigation. Accurate modelling of surge, sway, and yaw motions
enhances both safety and performance by predicting vessel responses across a wide range
of operating conditions. This capability is fundamental to collision avoidance, berthing,
and emergency handling. Early research primarily addressed manoeuvring coefficients
and control strategies, while modern studies employ nonlinear dynamics, adaptive iden-
tification, and frequency-domain analyses to improve model accuracy and predictive
capability [25-27]. These developments have significantly reduced uncertainty in vessel
behaviour and strengthened the scientific foundations of both navigational safety and
environmental stewardship.

The environmental implications of manoeuvring are particularly significant. Tran-
sient operations—such as accelerations, sharp turns, and low-speed manoeuvres—are
responsible for disproportionately high emissions of NOy, particulate matter, and un-
burned hydrocarbons compared to steady sailing. Port-related manoeuvring alone has
been shown to contribute substantially to local air pollution and energy inefficiency [28,29].
Understanding these transient processes is therefore key to achieving IMO'’s decarboniza-
tion objectives, prompting researchers to couple hydrodynamic modelling with real-time
emission prediction and control.

Economically, manoeuvring efficiency has a direct impact on voyage time, fuel con-
sumption, and operating costs. Advances in virtual captive testing, hybrid simulation,
and onboard performance monitoring have significantly reduced reliance on expensive
sea trials, enabling the continuous optimisation of ship behaviour during operations [30].
Meanwhile, theoretical developments in adaptive control, autopilot design, and nonlinear
system identification have enhanced the understanding of vessel dynamics under uncer-
tainty, enabling more robust and efficient control strategies. CFD-based studies continue to
enrich this knowledge by quantifying hydrodynamic forces during complex manoeuvres,
offering valuable data for both simulation and onboard decision support.

In parallel to the academic literature, the International Towing Tank Conference (ITTC)
Manoeuvring Committee has produced extensive state-of-the-art reviews and updated
procedures focusing on the standardisation of manoeuvring prediction methods. These
reports organise the field primarily according to water regime, vehicle type, and testing or
modelling methodology, with the objective of ensuring practical applicability, repeatability,
and procedural consistency across towing tanks and simulation facilities. Examples in-
clude the 28th ITTC Manoeuvring Committee report [31], which emphasises experimental
techniques, numerical extrapolation methods, and benchmark data for Planar Motion Mech-
anism (PMM), Horizontal Planar Motion Mechanism (HPMM), and free-running trials, and
the 30th ITTC report [32], which extends this framework to autonomous navigation, un-
certainty assessment, and validation procedures for CFD-based manoeuvring simulations.
In this respect, the scope and approach of the ITTC reports differ fundamentally from the
present review, which synthesises scientific advances to map a research trajectory toward
integrated manoeuvring intelligence—spanning robotics, aerial and surface drones, digital
twins, and cyber—physical maritime ecosystems.

2. Background

In recent years, manoeuvring has become central to maritime digitalisation and the
rise in autonomous navigation. The integration of high-fidelity digital twins with artificial
intelligence (AI) and machine learning (ML) represents a major step forward in the anal-
ysis and control of ship manoeuvring dynamics [33]. These systems continuously learn
from operational data, enabling predictive navigation and intelligent decision-making.
Transformer-based digital twins for manoeuvring execution and deep learning models for
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trajectory prediction exemplify how Al-driven technologies are redefining ship control and
supervision [34]. The rise in computational intelligence in marine control education under-
scores the sector’s transition toward data-driven and autonomy-ready skillsets, enabling
future professionals to design and oversee intelligent manoeuvring systems [35].

For Maritime Autonomous Surface Ships (MASS), such tools form the cognitive
backbone of autonomy, allowing ships not only to act but also to anticipate, comply with
regulations, and adapt to environmental and operational uncertainties.

The architecture of an intelligent manoeuvring digital twin represents a closed-loop
ecosystem that seamlessly connects physical ship operations with their virtual counter-
parts [36]. As shown in Figure 1, sensor data collected from onboard systems—such as
position, velocity, engine load, and environmental conditions—continuously feed into CFD
models that replicate the vessel’s hydrodynamic behaviour in real time. These CFD-based
simulations generate high-fidelity responses to changing operational and environmental in-
puts, which are interpreted by Al predictors trained to recognise dynamic patterns, forecast
vessel responses, and optimise control strategies. The refined predictions are transmitted
to the ship’s control systems, which adjust propulsion, steering, or power management
parameters accordingly. The resulting feedback from the physical vessel closes the learn-
ing loop, enabling continuous calibration of both the digital and physical models. This
bidirectional data exchange allows the digital twin to evolve dynamically, ensuring that
manoeuvring performance, energy efficiency, and regulatory compliance are continuously
optimised during operation.

Architecture of an Intelligent Manoeuvring Digital Twin

) Sensor Data ( .
Al Predictors

Sensors J L

Hydrodynamic Predicted
Data Responses

w Control (
CFD Models Control Systems
J Commands L

Figure 1. Architecture of an intelligent manoeuvring digital twin.

Manoeuvring research continues to shape both technological progress and interna-
tional regulation. Real-time decision-support systems and manoeuvring simulators aligned
with the International Regulations for Preventing Collisions at Sea (COLREGs) demon-
strate how scientific innovation and policy converge to enhance maritime safety and
sustainability [37,38]. As a result, manoeuvring research has evolved from a niche area of
hydrodynamics into a core discipline underpinning the future of intelligent, sustainable,
and autonomous maritime transport.

Existing review papers only partially capture the cross-disciplinary landscape. For
instance, reviews focus narrowly on control laws [39], concentrate on riverine hydrodynam-
ics [40], address identification techniques but not autonomy [41]; centre on berthing [42],
examine depth-limited conditions [43], or address interaction forces [44] and ship accidents
due to off-track manoeuvring [45]. None of these reviews spans the full integrated manoeu-
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vring ecosystem, encompassing physics-based models, CFD, data-driven identification,
environmental effects, perception, collision avoidance, autonomy, and digital twins, over
16 years. This leaves a critical gap in synthesising how manoeuvring research has evolved
holistically and how it now underpins future MASS operations.

Against this backdrop of evolving methodologies and expanding technological hori-
zons, the novelty of this review becomes clear. Whereas earlier surveys tended to isolate
specific threads—hydrodynamic modelling, control algorithms, machine learning tech-
niques, or environmental assessments—this work provides a comprehensive synthesis that
bridges four dimensions of modern manoeuvring research: physics-based hydrodynamics,
advanced control theory, artificial intelligence, and digital-twin (DT) technologies. By trac-
ing developments chronologically and thematically from 2010 to 2025, this review reveals
how the field has transitioned from static coefficient estimation and empirical modelling
toward adaptive, data-driven, and increasingly cognitive systems capable of prediction,
semantic reasoning, and cooperative decision-making. This unified view not only clarifies
how individual research streams evolved but also demonstrates how manoeuvring has
become a strategic enabler of MASS, operational safety, and decarbonisation efforts.

A further contribution lies in grounding these methodological transitions in quantita-
tive performance evidence, drawing on reported improvements in collision-risk reduction,
control accuracy, emissions mitigation, and prediction fidelity. This study also introduces
an integrated perspective on environmental and cognitive manoeuvring intelligence, where
vessels are envisioned as agents that learn from their surroundings, interpret regulatory
intent, optimise sustainability objectives, and coordinate with other actors in complex
maritime environments. By positioning manoeuvring at the intersection of hydrodynamics,
Al-enabled autonomy, and digital-twin architectures, this review establishes a new con-
ceptual foundation for the next generation of research—and for the technologies that will
shape the future of intelligent and sustainable maritime navigation.

The bibliometric dataset for this review covers publications between 2010 and 2025
and is constructed from a systematic search of the major scientific database Scopus, com-
plemented by targeted retrieval of key conference and journal articles known from the
manoeuvring community. The core search strategy is built around the primary keywords
“ship manoeuvring” and “ship maneuvering”, combined with secondary terms that reflect
the main methodological and application areas considered in this paper. Representative
compound queries include, for example, “ship manoeuvring AND hydrodynamic model”,

V7ai

“ship manoeuvring AND CFD”, “ship manoeuvring AND system identification”, “ship
manoeuvring AND collision avoidance”, “autonomous ship AND manoeuvring”, “MASS
AND path-following”, “ship manoeuvring AND digital twin”, and “ship manoeuvring
AND artificial intelligence”. This thematic pairing ensures that the search captures publica-
tions spanning the spectrum from classical hydrodynamics to modern Al-based control
and digital-twin applications.

On the basis of a preliminary screening of titles, abstracts, and keywords, the ma-
noeuvring literature is organised into a set of interconnected thematic areas that recur

consistently across the dataset:

Hydrodynamic and Maneuvering Modeling Group (MMG)-type modelling;
CFD-based and numerical simulation of manoeuvres;

System identification and parameter estimation;

Guidance, control, and collision avoidance;

Data-driven and Al-based prediction models;

Sensing, perception, and trajectory tracking;

Environmental and operational effects; and

® NS L=

Emerging digital-twin frameworks for manoeuvring and autonomous navigation.
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These themes are not imposed a priori but are derived from the observed clustering of
topics in the manoeuvring literature and later confirmed through detailed content analysis.
They form the structural backbone of the qualitative synthesis that follows and are revisited
in the trend analysis and research-gap discussion.

The search is restricted to journal articles and review papers written in English, and
duplicate records across databases are removed. Non-relevant items, such as papers focused
exclusively on offshore platforms, towing operations, global routing without manoeuvring
content, or ship design studies with no explicit connection to manoeuvring dynamics, are
excluded after manual screening. Following this filtering process, 190 papers are retained
for detailed analysis and mapping of methodological and thematic trends.

Over 200 records are included in the descriptive and statistical analyses, which are
used to illustrate publication trends, methodological shifts, and topic distributions over
time. To ensure a focused and interpretable synthesis, a smaller subset of the most rele-
vant and influential studies—on the order of several dozen papers across all themes—is
selected for in-depth qualitative review and citation-network context. This subset includes
seminal contributions, representative methodological advances, and recent works that
signal emerging directions in hydrodynamic modelling, control, Al-based prediction, and
manoeuvring-oriented digital twins.

Framing the literature in this way allows the review to move beyond a simple catalogue
of methods. Instead, it supports a trend-based and integrative reading of ship manoeuvring
research, raising questions that guide the remainder of the paper, such as the following:

e  How has ship manoeuvring research evolved from classical hydrodynamic models to
integrated frameworks that combine physics-based modelling, advanced control, Al
prediction, and digital-twin concepts between 2010 and 2025?

e To what extent do these different methodological strands—hydrodynamics, control,
Al, and sensing—interact in practice, and where are the gaps that currently prevent
fully integrated manoeuvring systems for MASS?

e  What evidence exists regarding the effectiveness of these approaches (e.g., in terms of
prediction accuracy, collision-risk reduction, controllability in complex environments,
or environmental performance), and how can this evidence inform the design of
next-generation manoeuvring and autonomy frameworks?

The remainder of this paper is structured to reflect the chronological and thematic
evolution of manoeuvring research. Section 3 examines the transition from regulatory
compliance to intelligent manoeuvring standards, illustrating how international maritime
regulations have progressively converged with artificial intelligence-driven control and
decision systems. Section 4 explores the integration of artificial intelligence and digital-
twin technologies, highlighting their role in predictive modelling, simulation fidelity, and
autonomous manoeuvring. Section 5 presents recent advances in manoeuvring-coefficient
estimation and adaptive control frameworks, emphasising the synthesis of hydrodynamic
modelling with modern control theory. Section 6 discusses the hydrodynamic foundations
of intelligent adaptive manoeuvring systems, tracing the shift from traditional physics-
based models to self-learning, data-driven control architectures. Section 7 focuses on
transforming safety and collision avoidance into predictive Al systems, addressing human—
Al collaboration, explainability, and regulatory reasoning within autonomous navigation.
Section 8 introduces the concept of environmental intelligence, linking manoeuvring opti-
misation with emissions reduction and sustainable operational strategies. Section 9 reviews
progress in cooperative navigation and formation control, detailing the emergence of
multi-agent coordination and shared situational awareness as key enablers of intelligent
autonomy. Section 10 outlines the evolution of simulation software toward intelligent
maritime ecosystems, describing how integrated computational platforms now underpin
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digitalised and autonomous operations. Section 11 synthesises these developments through
a comprehensive discussion and outlook, identifying current challenges and outlining fu-
ture research directions toward fully intelligent, sustainable, and regulatory-compliant
maritime systems. Finally, a summary of the main findings and future recommendations
are presented in Section 12.

3. Regulatory Compliance and Intelligent Manoeuvring Standards

Over the past fifteen years, ship manoeuvring research has matured in parallel with
the rapid evolution of international maritime regulation. What began as an effort to comply
with established safety and environmental requirements has expanded into a data-driven
field in which regulations are not only implemented but increasingly interpreted by au-
tonomous decision-making systems. Frameworks such as the COLREGs, the Intact Stability
Code, and successive IMO emission limits now shape how hydrodynamic models, control
strategies, and Al-based decision tools are formulated, validated, and deployed. This shift
marks a broader transition from legal accountability to algorithmic understanding, posi-
tioning manoeuvring as a core pillar of sustainable and autonomous maritime operations,
as shown in Figure 2.

COLREGs SGISC Al-Based
Integration Introduction Compliance
Frameworks

2015 2020

IMO 2020
Sulfur Cap

v

Figure 2. Timeline of regulatory evolution, 2010-2025.

Within this regulatory landscape, ensuring compliance with COLREGs has emerged
as one of the defining challenges of modern manoeuvring research. Hydrodynamic mod-
elling and control theory describe the physics of vessel motion, but COLREGs supply the
behavioural grammar that governs how ships must interact in crowded and uncertain
waters. Between 2010 and 2025, research in this domain underwent a clear methodologi-
cal evolution: initial studies centred on rule encoding and encounter classification; later
work embedded COLREGs into optimisation frameworks through dynamic feasibility
constraints; and the most recent efforts employ Al systems capable of interpreting maritime
rules, inferring intent, and reasoning across multi-agent scenarios.

In the early 2010s, the regulatory conversation around manoeuvring was anchored by
two foundational concerns: the legal recognition of autonomous agents and the environ-
mental impact of vessel operations. Villalba Méndez and Gemechu [46] quantified GHG
emissions from port activities, producing one of the datasets that supported the IMO’s first
carbon-reduction strategies. At the same time, Allen [47] raised a pivotal legal question:
should autonomous “seabots” be recognised as vessels under maritime law? This argu-
ment foreshadowed later debates concerning MASS classification, liability, and operational
accountability. Together, these works established the dual regulatory axis—environmental
sustainability and legal personhood—that continues to guide the integration of autonomy
into maritime governance.
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As technical research gained momentum, engineering and regulation began to con-
verge. Kahveci and Ioannou [48] demonstrated that adaptive steering could enhance safety
under uncertainty, directly reinforcing the practical conditions required for COLREGs-
compliant navigation. Early benchmark manoeuvring datasets assembled by Sgarioto and
Madden [49] shaped validation protocols for experimental trials. Meanwhile, Li et al. [50]
and Abbas and Kornev [51] introduced hierarchical manoeuvring frameworks designed
to support verification tasks and CFD-assisted certification. These developments reposi-
tioned manoeuvring research as not only a control discipline but also an instrument for
demonstrating regulatory conformity.

Recent developments within the ITTC community add further urgency to the scientific
and methodological gaps identified in this review. In the written discussions of the 30th
ITTC Manoeuvring Committee, it is noted that several IMO Member States have submitted
a joint proposal to the 12th Ship Design and Construction (SDC) to make the currently non-
mandatory IMO manoeuvring standards mandatory, with the decision scheduled for early
next year [52]. The Committee emphasised that key technical challenges—particularly scale
effects, extrapolation from ballast to fully loaded conditions, and uncertainty in validating
simulation-based predictions—remain unresolved, and premature enforcement could create
significant operational and certification burdens for industry. This upcoming regulatory
debate, therefore, underscores the need for a deeper scientific foundation for manoeuvring
prediction, modelling, and validation. As a result, the present review contributes not only
to research synthesis but also to informing the broader technical context in which SDC 12
will evaluate the readiness of manoeuvring criteria for mandatory adoption.

By the late 2010s, environmental legislation had become a major driver of manoeuvring-
related research. Knezevi¢ et al. [53] showed that transient manoeuvring phases—
acceleration, berthing, and low-speed turning—generate disproportionately high SOy
and NO, emissions, intensifying pressure to meet IMO Tier III limits. Complementary
studies by Geertsma et al. [54] and Van et al. [55] linked propulsion-control optimisa-
tion to emissions inventories, providing the technical foundation for policy discussions
leading up to the IMO 2020 global sulphur cap. These findings reframed manoeuvring
as both a performance challenge and a regulatory mechanism for achieving mandated
emissions reductions.

Across this period, compliance in manoeuvring shifted from simple rule-following
to model-based and data-driven strategies in which regulatory constraints are embed-
ded directly within the core of manoeuvring models and control architectures. This
integration laid the groundwork for the autonomous-ready frameworks that define
contemporary research.

3.1. From Empirical Stability to Physics-Based Regulation

The regulatory evolution of ship manoeuvring parallels a broader shift in stability
assessment. For decades, ship stability was evaluated under the First-Generation Intact
Stability Criteria (FGISC), a prescriptive and largely empirical framework rooted in static
righting-arm curves (GZ), metacentric height (GM), and calm-water assumptions [56].
While effective for conventional hulls and moderate seas, FGISC could not capture dynamic
instabilities, such as parametric rolling, pure loss of stability, or broaching, which became
increasingly relevant as hull forms diversified and operational envelopes expanded.

This mismatch between modern ship behaviour and static criteria prompted a tran-
sition toward physics-based assessment. As vessels with fine bows, large flares, high-
speed hulls, and flexible propulsion encountered failure modes outside the FGISC enve-
lope, IMO began developing the Second-Generation Intact Stability Criteria (SGISC)—a
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performance-oriented, scenario-driven framework built on hydrodynamic modelling and
simulation [57,58].

3.2. Second-Generation Intact Stability Criteria (SGISC): Physics-Based Regulation

The SGISC, finalised at IMO SDC-7 in 2020, represents a decisive shift toward dynamic,
physics-informed stability regulation. Unlike FGISC’s reliance on simplified static checks,
SGISC incorporates nonlinear ship—wave interaction modelling, probabilistic long-term

assessment, and targeted numerical simulation [59]. A comparison between the FGISC and
SGISC is presented in Table 1.

Table 1. Comparison between First- and Second-Generation Intact Stability Criteria (FGISC

vs. SGISC).
Aspect FGISC SGISC Impact on Design and
Operation
Empu.*lcal and . Physics- and performancg—based; Enables objective,
. experience-based; derived  founded on hydrodynamic s
Regulatory Basis . s vessel-specific assessment
from casualty data and modelling and probabilistic . iy
L . . of dynamic stability.
historical performance. simulation.
Stability Evaluation =~ Focused on static stability Addresses dy namic stab11.1ty n Improves pred1ct101.1 .
. waves, considering nonlinear accuracy under realistic sea
Approach margins in calm water.

ship—wave interactions.

conditions.

Failure Modes
Considered

Limited mainly due to loss
of transverse stability.

Considers five dynamic failure
modes: parametric rolling, pure
loss of stability, dead ship
condition,

surf-riding /broaching-to, and
excessive accelerations.

Expands safety evaluation
to include dynamic and
operational instabilities.

Assessment Levels

Single-level compliance
check with deterministic
thresholds.

Multi-layered (Lv1-Lv3)
approach: from simplified
screening to full Direct Stability
Assessment (DSA).

Provides flexible fidelity
options; balances accuracy
and computational cost.

Static righting-arm curves

Time-domain nonlinear

Shifts from empirical limits

Methodology and GM checks. s1mulat.19n's and lon.g-term to S}mulatl'on-gupported
probabilistic analysis. design validation.
Incorporates realistic wave Encourages desien
Environmental Assumes calm or idealised  spectra and environmental o timisagtion forg
Considerations sea states. variability (North Atlantic scatter pHm .
. operational environments.
diagrams, etc.).
Introduces Operational Bridges design with
Operational Absent—no explicit Limitations (OL) and operational  real-time operation;
Measures operational guidance. guidance (OG) as complementary supports dynamic risk
safety tools. management.
Uniform across ship types, Adaptable to new ship concepts, = Promotes innovation while
Applicability often conservative for unconventional hulls, and hybrid maintaining safety

novel designs.

propulsion systems.

margins.

Integration with

Independent of onboard or

Designed for potential coupling
with onboard decision support

Enables real-time stability
monitoring and Al-assisted

Technology digital systems. and digital twins. navigation.
S I Encourages trial
Reoulatory Status Mandatory under IMO Sﬁ;gi?;g’gnt&.lg ag;:iilérelis application and industry
& y 2008 IS Code Part A. y feedback before full

evaluation for future adoption.

enforcement.
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This framework evaluates vulnerability across five dynamic failure modes, parametric
rolling, pure loss of stability, dead-ship condition, surf-riding /broaching, and excessive
accelerations, using a three-tier approach. Level 1 provides rapid screening, Level 2 adds
probabilistic environmental modelling, and Level 3 (Direct Stability Assessment) applies
time-domain simulations with coupled degrees of freedom [60].

Beyond its technical structure, SGISC is aligned with emerging digital-twin and
decision-support technologies. Its physics-based nature enables potential real-time op-
erational guidance and integration into future MASS control architectures. Although
currently adopted as interim IMO guidelines, SGISC reflects the regulatory shift toward
simulation-supported criteria that increasingly intersect with manoeuvring, seakeeping,
and autonomy.

3.3. From Rule Encoding to Cognitive Compliance in Manoeuvring

Within this broader regulatory shift, COLREGs-oriented manoeuvring research fol-
lowed its own evolutionary path. The earliest work relating manoeuvring to regulation
tended to treat COLREGs as a set of fixed geometric constraints. Manoeuvres are shaped
by simple collision-risk indices, Closest Point of Approach (CPA) and Time to Closest
Point of Approach (TCPA) thresholds, and rule-based heuristics that determined whether a
vessel should stand on or give way. These approaches, while foundational, largely viewed
COLREGsS through a narrow mechanical lens and offered limited exploration of how such
rules interact with nonlinear ship dynamics or real-time control architectures. By 2016-2019,
researchers increasingly embedded regulatory constraints into formal optimisation prob-
lems. Model predictive control (MPC) emerged as a promising way to reconcile COLREG
rules with dynamic feasibility constraints. Johansen et al. [61] exemplified early attempts to
integrate rule-based logic into algorithmic decision-making, though often within idealised
environmental scenarios.

Crucially, this period introduced the recognition that regulatory compliance is not only
about avoiding collisions but also about producing behaviour that human navigators [62]
perceive as predictable, justifiable, and in line with good seamanship—anticipating later
work on “human-like” control and explainable autonomy. Since 2020, regulatory com-
pliance has become both a legal and a technical focal point for autonomous navigation
research. Li et al. [63] and Liu et al. [64] began incorporating COLREG constraints directly
into trajectory optimisation, while Thyri and Breivik [65] offered a more rigorous treatment
by embedding head-on, crossing, and overtaking logics into nonlinear MPC formulations.
These studies marked a significant shift toward coupling manoeuvring dynamics with
kinematic rules, moving beyond simplistic CPA thresholds, and acknowledging that com-
pliance must be achieved at the intersection of hydrodynamic feasibility, traffic behaviour,
and regulatory obligations.

The field moved decisively toward learning-based regulatory reasoning. Deep rein-
forcement learning (DRL) frameworks sought to train agents that implicitly internalise
regulatory patterns through interaction [66—68]. These systems do not simply follow pre-
coded rules; they learn behavioural policies that align with COLREGs while balancing
safety, efficiency, and comfort. Parallel optimisation-based approaches continued to mature,
as exemplified by Poto¢nik [69], one of the most structurally advanced MPC formulations,
integrating maritime charts, dynamic constraints, and regulatory rule sets. The concept
of “human-like” compliance gained visibility, with the design of manoeuvres that aim to
resemble human navigational strategies [70,71].

At the same time, regulatory interpretation began to enter the cognitive domain. Stud-
ies moved beyond mechanistic rule-following, toward predicting the intent, expectations,
and obligations of other vessels [72]. Parallel analyses scrutinised the alignment between
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computational models and human interpretation, underscoring the challenges of embed-
ding legal and behavioural nuance into algorithms [73]. This body of work marks the
emergence of cognitive manoeuvring intelligence, in which compliance involves interpret-
ing ambiguous, multi-agent situations in congested or mixed-autonomy environments [74].

Throughout this period, a recurring challenge is integrating hydrodynamics, control,
Al and regulatory logic into a single manoeuvring architecture. Hydrodynamic models
excel at predicting physical behaviour; control systems enforce feasibility and stability;
Al models anticipate and adapt; and regulatory modules assess legality. Yet most studies
combine at most two or three of these layers, attempting tri-layer integration which links
perception, manoeuvring dynamics, and regulatory evaluation [75]. Even this, however,
stops short of a fully integrated, digital-twin-enabled compliance framework. The regula-
tory and cognitive dimensions of manoeuvring research had recently clearly converged. For
instance, Sun and Zhang [37] demonstrated MPC systems explicitly aligned with COLREGs,
achieving a 25% reduction in collision risk compared with conventional controllers. Zhong
et al. [76] introduced machine learning-based collision-risk-assessment frameworks that
improved conflict identification accuracy by 30%, forming the computational foundation
for future traffic management standards. Meanwhile, Sajjad et al. [28] quantified reduc-
tions of 10-12% in fuel consumption and 15-18% in NOx emissions through Al-optimised
manoeuvring, directly supporting IMO’s GHG reduction objectives. Lee and Kim [77] and
Hwang and Youn [78] advanced MASS certification frameworks that formalised auton-
omy under regulatory supervision, and Tsai and Fang [34] developed real-time simulation
environments capable of validating both safety and regulatory compliance within virtual
sea trials.

In summary, the trajectory from 2010 to 2025 reveals a clear evolution: regulatory
compliance in ship manoeuvring has progressed from static, rule-based procedures to-
ward dynamic, intelligent frameworks capable of optimisation, adaptive learning, and
multi-agent reasoning. Despite this progress, several fundamental challenges continue
to shape the field. Reliable interpretation of COLREGs and stability criteria must be en-
sured in increasingly complex traffic environments that involve both human-operated
and autonomous vessels. Regulatory reasoning needs to be embedded within real-time
digital-twin systems so that compliance is maintained throughout evolving manoeuvring
conditions. Autonomous ships must also provide forms of “explainable compliance” that
satisfy legal and certification requirements. Finally, future manoeuvring architectures must
achieve a coherent integration of hydrodynamic feasibility, control authority, Al-based
prediction, and regulatory obligations within a unified decision-making loop. Addressing
these interconnected challenges will be essential for advancing manoeuvring research
toward a framework in which safety, efficiency, and environmental performance are co-
optimised within the vessel’s cognitive and regulatory intelligence.

4. Machine Learning and Digital Twins in Ship Manoeuvring

Between 2010 and 2025, ship manoeuvring research underwent a profound method-
ological transformation as data-driven modelling, AI, ML, and DT technologies became
central to maritime engineering. Methods that once relied on exploratory neural network
applications and adaptive estimation have evolved into a sophisticated ecosystem of pre-
dictive models, onboard intelligence, and real-time virtual replicas of operating vessels.
Collectively, these developments have reshaped how manoeuvring is modelled, simulated,
monitored, and controlled at sea.

This shift reflects a much broader reorientation across naval architecture: from static,
coefficient-based representations of ship dynamics toward adaptive, learning-enabled mod-
els capable of capturing nonlinear responses, environmental disturbances, and multimodal
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operating behaviour. The emergence of digital twins further accelerated this evolution by
enabling continuous synchronisation between simulated and physical manoeuvring states.
These technologies now form the computational foundation of modern MASS autonomy,
predictive safety, and regulation-aware decision support.

Early applications of machine learning in manoeuvring focused mainly on improving
system identification and enhancing classical control. Oh et al. [79] showed that adaptive
estimation techniques could update hydrodynamic coefficients in real time, demonstrating
that many manoeuvring parameters behave as state-dependent quantities rather than fixed
constants. Contemporary data-driven studies—such as Revestido and Velasco [26] and
Velasco et al. [80] —then explored ML-supported identification to capture nonlinearities
difficult to model within traditional MMG frameworks. These works established the
conceptual basis for hybrid modelling, in which data and hydrodynamic theory are fused
to address model-plant mismatch.

Environmental performance and traditional control remained dominant themes in
the early 2010s. Winnes and Fridell [29] demonstrated that transient operations—berthing,
acceleration, low-speed manoeuvres—produce disproportionately high emissions of NOx
and particulate matter, placing dynamic behaviour at the heart of local air-quality consid-
erations. Shi et al. [81] highlighted strong nonlinear couplings among propulsion control,
fuel consumption, and transient motion. In parallel, human factor studies advanced our
understanding of how experience and intuition guide manoeuvring under uncertainty [25],
while comparative analyses of pilot strategies revealed the cognitive structures underpin-
ning expert ship handling [82,83]. These insights provided behavioural benchmarks that
later informed Al-based emulation of expert decision-making.

From the mid-2010s onward, Al and ML became increasingly central to identification
and prediction. Support vector machines combined with particle swarm optimisation
recovered manoeuvring parameters robustly from noisy data [84,85], while data-driven
ship-motion representations improved prediction accuracy in complex trajectories [86]. Hy-
brid neural network (NN)-signal processing approaches captured nonlinear roll dynamics
in real time [87].

Similar learning-based methods were explored for underwater vehicles, improving
robustness and fault tolerance [88], and neuro-fuzzy inference systems enhanced manoeu-
vring control under environmental disturbances [89].

A major step toward adaptive operational models came with real-time identification
technologies. The model in [90] demonstrated online estimation of hydrodynamic parame-
ters under varying conditions, a capability extended by Gaussian-process-based approaches
that explicitly quantify uncertainty [91]. In trajectory prediction, Xue and Chai [92] used a
recurrent NN to leverage temporal structure in Automatic Identification System (AIS) data,
yielding more accurate track forecasts in dense-traffic environments.

Research then moved toward more sophisticated hybrid and grey-box approaches.
Physically structured models combined with least-squares support vector machines im-
proved interpretability and prediction accuracy [93]. Semi-physical least-squares support
vector machine (LS-SVM) frameworks reconstructed nonlinear surface-craft dynamics by
embedding a hydrodynamic structure directly within the learning model [94]. Zhang
et al. [95] treated manoeuvring as a fully nonparametric mapping learned from data, and
follow-up work extended these ideas to full-scale vessels, demonstrating reliable multi-
DOF identification under operational conditions [96]. Adaptivity and time awareness
became central themes: Song et al. [97] proposed prediction models that down-weight
outdated dynamics, while complementary studies used clustering and Markov chains to
capture regime shifts [98]. My et al. [99] and Silva and Maki [100] showed that compact
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supervised neural networks can learn effective controllers for low-speed manoeuvring in
confined waters.

These developments began converging with physical modelling. The hybrid frame-
work in [101] coupled detailed hydrodynamic representations with decision-support logic,
blurring the boundary between identification and control. Learned models increasingly
informed guidance and control architectures rather than serving solely as descriptive tools.

The early 2020s marked a transition from isolated use cases to systematic integration
of learning throughout manoeuvring pipelines. Zhao et al. [102] used a grey wolf optimiser
with a kernel extreme learning machine to characterise aero-hydrodynamic interactions in
sail-assisted vessels. Reservoir computing, applied in [103], offered an efficient means of
modelling highly nonlinear responses. The work in [104-106] embedded a hydrodynamic
structure directly into neural regression, narrowing the gap between first principles and
machine learning.

A key conceptual advance was the move from offline modelling to real-time oper-
ational prediction. Zhou et al. [107] demonstrated that bidirectional Long Short-Term
Memory (LSTM) with attention mechanisms provide accurate short-horizon forecasts
under realistic rudder and wave disturbances. A dedicated LSTM-multi-head attention
model for intelligent ship-motion prediction further showed how attention layers high-
light relevant motion features under disturbance-rich conditions [108]. Reduced-order,
learning-augmented models by Chen et al. [109] and Gralak et al. [110] helped bridge high-
fidelity CFD and real-time control. Reinforcement learning and convolution-based architec-
tures expanded manoeuvring capability in constrained, multi-vessel scenarios [111,112].
Vision-based and unsupervised learning methods extracted manoeuvring intent and pat-
terns from video and trajectory data [113,114], enriching situational awareness inputs to
control pipelines.

By 2025, the field had entered a mature phase characterised by tight coupling be-
tween learning frameworks and digital twins. Real-time, nonparametric models capable
of evolving with incoming data demonstrated strong predictive performance [115,116],
while state-of-the-art sequence models provided accurate and interpretable trajectory fore-
casts [117]. Uncertainty-aware approaches—including recurrent neural networks integrated
with Bayesian filtering [72] —offered both predictions and confidence intervals, addressing
key requirements for safety-critical MASS applications.

Digital-twin research amplified these advances. Shehata et al. [33] demonstrated that
transformer architectures trained on real operational data could support manoeuvring
digital twins with high-fidelity real-time prediction of surge, sway, and yaw—achieving a
threefold improvement in accuracy over LSTM models, as shown in Figure 3. At the traffic
scale, Yu et al. [118] extended deep attention-based models for long-horizon AIS forecasting,
offering the anticipatory capability needed for DT-based decision support. Learning-
from-demonstration frameworks further closed the gap between expert seamanship and
machine autonomy, enabling the transfer of complex port manoeuvres to autonomous
platforms [119,120].

Taken together, these studies reveal a clear progression. Early work centred on emis-
sions and basic control, followed by ML-assisted coefficient identification, the emergence of
SVM-, Radial Basis Function (RBF)-, and Adaptive Neuro-Fuzzy Inference System (ANFIS)-
based models, and later the introduction of Gaussian processes, grey-box approaches, and
sophisticated deep architectures—Bidirectional Long Short-Term Memory (BiLSTM), Echo
State Network (ESN), neural basis expansion analysis with exogenous variables (NBeatsX),
Gated Recurrent Unit (GRU), and transformer variants—embedded within digital-twin sys-
tems. Table 2 summarises the methods used, along with their applications and limitations.
Across this trajectory, physics-based and data-driven approaches have shifted decisively
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from competition to complementarity: hydrodynamic theory provides structure, while Al

captures nonlinear, uncertain, and operationally complex manoeuvring phenomena.

- Model response in real time and

Sensor's data describe the ship
system in real time

S

Khe needed corrective action/

Figure 3. Digital twin for a container ship [33].

Table 2. Summary of AI/ML papers for manoeuvring and their applications and limitations.

Grouped Papers

Method

Application

Limitation

SVM-based identification

Support vector machines

Learning-based
hydrodynamic coefficient

Kernel sensitivity; limited
generalisation to unseen
manoeuvres; not suitable for

family [84,85,90,121]. (static and online) estimation; real-time steering .
. . multi-degrees of freedom
model identification .
(DOF) complex dynamics
RBF/ Artificial Neural Overfitting risks; limited

Network (ANN) lightweight
neural networks [87,99].

RBF NN + feedforward ANN

Roll prediction; low-speed
manoeuvring control

predictive horizon; poor
interpretability

Neuro-fuzzy and
unsupervised hybrids [89,98].

ANFIS + clustering +
Markov chains

Course-keeping; regime-shift
modelling

Heavy tuning; struggles with
rare or unexpected behaviours

Gaussian-process and

Gaussian processes

Identification + uncertainty

High computational cost;
difficult scaling to

probabilistic ID [91,122]. quantification large datasets

Grey-box and Physically structured Dependent on physical priors;
physics-informed Hybrid physics + ML L YSIcany P . phy p ’
ID [93,94,104] identification computationally heavy

Nonparametric modelling
family [95-97].

Locally weighted learning
(LWL), innovation filters,
nonlinear regression

Data-driven manoeuvring
modelling

Extrapolation poor outside of
training regime;
requires tuning
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Table 2. Cont.

Grouped Papers

Method

Application

Limitation

Reinforcement learning for
manoeuvre
modelling [111,123,124].

Proximal Policy Optimisation
(PPO), Convolutional Neural
Networks (CNNs), DRL

Manoeuvring in constrained
or curved waterways

Requires large training data;
reward instability

Reservoir computing [103].

ESN

Black-box prediction

Highly sensitive to spectral
radius; unstable unless
tuned carefully

Deep sequence
models [72,92,107,117].

RNN, BiLSTM, GRU, NBeatsX

AIS prediction; manoeuvre
forecasting

Data-intensive; limited
interpretability

Online learning

Relevance vector machine

Online identification with

Slow training (RVM); cluster

family [115,116]. (RVM); incremental GMM adaptive updates drift (GMM)

. Hybrid deep learning + Decision support; . . .
Hydr.odynam.lc and deep reduced-order model (ROM) + wave-influenced High Computatlonal cost;
learning hybrids [101,109]. . . needs quality data

hydrodynamics manoeuvring

Trajectory prediction and
vision AI [113,114,118].

Self-supervised deep nets;
instance segmentation;
transformer AIS models

AlS-based prediction;
segmentation; vision-based
manoeuvre analysis

Requires extensive AIS/vision
datasets; sensitive to noise

Digital-twin
family [33,125,126].

Grey wolf optimiser
(GWO)-kernel extreme
learning machine (KELM),
transformers, Gaussian
Mixture Model

Digital-twin prediction;
port-manoeuvre learning

Requires continuous
streaming data; high
model complexity

(GMM)/Gaussian Mixture
Regression (GMR)

In this sense, modern manoeuvring research has moved from describing how ships
move to learning why they move as they do and predicting what they will do next. Al- and
ML-based identification, modelling, and prediction now form the computational backbone
of digital twins, adaptive control, and autonomous decision-making in contemporary
maritime operations.

5. Manoeuvring-Coefficient Estimation and Adaptive
Control Frameworks

5.1. Manoeuvring-Coefficient Estimation

Between 2010 and 2025, research on manoeuvring-coefficient estimation progressed
through three major methodological phases, moving from classical system identification
techniques to hybrid physics-ML approaches and, ultimately, to real-time adaptive esti-
mation. Early work relied heavily on physical experimentation and mechatronic instru-
mentation. Oh et al. [79] showed that carefully controlled experimental procedures could
reconstruct the hydrodynamic derivatives required for nonlinear manoeuvring models.
This initial interest in data-supported identification was later formalised in [26], where non-
linear coefficient estimation was framed as an incremental process linking hydrodynamic
structure with empirical motion datasets.

Classical regression techniques soon revealed limitations, particularly when han-
dling nonlinear coupling or measurement noise. Machine learning methods offered a
promising alternative. The SVM-particle swarm optimisation (PSO) hybrid model in [84]
demonstrated superior performance compared with linear estimators, signalling a shift to-
ward data-centric estimation. Probabilistic and uncertainty-aware approaches followed, as
in [91,127], emphasising that coefficient estimation must explicitly account for measurement
uncertainty, trial variability, and model inadequacy.
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As computing power increased, CFD-assisted estimation gained prominence. Studies
such as [128-130] used Reynolds-Averaged Navier—Stokes equation (RANS) solvers to
derive force components traditionally obtained from PMM tests, enabling virtual captive
experiments that reduce cost and expand testing flexibility. Flow-feature extraction algo-
rithms, such as VORTFIND, a computational algorithm used in fluid dynamics to identify
vortex core centres within a velocity field, provided additional insight by isolating coherent
vortical structures and improving the interpretation of forces generated during drift and
turning motions [131]. Investigations into preswirl manoeuvring propulsors further illus-
trated how local inflow modification affects sway and yaw derivatives, highlighting the
need for tightly coupled CFD—-experimental analysis when examining propulsor-induced
dynamics [13]. More recent efforts combined numerical PMM simulations with free-
running model tests for container ships, demonstrating that virtual captive testing can
accurately reproduce manoeuvring behaviour across multiple manoeuvre types, with high
fidelity relative to experimental validation [132]. Hybrid physical-data-driven strategies
were also extended to environmental forces: elliptic Fourier descriptors captured hull-form
variability while radial basis neural networks modelled nonlinear wind-hull interactions,
yielding more reliable wind-force coefficients for simulation and control [133,134].

Parallel research developed hybrid identification frameworks that fused physics with
machine learning. Studies such as [93,104,135] embedded MMG- or manoeuvring-structure
constraints directly within the learning architecture, acknowledging that purely data-driven
models struggle to recover hydrodynamic dependencies. LS-SVM-based semi-physical
frameworks extended this idea by integrating hydrodynamic priors into nonlinear regres-
sion, enabling robust estimation across variable loading and environmental conditions [94].

A complementary trend involved the transition from experimental data to operational
and full-scale datasets. Song et al. [96] and Xu et al. [90] demonstrated that hydrodynamic
coefficients could be estimated directly from navigational logs, bypassing the need for
traditional PMM trials. This movement toward real-world data culminated in online-
learning approaches [115,116] that treat coefficients as dynamic quantities evolving under
changes in loading conditions, fouling state, wave climate, and vessel deterioration.

By 2025, manoeuvring-coefficient estimation had matured into a multimodal ecosys-
tem that combined CFD-derived coefficients [136], physics-informed ML [102,104], and
black-box predictors [103,117]. Table 3 summarises the principal methodologies developed
between 2010 and 2025, outlining their accuracy, applicability, and operational relevance.
Traditional empirical and analytical methods—once central to naval hydrodynamics—
offered rapid estimates but were constrained by linear assumptions and limited flow
regimes. The rise in CFD provided high-fidelity computation of added mass, damping, and
control derivatives, often reducing error margins below 10%. Virtual captive tests further
improved accuracy while reducing time and cost. As full-scale data became increasingly
available, system identification and hybrid models supported adaptive control and allowed
continuous recalibration of vessel dynamics. Recent Al-driven methods pushed accuracy
even further, with neural networks and nonparametric algorithms achieving errors below
5% and offering prediction capabilities that adjust to changing vessel states and environ-
mental conditions. Frequency-domain methods added smooth, time-continuous parameter
estimation suitable for advanced control.

Taken together, these developments reveal a clear trajectory: manoeuvring-coefficient
estimation has shifted from static, experiment-driven identification toward adaptive, data-
rich, physics-informed frameworks. This transformation directly supports digital twins,
online prediction, and autonomous manoeuvring systems, redefining hydrodynamic coeffi-
cients not as fixed design parameters but as continuously evolving descriptors of vessel
behaviour in realistic, time-varying operating environments.
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Table 3. Summary of manoeuvring-coefficient estimation techniques, typical accuracy, and applications.

Applications and

Method Description Typical Error Range Advantages
Based on classical Early-stage design;
Empirical and hydrqdynarmc theory and . prov1de.:s qu'lck o
. experimental regression +10-15% approximations but limited
Analytical Models . .
formulas derived from accuracy under nonlinear
model tests. or transient conditions.
CFD-Based Simulation such Uses computational fluid High-fidelity estimation for
as RANS, Unsteady . .
dynamics solvers to estimate complex hull forms;
Reynolds-Averaged . o .
. added mass, damping, and +5-10% captures nonlinear effects
Navier-Stokes (URANYS), L
control derivatives under and propeller-rudder
and Large-Eddy . - . :
. : defined flow conditions. interactions.
Simulation (LES)
Reduces need for physical
Numerical replication of model testing; enables
Virtual Captive Tests (VCT)  traditional captive model tests =~ £+4-8% broad parametric
using CFD or hybrid solvers. exploration across speeds
and drafts.
Derives coefficients from Real-time tuning and
System Identification (SI) full—sca.le or mod.el-scale motl.on 15.10% onboe?rd calibration; .
data using adaptive or recursive effective under uncertain
estimation techniques. or variable conditions.
Combines CFD or experimental Balances computational
Hybrid Physical—- results with simplified Y cost and accuracy; suitable
Numerical Methods mathematical models and ’ for design optimisation
control-based corrections. and simulator validation.
Learns nonlinear relationships Pred1ct1ve 'ar}d adaptlve;
- L ideal for digital-twin
Al-Enhanced Estimation between motion inputs and o . . .
. . +3-6% integration and real-time
(ML/NN) hydrodynamic forces directly
control of
from data.
autonomous vessels.
Provides smooth
. Uses frequency-response data to .. o
Frequency-Domain . coefficient transitions for
D estimate added mass and
Identification ; . . +3-5% control systems; robust
. damping with high .
(Spectral Analysis) ; under irregular wave
temporal resolution. .
conditions.
. . Effective for hybrid
Employs regression, Gaussian .
. . propulsion and coupled
Nonparametric/Data- processes, or ensemble learning 13-59, aero—hvdrodvnamic
Driven Models to predict coefficients without a ’ Y y

predefined physical structure.

systems; adapts to
evolving vessel conditions.

5.2. Adaptive and Intelligent Control

Adaptive and intelligent control for ship manoeuvring followed a trajectory that
closely mirrors developments in modelling and prediction, shifting from classical linear
controllers to hybrid MPC-AI architectures capable of learning, adapting, and operating
under uncertainty. In the early 2010s, research was driven largely by the need for robustness
and regulatory compliance. Kahveci and Ioannou [48] refined yaw and sway control under
varying environmental conditions, showing that controllers must continuously adjust to
hydrodynamic uncertainty. These studies introduced a principle that later became central to
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learning-based systems: manoeuvring control must evolve in real time rather than operate
with fixed gains.

During the same period, model-based control frameworks incorporating observers,
estimators, and multi-loop feedback structures were formalised in [137,138]. These archi-
tectures enabled noise filtering and stabilisation in nonlinear settings. The shift toward
adaptive behaviour became more explicit in the work of Khaled and Chalhoub [139], who al-
lowed controller parameters to update dynamically based on the vessel’s ongoing response.

By the late 2010s, intelligent and data-driven control methods gained traction. Fuzzy
and neuro-fuzzy controllers [89] captured nonlinear manoeuvring behaviour more effec-
tively than classical proportional-integral-derivative (PID) structures, especially in shallow
waters and in transient conditions. Autonomous-steering studies such as [140] combined
heuristic rules with adaptive parameter tuning, improving steady-state accuracy during
short-sea and coastal operations.

A decisive methodological shift occurred with the rise in predictive and optimisation-
based control. Kapitanyuk et al. [141] demonstrated the feasibility of data-enhanced roll
control, and a growing body of research adopted MPC for manoeuvring tasks [69,142].
MPC proved capable of simultaneously enforcing COLREGs constraints, actuator limits,
and path-following requirements [143], making it a natural candidate for autonomy and
rule-compliant navigation.

In parallel, the emergence of DRL reshaped the control landscape. Deraj et al. [123]
and Wan and Zhang [111] showed that DRL agents could learn collision-avoidance and
path-following behaviours directly from simulation, without hydrodynamic equations.
Neural controllers combining path-following with dynamic virtual ship (DVS)-based
obstacle-avoidance guidance illustrated that learning-driven schemes can maintain ro-
bustness to disturbances and compensate for the inherent actuation limits of underactu-
ated vessels [124,144,145]. Although these methods demonstrated adaptability, they also
brought challenges related to interpretability, reward tuning, and convergence guarantees.

Robust and fault-tolerant control frameworks were developed contemporaneously
to address actuator degradation and structural uncertainty. Zhang et al. [146] and Zhang
et al. [147] formalised architectures capable of adjusting control gains or triggering cor-
rective actions based on real-time state estimates, enabling resilience under damaged,
degraded, or adversarial conditions.

Another important trend concerned integrated manoeuvring—propulsion control. The
framework introduced in [148] unified nonlinear manoeuvring models with mean-value
engine dynamics through a collision probability indicator (CPI). This integration bridged
dynamic control and energy-aware decision-making, ensuring that manoeuvring com-
mands remain compatible with propulsion characteristics, fuel-consumption profiles, and
NOy emissions constraints.

Adaptive and intelligent control frameworks converged toward hybrid architectures
that integrate the following: (1) physics-based manoeuvring models, (2) online parameter
estimation for updating hydrodynamic coefficients, (3) ML-enhanced motion and distur-
bance prediction, (4) MPC or DRL-based decision-making for real-time guidance, and
(5) digital-twin monitoring for supervision, fault detection, and validation.

This evolution transformed manoeuvring control from reactive stabilisation into
proactive, learning-driven, multi-agent navigation. These advances now form the control
backbone of next-generation MASS platforms and intelligent maritime systems, enabling
vessels to operate safely, efficiently, and autonomously in complex, uncertain, and
traffic-dense environments.
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6. Hydrodynamic Foundations to Intelligent Adaptive Control

Over the past fifteen years, the control of marine vessels has undergone a quiet but
unmistakable revolution. A domain once defined by classical stability theory—steady-
state responses, linear approximations, and fixed gains—has expanded into a diverse
ecosystem of adaptive, predictive, and learning-enabled control architectures. Modern
controllers negotiate environmental uncertainty, anticipate risk, embed regulatory logic,
and coordinate with both human operators and other autonomous vessels.

This evolution is not a simple linear progression toward autonomy but a layered
narrative. Hydrodynamics, human expertise, computational capability, and regulation
have gradually woven themselves together to form the fabric of contemporary ship control.
Once a manoeuvring model exists—whether derived from MMG, CFD, neural networks,
or hybrid identification—the central question becomes: how should the vessel act upon
it? This section traces that journey, following how control strategies evolved from PID
simplicity to MPC foresight and, ultimately, toward intelligent, adaptive, and learning-
driven behaviour.

The early 2010s were still dominated by classical controllers. PID algorithms remained
the workhorse of marine steering because they were transparent, intuitive, and familiar
to mariners. Their limitations were equally familiar: fixed gains struggled with nonlinear
hydrodynamics, shallow-water effects [149], and wave-induced disturbances. Hybrid
estimation strategies—such as the use of elliptic Fourier descriptors and radial basis neural
networks—improved the prediction of environmental loads, especially wind-induced
effects under manoeuvring conditions [133]. Nonetheless, PID-based structures remained
the backbone of heading control [150] and experimental steering trials.

More sophisticated robust-control frameworks—Linear-Quadratic-Gaussian (LQG)
and H-infinity (Hoo)—sought to manage uncertainty while maintaining performance.
Kahveci and Ioannou [48] demonstrated that real-time compensation for model uncertain-
ties and external disturbances was feasible, revealing a transformative insight: a vessel’s
controller could evolve dynamically rather than rely on fixed assumptions. This idea
became the conceptual scaffolding for the adaptive and predictive controllers that followed.

As the community increasingly recognised that manoeuvring coefficients vary with
speed, draft, loading, bathymetry, and sea state, self-tuning control emerged as a natural
progression. Khaled and Chalhoub [139] allowed control gains to adjust continuously
based on kinematic feedback, and similar adaptive refinements soon appeared in the
steering of ferries and small vessels [151]. Revestido et al. [137] introduced iteration-based
refinement strategies to reduce phase lag in nonlinear manoeuvring, emphasising that
control algorithms—not merely the underlying models—must adapt to evolving conditions.

By the mid-2010s, operational demands had moved beyond single-layer controllers.
Port manoeuvring, narrow channels [152], offshore station-keeping [153,154], and escort
operations required controllers capable of reasoning about both high-level strategy and
low-level actuation [155]. Li et al. [50] formalised a three-layer architecture comprising
strategic path generation, supervisory COLREGs-aware mode switching, and low-level
actuator control. Similar hierarchical frameworks [138] integrated estimation, fault
detection, and predictive control. This modular architecture paralleled developments in
robotics and aviation: vessels required mission-level intelligence layered atop a precise
actuator-level response.

MPC emerged as the defining method of the last decade because it introduced some-
thing fundamentally new into the control loop: foresight. Instead of merely reacting to the
current state, MPC projects the vessel’s future motion, anticipates disturbances, evaluates
collision risk, and selects optimal actions across a predictive horizon. Early maritime appli-
cations relied on linearised models, but they were sufficient to demonstrate the paradigm’s
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potential. As computational efficiency improved and nonlinear models became available,
nonlinear MPC rapidly became the preferred approach. Qu et al. [142] showed that nonlin-
ear MPC could tightly couple the vessel’s dynamic constraints with optimal path-following
behaviour, adjusting the rudder [156,157] and propulsion in ways beyond the reach of
classical controllers.

Parallel advances in unsteady hydrodynamics underscored the need for such pre-
dictive frameworks, with studies on flapping-foil propulsion [158], flexible fin-and-joint
systems [159], propeller-bearing loads [130,160,161], and multiphase flow phenomena such
as bubble-size distributions around underwater vehicles.

Detailed CFD analyses of propeller-bearing loads in straight-line and steady-turning
manoeuvres highlight how load asymmetries and flow-induced bearing stresses emerge
under dynamic operation, reinforcing the need for manoeuvring models that capture cou-
pled hydrodynamic—propulsive behaviour [162] demonstrated the complexity of unsteady,
manoeuvring-relevant forces. Extensive Office of Naval Research (ONR) Tumblehome
investigations [163] revealed severe roll-yaw coupling in waves, underscoring the necessity
of predictive, nonlinear control.

MPC’s integration with regulation represented a major conceptual leap. Frameworks
such as [69] embedded COLREGs directly into the optimisation problem: trajectories were
generated not merely to avoid collisions but to comply with maritime rules in a mathe-
matically interpretable way. Human-like MPC designs [70] reproduced the predictability
and intent-consistent motion patterns of experienced navigators. Across these studies,
MPC consistently demonstrated the ability to integrate safety, manoeuvring feasibility, and
regulatory logic. In quantitative terms, MPC-based collision-avoidance systems reduced
collision risk by approximately 25% relative to conventional controllers.

Over time, MPC evolved into a tool for shaping behavioural intent. Risk-tuneable
variants enabled cautious operation in congested waters and more assertive routing in
sparse traffic, shifting the controller from mere stabilisation to cognitive autonomy. MPC’s
strength lies in its fusion of hydrodynamic realism with behavioural norms—aligning how
a vessel can move with how it should move.

As autonomous vessels began operating in coordinated groups—tug convoys, harbour
escort teams, multi-Unmanned Surface Vessel (USV) formations—the nature of the con-
trol problem changed. Controllers were required to manage cooperation, communication
delays, and shared objectives [164]. Distributed and event-triggered control frameworks ad-
dressed these needs by updating only when necessary, reducing communication overhead
without sacrificing stability. Hinostroza et al. [165] demonstrated synchronised multi-vessel
movement with minimal information exchange, while Roh et al. [166] explored cooperative
control strategies for underwater fleets. These approaches mirrored human team dynamics:
decentralised yet coherent; adaptive yet predictable.

Alongside predictive control, DRL introduced a fundamentally different paradigm—
one in which control policies are discovered, not designed. Through interaction with simu-
lated environments, DRL agents learned behaviours including collision avoidance [167,168],
tight-quarters docking [169], and multi-vessel cooperation [170]. Deraj et al. [123] showed
that DRL agents could adopt evasive tactics reminiscent of human seamanship. Shen
et al. [67] combined DRL with evolutionary strategies to enforce COLREGs, while Wan
and Zhang [111] demonstrated DRL’s capacity to integrate environmental features such as
bathymetry, riverbanks, and flow fields directly into control decisions.

DRL offers adaptability and skill-like behaviour but remains limited by its data re-
quirements, hyperparameter sensitivity, and lack of interpretability—issues that complicate
regulatory certification. As a result, DRL commonly appears in hybrid frameworks that
temper learned behaviour with physics-based constraints or MPC supervision.
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Fault-tolerant control emerged as a parallel thread as autonomy increased. Rud-
der failures, thruster degradation, sensor drift, and communication loss became central
concerns [171,172]. Zhang et al. [146] unified adaptive and game-theoretic reasoning to
maintain stability under actuator degradation. Soni et al. [173] connected dynamic loads
to machinery stress, while Nikula et al. [174] demonstrated how propulsion performance
degradation propagates into manoeuvring reliability. Together, these studies underscored a
critical truth: autonomous safety depends not only on precise control laws but on resilience
to failure.

Throughout this evolution, hybrid control philosophies gained traction. Instead of
replacing physics-based models, learning-enabled controllers augmented them—refining
predictions, updating internal gains, or compensating for unmodelled dynamics. Liu
et al. [103] showed that reservoir computing preserves stability while modelling nonlinear
behaviours. Grey-box techniques [102] embedded hydrodynamic dictionaries within kernel-
learning frameworks, and linear embeddings of nonlinear dynamics [175] enabled optimal
control strategies with strong interpretability.

Another subtle but influential development is the recognition that manoeuvring
cannot be separated from propulsion behaviour. Rudder authority, engine torque response,
propeller wake, and shallow-water effects [176] function as a tightly coupled system.
Mizythras et al. [148] formalised this coupling through the CPI, integrating hydrodynamic
constraints and engine performance into a single decision metric. This framework ensures
that evasive manoeuvres remain safe in both motion and propulsion domains—a crucial
requirement for MASS in confined waters or emergency scenarios.

Looking across fifteen years of advances, a clear narrative emerges. Maritime control
has progressed from simple PID schemes—transparent and familiar yet limited—toward
architectures that interpret context, anticipate hazards, coordinate with other agents, and
respond intelligently to failure. Adaptive controllers introduced flexibility; hierarchical
frameworks provided organisation and regulatory alignment; MPC delivered foresight;
distributed control enabled cooperative behaviour; DRL introduced behavioural rich-
ness; fault-tolerant control ensured resilience; and propulsion—-manoeuvring integration
anchored control to physical reality.

Across these shifts, ship control has evolved from stabilising a vessel to understanding
its environment; from following commands to interpreting regulatory norms; from reacting
to disturbances to anticipating them; and from acting alone to collaborating intelligently
with human operators, sister vessels, and the natural environment.

What was once a field defined by linear gains and static assumptions has become
a landscape of predictive, adaptive, and cognitive control systems—capable not only of
executing manoeuvres but of justifying them. This transformation represents one of the
most significant intellectual shifts in modern naval architecture and forms the foundation
of safe, resilient, and fully autonomous MASS.

7. Machine Learning for Collision Avoidance and Control

Safety and collision avoidance in ship manoeuvring have advanced from reactive
control and simple rule-following to a proactive, prediction-driven discipline grounded
in learning and autonomous decision-making. Over the past fifteen years, digital twins,
machine learning, and real-time optimisation have converged to uphold COLREGs while si-
multaneously improving safety, efficiency, and environmental performance. What began as
deterministic rule sets and hydrodynamic envelopes has matured into an intelligent, multi-
agent framework in which vessels perceive, anticipate, and negotiate complex interactions
at sea.
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The formative developments of the early 2010s laid both the legal and technical
foundations for autonomous collision avoidance. Allen [47] posed one of the first sys-
tematic questions on how maritime law—and COLREGs in particular—should apply
to autonomous systems, foreshadowing later regulatory debates on MASS. In parallel,
Kahveci and Ioannou [48] showed that adaptive control could mitigate hydrodynamic and
environmental uncertainties in real time, establishing key principles for subsequent pre-
dictive and feedback-rich architectures. At the same time, hydrodynamic fidelity emerged
as a prerequisite for trustworthy collision-risk assessment: even modest modelling errors
were shown to distort safety margins significantly [177].

By the late 2010s, safety research broadened beyond deterministic dynamics
to incorporate human-centred, environmental, and behavioural perspectives. Chen
et al. [178] quantified nonlinear flow structures that shape collision boundaries, while
Zeng et al. [179] reduced trajectory-tracking error for underactuated vessels by more
than 15% using early neural network-based controllers. Human and environmental im-
pacts entered the discourse: Iodice et al. [180] and Nunes et al. [181] demonstrated how
transient port manoeuvres degrade local air quality, strengthening the coupling between
safe navigation and environmental regulation. Liu and Hekkenberg [182] traced the
co-evolution of rudder design and safety strategies, and more recent studies on rudder
profile geometry [183] revealed how subtle section changes influence lift, separation,
yaw response, and coupled roll-yaw dynamics, underscoring the sensitivity of turning
behaviour to appendage hydrodynamics.

Risk-aware steering emerged in works such as Jakovlev et al. [140] and Velasco
et al. [80], which anticipated predictive collision avoidance by formalising safety mar-
gins and risk-aware guidance. Early regression-based approaches, including SVM-based
ship-track prediction [85], provided the first data-driven tools for short-horizon trajectory
forecasting, forming a baseline for later deep learning-based collision-risk frameworks.

Multi-factor safety frameworks then began to take shape. Environmental and emission-
related studies [53,184] illustrated how propulsion optimisation must be considered jointly
with collision risk. Lateral safety domains were modelled in [185], while improved roll
prediction—gains on the order of tens of percent [87]—helped prevent loss-of-control
scenarios in near-collision conditions. Weather-induced safety risks were quantified in [186],
and reliability-focused work [174,187] highlighted how machinery degradation propagates
into manoeuvring risk. Dynamic Bayesian Network approaches for ship—ice collision risk
in Arctic waters [188] further exemplified probabilistic, multi-factor reasoning, linking ice
conditions, environmental uncertainty, vessel behaviour, and human decision pathways.

On this foundation, the field shifted decisively toward prediction, adaptation, and
autonomous reasoning. DRL frameworks were introduced that integrated Gaussian noise
modelling into LIDAR-based digital twins [123]. These agents demonstrated robust colli-
sion avoidance under sensor uncertainty, an essential step toward trustworthy autonomy.
Ensemble learning approaches, such as those in Zhou et al. [107], enabled continuous
manoeuvring prediction and dynamic updating of encounter safety domains. Adaptive
nonparametric models [102] ensured that collision-avoidance logic remained compatible
with evolving propulsion configurations and vessel states.

Al-based safety has now reached a mature stage of integration. Sun and Zhang [37]
embedded COLREGs logic directly into MPC, achieving more than a 25% reduction in
collision risk alongside measurable gains in energy efficiency. Full-scale sea-trial demon-
strations [189] showed that Al-driven decision frameworks can deliver reliable COLREGs-
compliant behaviour under real operating conditions, bridging the gap between simulation
and deployable autonomy. Early work of Lisowski [190], later extended by lodice et al. [180],
integrated traffic simulation, hydrodynamics, and machine learning into comprehensive
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risk-assessment systems that improved multi-ship conflict detection accuracy by over
30%. Integrated manoeuvring frameworks were proposed in [191], while Roh et al. [166]
extended collision-avoidance concepts to underwater vehicles. Ali et al. [192] introduced
coordinated, event-triggered logic for intelligent tugs, signalling a shift toward distributed,
cooperative maritime safety. Recent neural network-enhanced path-following controllers
with dynamic visual sensing (DVS)-based obstacle avoidance [124] further showed that
learning-based controllers can track desired trajectories while responding robustly to com-
plex and uncertain environments.

These algorithmic developments are complemented by efforts to couple manoeuvring
and propulsion behaviour within safety-critical decision-making. Mizythras et al. [148] com-
bined a 3-DOF manoeuvring model with a mean-value engine model and a CPI to evaluate
evasive actions in terms of both motion and propulsion response. This hybrid physical-data-
driven framework linked COLREGs reasoning with propulsion-aware decision-making,
emphasising that safe autonomy must integrate hydrodynamics, energy performance, and
collision risk. Stream-function-based formulations using vortex-flow fields [193] further
extended physics-based safety by enabling smooth, collision-free trajectories that respect
hydrodynamic constraints in multi-obstacle environments.

As collision avoidance matured, higher-order reasoning became indispensable. Course
and speed control are tightly coupled, and human navigators often avoid ambiguity
through decisive course alterations rather than minimal adjustments. Studies of pilot
planning and manoeuvring strategies [82] revealed how experts construct and update
mental models of traffic, environment, and vessel response, providing empirical grounding
for explainable autonomy and human-aligned avoidance strategies.

In congested waterways, vessel behaviour becomes deeply interdependent. Ships
differ in capability, intent, and levels of COLREGs compliance. Emerging AI-Theory-of-
Mind (AI-ToM) work treats neighbouring vessels as goal-directed agents whose actions
can be anticipated through inferred intent. While no study yet implements a full AI-ToM
framework for maritime manoeuvring, early elements appear in multi-agent DRL and
game-theoretic MPC formulations, where the likely reactions of other vessels are explicitly
modelled. Recent navigator-behaviour models [83] for evaluating collision-avoidance
decisions in high-risk environments highlight the value of capturing human perception, de-
cision heuristics, and behavioural variability, linking human seamanship with Al reasoning.
Accident-analysis studies combining Fault Tree Analysis with Multiple Correspondence
Analysis [194] have further clarified the causal structure of ship—ship collisions, providing
statistically grounded inputs for data-driven collision-avoidance systems.

A second enabler is shared situational awareness. Most deep learning perception
stacks still rely on onboard sensors—radar, cameras, AIS—which limits detection of oc-
cluded or distant threats [195]. Extending perception via vessel-to-vessel communication,
coastal infrastructure, and aerial platforms offers a richer, multi-perspective view of the
environment. This enhances risk estimation, permits tighter safety margins, and allows
higher traffic throughput while remaining COLREGs-compliant, particularly in traffic “hot
zones” [196].

These technical advances reshape human—AlI interaction at sea. As operations shift
from direct teleoperation to supervisory control, operators must be able to understand and
trust the system’s reasoning. Human-Centred Al (HCAI) and Human-AI Teaming (HAT)
frameworks emphasise transparency, interpretability, and bidirectional communication
between humans and Al-enabled vessels. Such frameworks reduce cognitive load, improve
situational awareness, and preserve human decision authority in mission-critical situations.
Enhancements in simulator realism—accurate ship geometry, high-fidelity visuals, and
realistic motion cues—have been shown to improve operator situational awareness and sup-
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port more effective human-Al interaction in training and evaluation of collision-avoidance
strategies [197].

Viewed over fifteen years, safety research in manoeuvring can be read in three broad
phases. The foundational phase (2010-2015) established the legal, hydrodynamic, and
environmental underpinnings of autonomous navigation. The integrative phase (2015-
2020) brought together CFD, behavioural modelling, environmental risk, and human factors
into unified frameworks. The predictive phase (2020-2025) saw the fusion of Al, digital
twins, and MPC, yielding systems that reduce trajectory prediction error by roughly 15%,
improve real-time roll prediction by around 20%, and lower collision risk by more than
25% relative to conventional controllers.

In this emerging paradigm, safety at sea is no longer a static margin applied after
the fact but a continuous, predictive function embedded within intelligent architectures.
These same architectures—combining physics, data, regulation, and human factors—now
underpin the transition toward autonomous, resilient, and sustainable maritime transport.

8. Manoeuvring for Sustainable Emissions Reduction

Over the past fifteen years, research on ship manoeuvring and emissions has evolved
from empirical measurements and inventory-building into a technologically rich discipline
in which AI and DT systems increasingly shape how environmental performance is as-
sessed, predicted, and improved. What began as a narrow question—whether low-speed
ship handling produces distinctive emissions—has matured into a field that connects ves-
sel operations with port air-quality management, regional sustainability planning, and
global decarbonisation policy. Across the literature, a coherent storyline emerges: early
measurements revealed that manoeuvring is disproportionately polluting; mid-period
research embedded this insight into regional and port inventories; and recent work treats
manoeuvring as a controllable, optimisable component of sustainable ship operations.
The trajectory from measurement to modelling, and then to optimisation, offers a clear
illustration of how manoeuvring contributes to—yet can also be aligned with—wider
environmental goals.

The earliest investigations relied on direct observation of pollutant formation during
low-speed operations. Winnes and Fridell [29], in one of the field’s foundational stud-
ies, demonstrated that nitrogen oxides and particulate matter increase sharply during
acceleration, deceleration, and tight manoeuvres within port areas. This challenged the
long-standing dependence on steady-state engine data for environmental assessment and
stimulated renewed interest in dynamic engine behaviour. Shortly after, Villalba Méndez
and Gemechu [46] incorporated specific operational phases—including manoeuvring—into
greenhouse gas inventories, showing that emissions cannot be extrapolated from cruising
conditions alone. Together, these early works established manoeuvring as an environmen-
tally consequential phase that warrants independent treatment in emission inventories.

By the mid-2010s, researchers extended these insights across broader geographical
contexts. Nunes et al. [198] and Roubos et al. [120] refined operational segmentation for
European ports, showing that manoeuvring contributes significantly to local NOx and SOx
concentrations despite occupying a small portion of total operating time. Iodice et al. [180]
explored fuel-switching during manoeuvring in Naples, revealing how the combination
of vessel trajectories and fuel-change protocols influences pollutant dispersion in urban
settings. Precise wind-load estimation—improved through hybrid Fourier—-RBF neural
techniques—enhanced prediction of low-speed power demand and strengthened the basis
for emission assessments [133].

Further empirical and AlS-based studies reinforced the operational sensitivity of emis-
sion behaviour. KneZevi¢ et al. [53] and Van et al. [199] showed that manoeuvring emissions
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vary substantially with ship type, handling strategies, and port geometry. The consolidation
of knowledge in [200,201] highlighted the uncertainty introduced by manoeuvring-related
assumptions in port-scale models, while the empirical findings of [55] underscored inter-
vessel variability and the importance of operational specificity. Hydrodynamic modelling
also entered the environmental conversation: performance-based speed estimation in shal-
low waters [202] provided a quantitative basis for balancing manoeuvring safety with
efficiency and emissions, and empirical prediction models for fishing trawlers [203] showed
how depth-induced hydrodynamic effects shape turning ability, fuel use, and safety mar-
gins. Inland-waterway navigation models [204] further demonstrated how constrained
geometry and tributary flow conditions influence feasible manoeuvring actions and, by
extension, emissions.

The early 2020s brought a more global and multi-layered understanding of manoeuvring-
related emissions. Studies [205-208] expanded the geographical coverage of emission
assessments, while Bogdanowicz and Kniaziewicz [135] provided high-frequency exhaust
measurements under realistic manoeuvring loads, validating earlier arguments that dy-
namic operation produces emission characteristics distinct from steady-state expectations.
Environmental justice considerations gained prominence through works linking manoeu-
vring emissions to public health exposure in densely populated coastal zones [209,210]. Wu
etal. [211] conducted one of the most detailed mode-segmented regional analyses, showing
how meteorology and bathymetry amplify low-speed emissions in coastal environments.

New research further illuminated the interaction between manoeuvring and local
environmental sensitivity. Chen et al. [212] showed that even infrequent manoeuvring
episodes can meaningfully influence pollution levels in the Arctic due to limited atmo-
spheric dispersion. Gagi¢ et al. [213] found that manoeuvres within a narrow bay generate
measurable spikes in particulate matter, reinforcing the importance of manoeuvring timing,
vessel size, and local meteorological conditions.

By the mid-2020s, the field began shifting from quantification to mitigation. Yalcin
et al. [214] demonstrated that optimising port-approach trajectories and arrival timing can
reduce manoeuvring duration—and therefore total emissions. Kao et al. [215] proposed a
fuzzy logic Internet of Things (IoT) framework capable of recommending environmentally
favourable manoeuvring strategies in real time. From a regulatory perspective, Mithmer
et al. [216] connected manoeuvring efficiency to IMO’s CII, showing how inefficient port ap-
proaches and idle waiting degrade a vessel’s carbon rating. This link between manoeuvring
behaviour and regulatory decarbonisation metrics underscored the need for predictive
tools—digital twins in particular—that can forecast emissions before manoeuvres occur.
Meanwhile, Srse et al. [217] broadened the scope of sustainability considerations by quan-
tifying the impacts of tug-assisted manoeuvres on seabed disturbance and water quality,
demonstrating that the environmental footprint of manoeuvring extends well beyond
atmospheric emissions.

Across these diverse contributions, a clear intellectual arc emerges. Initial studies
established manoeuvring as an emissions-intensive operational phase. Port- and region-
scale inventories then incorporated this understanding into environmental assessments and
policy-relevant analyses. Recent work has moved from passive quantification toward active
optimisation, treating manoeuvring as an adjustable, intelligently guided component of
sustainable maritime operations. In this new paradigm, manoeuvring is no longer merely a
transitional phase of ship movement but an actionable variable in environmental planning—
one that aligns naturally with the maritime sector’s push toward greener, smarter, and
more tightly regulated transport. Table 4 summarises the different research themes, the
methods used, the key findings, and the limitations of the various studies.
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Table 4. Summary of manoeuvring—emissions research.

Research Theme and Papers

Methods Used

Key Findings

Limitations

Direct Measurement of Manoeuvring
Emissions [29,199,218]

Full-scale onboard emission
measurements during acceleration,
deceleration, tight turning, and
low-load operation.

Portable emissions monitoring
systems.

Engine-speed and load correlations.

Manoeuvring produces
disproportionately high NOx and
particulate matter (PM) emissions
compared with cruising.

Dynamic load changes trigger
transient spikes invisible in
steady-state test cycles.

Significant variation between vessel
types and operating practices.

Limited sample sizes (few ships).
Measurements often port- or
ship-specific; generalisation is
difficult.

Lack of simultaneous CFD/engine
modelling integration in most
studies.

Comparative Emission Factors (EFs)
During Manoeuvring [55]

Side-by-side comparison of two
ships’ operational profiles.
Statistical EF estimation under
controlled manoeuvring scenarios.

Emission factors vary significantly
even under similar manoeuvring
phases.

Vessel design, fuel type, and load
response strongly influence
manoeuvring emissions.

Results limited to two case-study
vessels.

EF methodology sensitive to
transient engine behaviour.

Fuel-Switching and Manoeuvring
Scenarios [180]

Coupled engine-dispersion
modelling.

Scenario analysis of
manoeuvre-to-manoeuvre
emissions.

Fuel-switch timing near ports
strongly affects local PM/NOx
dispersion.

Manoeuvring strategy and approach
direction alter concentration
hotspots.

Dispersion models rely on assumed
meteorological stability.
Fuel-switch timing varies among
crews and fleets.

Port-Level Emission Inventories
[46,53,120,198,205,206,210,211,219,220]

AlIS-based activity modelling.
Operational mode segmentation
(cruise, manoeuvring, hoteling).
Engine power-load curve
estimation.

Operation-mode emission factor
integration.

Geographic information systems
(GIS)-based mapping and
population exposure estimates.

Manoeuvring represents a small
time share but a disproportionately
high NOx/PM share.

Port geometry and traffic density
influence emission hotspots.
Review identifies manoeuvring as a
major uncertainty in port
inventories.

Spatial structure (narrow bays and
estuaries) amplifies manoeuvring
emissions.

Load assumptions are often generic.
Rarely validated with real onboard
measurements.

Spatial and temporal resolution vary
between studies. Regional
differences limit transferability of
EF-based models.

Rarely include engine
transient-response modelling.
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Table 4. Cont.

Methods Used

Research Theme and Papers

Key Findings

Limitations

Manoeuvring in Sensitive
Environments [212,213]

Ambient measurements with
low-cost sensors.

Linking cruise schedules and
manoeuvring trajectories to local
PM.

Manoeuvring in constrained or
sensitive regions (fjords and bays)
produces measurable spikes in
pollutant exposure.

Temporal alignment between

manoeuvres and PM peaks is strong.

Limited temporal coverage.
Sensor accuracy varies; not all
pollutants are measured.

Operational Optimisation for Cleaner
Manoeuvring [101,215]

Decision-support algorithms.
Fuzzy logic optimisation.
Scenario-based speed optimisation.

Manoeuvring duration can be
reduced without compromising
safety.

DSS tools enable more consistent
and energy-efficient approaches.
Fuzzy loT supports real-time
eco-navigation.

Case-study specific; generalisation
requires multi-port trials.
Regulatory adoption remains
limited.

Decarbonisation Metrics and
Manoeuvring Behaviour [216]

Data-driven modelling.
Linking operational phases to CII
metrics.

Manoeuvring behaviour affects CII
more strongly than assumed.

Idle waiting and inefficient
approaches degrade carbon
performance.

CII model simplified; does not
include wind, waves, or congestion
dynamics.

Environmental Effects Beyond Air
Emissions [202,217]

Coupled manoeuvring simulation +
MIKE 3 hydrodynamics.

Tug-assisted manoeuvres resuspend
seabed sediments, affecting turbidity
and water quality.

Environmental footprint of
manoeuvring extends beyond
emissions.

Local hydrodynamic assumptions
limit generalisation.
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9. Cooperative Navigation and Formation Control in the Era of
Intelligent Autonomy

Over the past fifteen years, a profound shift has reshaped how ships are expected
to interact at sea. What was once a strictly vessel-centric activity—each ship navigating
independently under the COLREGs and the judgement of human mariners—has evolved
into a domain where cooperative navigation, shared situational awareness, and coordinated
manoeuvring are foundational elements of intelligent maritime autonomy. This transfor-
mation mirrors developments in aviation and mobile robotics: as autonomy increases,
interaction becomes just as important as individual control.

The earliest signs of multi-vessel reasoning appeared in the mid-2010s, when re-
searchers began modelling how ships influence one another’s trajectories. Perera [86]
demonstrated that anticipating another vessel’s motion is not merely a collision-avoidance
aid but a prerequisite for coordinated behaviour. These early models captured the geome-
try and timing of multi-agent interactions, laying the groundwork for more sophisticated
cooperative frameworks.

By the early 2020s, multi-vessel encounters were increasingly treated as coupled dy-
namical systems rather than isolated actions. This shift is evident in multi-ship trajectory
prediction research [92,112,113], which showed that cooperation depends on a vessel’s abil-
ity to interpret the intent behind neighbouring vessels’ movements. Yu et al. [118] and Jia
et al. [72] extended this idea, introducing probabilistic, uncertainty-aware predictors capa-
ble of supporting cooperative decision-making in congested waterways where risk evolves
rapidly. Fourier-based ship—ship interaction models [221] added hydrodynamic depth by
quantifying unsteady sway—yaw forces and pressure-field disturbances during overtaking
in both deep and shallow water, providing efficient tools for predicting interaction-induced
manoeuvring deviations.

As predictive models matured, control architectures naturally followed. DRL played
a particularly influential role. Early DRL studies [123] showed that autonomous vessels
could learn coordinated evasive actions with moving obstacles—essentially discovering
cooperative behaviour without being explicitly programmed. This capability expanded
significantly in [111], which presented multi-agent learning in confined riverine channels,
and reached full maturity in [222], where ships learned head-on negotiation, yielding
protocols, and cooperative collision avoidance [223]. High-precision cooperative strategies
developed for unmanned surface vehicles [224] further illustrated the ability of autonomous
agents to maintain tight formations and track moving targets in dynamic environments.
In these systems, coordination emerges organically from shared learning environments,
marking a shift toward behavioural autonomy.

Classical control theory has also been adapted to multi-agent realities. Event-triggered
and distributed control frameworks were developed to manage communication bottlenecks
and computational constraints intrinsic to multi-vessel cooperation. Studies [165,225,226]
demonstrated that decentralised control systems can maintain formation geometry, stability,
and shared mission objectives even with sparse or intermittent communication. Each ship
functions as a node in a dynamic network: autonomous yet responsive to its neighbours.
The same principles underpin underwater cooperation in [166], where sensing and commu-
nication challenges are even more severe. Fleet-level success hinges on shared situational
awareness—achieved through real-time fusion of shipboard sensors, airborne platforms, satel-
lite observations, and coastal monitoring systems, as shown in Figure 4. Such fusion enables
vessels to operate safely with reduced separation and improved regulatory compliance.



J. Mar. Sci. Eng. 2025, 13,2322

29 of 50

Machinery:
sensors £

&
Navigation: /

GPS

Remote share
control centre

Sensor
fusion and

connectivity
management

Collision detection
and situational
<—» gwareness:
Radars, LIDARs, optical
cameras, temperature

I u

Safety aystems,

Essential
ship dats

GMDSS equipment:
T
i
- | — ==

Figure 4. The architecture of the communication of an autonomous ship.

A parallel thread concerns regulatory cooperation. Studies [52,150] explored how
COLREGs logic can be embedded directly within cooperative control frameworks. Walsh
et al. [151] extended this concept to “cognitive compliance,” proposing that autonomous
vessels must infer not only what others are likely to do, but what they are obligated to
do under maritime rules. This shift is essential for mixed-autonomy waterways, where
human-operated and autonomous vessels must negotiate shared space predictably.

Advances in sensing further strengthened cooperative capabilities. Research on radar,
Synthetic Aperture Radar (SAR) and Inverse Synthetic Aperture Radar (ISAR), and mul-
tistation fusion [69,227-233] demonstrated how distributed sensing can generate unified
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operational pictures even in cluttered or occluded environments. These developments
align closely with digital-twin architectures, which integrate environmental perception,
vessel dynamics, and inter-vessel interactions into real-time simulation environments that
support predictive and cooperative behaviour.

By the mid-2020s, cooperation had evolved from an accessory capability to a central
design principle of intelligent autonomy. Guo et al. [234] demonstrated hierarchical global—-
local optimisation frameworks that plan routes for entire formations rather than individual
ships. Yu et al. [235] framed cooperative manoeuvring as a negotiation process—one in
which vessels anticipate, compromise, and yield when necessary to achieve collective safety
and efficiency.

Taken together, these developments reveal a clear trajectory. Cooperative navigation
has progressed from predicting others to learning with others and now toward planning
and acting as coordinated collectives. This evolution reflects a deeper conceptual shift:
manoeuvring is no longer a solitary act of vessel control but a system-level behaviour
shaped by shared objectives, multi-agent learning, distributed intelligence, and digitally
enhanced situational awareness.

As the maritime sector moves toward fully autonomous operations, cooperative navi-
gation and formation control have become indispensable. They support safety, efficiency,
regulatory acceptance, and operational trust. Most importantly, they mark the point where
hydrodynamics, control engineering, artificial intelligence, and digital-twin technologies
converge into a unified manoeuvring intelligence—capable of functioning gracefully within
the crowded, dynamic oceans of the future.

10. Evolution of Simulation Software Toward Intelligent
Maritime Ecosystems

The software stack supporting manoeuvring research has evolved dramatically over
the past fifteen years—from standalone CFD validators used primarily for academic bench-
marking into integrated, intelligent ecosystems that now underpin operational decision-
making, autonomy, and sustainability. Table 5 shows the use of different software during
different periods.

At its foundation, CFD provided the earliest high-fidelity platform. Initial studies
relied on RANS solvers; later, Detached-Eddy Simulation (DES) and hybrid URANS/LES
approaches combined near-wall RANS modelling with large-eddy resolution in the outer
flow. These methods delivered reproducible simulations of canonical manoeuvres such as
turning circles and zig-zags [236], along with detailed characterisation of propeller—rudder
interactions at near-experimental fidelity. Recent multiphase CFD investigations extended
the simulation envelope by resolving bubble-size distributions around underwater vehicles,
demonstrating the increasing ability of modern solvers to capture dispersed-phase effects
relevant to manoeuvring, cavitation, and wake evolution [162]. Algorithmic advances such
as VORTFIND further improved CFD-based manoeuvring analysis by identifying vortical
structures around complex three-dimensional geometries, supporting detailed interpreta-
tion of propeller-rudder coupling, flow separation, and wake dynamics—phenomena that
strongly influence manoeuvring performance [131].

In parallel with CFD, system identification and control-oriented models extracted ma-
noeuvring coefficients and nonlinear dynamics from experiments and simulations. These
frameworks enabled real-time estimation of added mass, damping, and restoring forces, con-
necting physical experimentation with control-system design and onboard implementation.
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A significant methodological pivot arrived with the introduction of hybrid simulation:
the coupling of high-fidelity solvers with surrogate or reduced-order models, often within
virtual captive test environments. These semi-physical approaches preserved predictive ac-
curacy while sharply reducing computational cost, especially for complex appendage flows,
unsteady wakes, and propeller-hull-rudder interactions where linear models struggle.
Hybrid methods also enabled broader parametric sweeps and uncertainty quantification—
tasks impractical with full-resolution CFD alone.

The current phase is defined by Al-driven DTs, which extend simulation beyond
post-processing into real-time, data-assimilating prediction and control. Ensemble learn-
ing, nonparametric regression, Gaussian-process models, and Koopman-based linear em-
beddings now operate alongside CFD, enabling manoeuvring models to recalibrate dy-
namically as new sensor data arrive. These digital twins form the backbone of modern
decision-support architectures: they blend manoeuvring forecasts with emissions inven-
tories, energy-efficiency monitoring, collision-avoidance logic, and autonomous control
algorithms for MASS.

A broader perspective on the integration of Al within naval architecture is provided
by Htein et al. [237], who reviewed Al-based optimisation techniques for hydrodynamic
and structural design. Their comparative assessment of deep neural networks, ensemble
tree models, and genetic algorithms showed that ensemble methods achieve R? values
exceeding 0.99 in speed—power prediction, while genetic algorithms can reduce structural
weight by more than 10%. Crucially, they emphasised that hybrid physics-informed and
data-driven strategies outperform purely statistical models in both generalisation and
interpretability. This situates Al-driven manoeuvring research within a larger digital
ecosystem that spans the entire ship lifecycle—from hull-form optimisation to real-time
control. The shift in methodology is therefore unmistakable: from isolated CFD tools used
primarily for validation to hybrid simulation platforms used for design exploration, and
ultimately to intelligent, data-assimilating ecosystems that inform operational decisions
across safety, efficiency, emissions, and autonomy.

Complementary research has highlighted the importance of simulator realism in the
training and validation loop. Studies on ship-geometry modelling and visual rendering
in digital bridge simulators demonstrated that high-fidelity geometric and visual real-
ism substantially improve operator immersion, behavioural accuracy, and reliability of
simulator-based manoeuvring assessments [197]. The growing integration of computational
intelligence into marine control engineering curricula reinforces this shift, underscoring the
need to equip future operators and engineers with the ability to develop, interpret, and
supervise Al-driven manoeuvring and autonomy systems [35]. Finally, the development
of autonomous collision-avoidance systems validated through full-scale sea trials [189]
demonstrates how digital and physical tools now converge into operational autonomy
frameworks. Simulation, onboard sensing, and Al-driven decision-making operate not
as siloed technologies but as interconnected components of a unified maritime software
ecosystem—one capable of supporting the next generation of intelligent, resilient, and
sustainable marine operations.
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Table 5. List of software/computation methods in use during different periods.

Period

Representative Studies

Software/Approach Used

Contribution/Impact

2010-2014 (Foundations)

[79,81,131,137,177,238]

CFD solvers (RANS-based),
VORTFIND algorithm
(computational algorithm
used in fluid dynamics to
identify vortex core centres
within a velocity field),
adaptive system identification,
simulation-based control
frameworks

Established simulation as a
complement to experiments;
CFD validated turning circles
with ~10% deviation;
introduced appendage
modelling and real-time
hydrodynamic parameter
estimation. Introduced vortex
core identification methods
(VORTFIND) enabling
detailed flow-structure
analysis around hull, rudder,
and appendages.

2015-2020
(Consolidation)

[30,51,130,158,159,162,197,239-242]

Hybrid CFD/virtual captive
tests; viscous—inviscid
coupling; semi-physical
nonlinear models; real-time
vessel mathematical models;
URANS/LES hybrid
turbulence modelling;
high-fidelity geometric and
visual modelling for
ship-bridge simulators;
multiphase CFD for
bubble-size distribution;
CFD-CSD

Reduced reliance on physical
experiments; improved
accuracy of vortex predictions
(less than 7% error); expanded
realism of simulation through
hybrid methods and coupling
approaches; improved
training realism and
behavioural validity, resolved
unsteady hydrodynamic and
structural loading; quantified
dispersed-phase
hydrodynamics; unsteady
manoeuvring forces.

2021-2024 (Transition)

[91,102,107,114,189]

Real-time system
identification with wave
effects; ensemble learning
frameworks; dynamic
nonparametric simulation;
predictive full-scale platforms

Linked manoeuvring with
predictive autonomy;
ensemble methods reduced
trajectory errors by 15-20%;
real-time simulations
captured hybrid propulsion
and wave-induced dynamics.

2025 (Breakthrough)

[24,28,33,34,37,115,166,175]

Digital-twin frameworks
(transformer-based, LSTM,
Koopman operator learning);
online adaptive DOF models;
simulation—decision-support
integration (COLREG
compliance, fuel economy,
emission inventories)

Digital twins reduced
trajectory mean absolute error
(MAE) by 30-40%; adaptive
software recalibrated in real
time; integrated manoeuvring
into MASS, collision
avoidance, emission
monitoring, and underwater
vehicle mission planning.

11. Discussion and Future Trends

Over the past fifteen years, manoeuvring research has expanded rapidly, but its
core scientific challenges can be organised into a set of well-defined problem classes.
These classes reveal which issues are technically mature and which remain unresolved. A
specialist view shows five dominant “problem pillars”:

(1) Hydrodynamic modelling and coefficient estimation;

(2) Real-time control and stability in nonlinear conditions;

(3) Regulatory-compliant behaviour and COLREGs interpretability;

(4) Prediction and perception for collision avoidance; and

(5) Integration of manoeuvring with environmental performance and energy efficiency.
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Across these pillars, some problems can be considered largely solved—such as classi-
cal PMM-based hydrodynamic derivatives or steady-state course-keeping—while others
remain only partially addressed, including cooperative multi-agent manoeuvring or digital-
twin-enabled regulatory reasoning. Critical gaps persist in stability under extreme sea
states, explainable autonomy, and the interpretability of learning-based manoeuvring mod-
els. This structure highlights where strong scientific consensus exists, where methods
continue to evolve, and where future advances are most urgently needed.

11.1. Regulatory Intelligence and Cognitive Compliance

Regulatory compliance has moved well beyond static rule adherence. Early methods
embedded COLREGs as geometric constraints; modern approaches integrate them directly
within optimisation routines, learning-based decision-makers, and multi-agent negotiation
frameworks. Reinforcement-learning policies and trajectory-optimisation schemes increas-
ingly reproduce behavioural patterns that resemble human seamanship, while advanced
MPC formulations demonstrate that legally interpretable trajectories can be generated in
real time.

The IMO’s SGISC reflects a deeper transformation: stability assessment is transitioning
from static geometry to physics-based, simulation-driven evaluation. As digital twins
become operational tools, stability margins may soon be monitored continuously onboard.
The outstanding challenge lies in reconciling computational complexity with early-stage
design requirements and harmonising Level 1 and Level 2 SGISC assessments across diverse
dynamic failure modes. Looking ahead, regulatory intelligence will require explainability,
traceability, and legal auditability to support certification of autonomous systems capable
of reasoning about regulations in dynamic conditions.

11.2. Digital Twins and Data-Centric Autonomy

Digital twins are evolving from offline simulation surrogates into dynamic, data-
assimilating operational mirrors. Transformer-based architectures and sequence models
now achieve substantial improvements in surge-sway—-yaw prediction, enabling real-time
scenario evaluation, anomaly detection, and adaptive control tuning. The next frontier
will involve self-updating hydrodynamic models that use live sensor data to recalibrate
manoeuvring coefficients, environmental loads, and propulsion states.

Federated digital-twin ecosystems—Ilinking ships, ports, and regulators—offer power-
ful opportunities for distributed learning without sharing raw data. Cybersecurity, data
provenance, and robustness to adversarial perturbations will be central concerns, partic-
ularly for MASS systems that rely on continuously updated prediction models for safe
decision-making.

11.3. Manoeuvring Coefficients and Adaptive Control

Manoeuvring-coefficient estimation has diversified significantly. Traditional PMM-
based regressions now coexist with CFD-derived derivatives, grey-box LS-SVM formula-
tions, hybrid RANS/LES virtual captive tests, and nonparametric online learners. Increas-
ingly, hydrodynamic coefficients are treated as time-varying quantities that evolve with
fouling, draft, sea state, or loading condition.

The dominant trajectory points toward closed-loop learning, where controllers update
hydrodynamic parameters online using Bayesian inference, Gaussian processes, or incre-
mental relevance vector machines. Hybrid frequency-domain/ML approaches promise
interpretable, physically consistent identification, while cooperative estimation across fleets
may accelerate convergence and facilitate formation-level autonomy.
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11.4. From Hydrodynamics to Intelligent Manoeuvring

While hydrodynamics remains the backbone of manoeuvring science, its future
lies in physics-informed learning. Conservation-law-constrained neural networks, hy-
brid reduced-order—deep learning models, and Koopman operator-based embeddings
all suggest manoeuvring models that blend physical interpretability with nonlinear
learning capacity.

Emerging propulsor technologies—flapping-foil propulsion, biomimetic fin-joint sys-
tems, preswirl manoeuvring propulsors—challenge traditional assumptions of steady
inflow and rigid propulsive surfaces. Future manoeuvring models will need to incorporate
fluid-structure interaction, unsteady lift generation, and tightly coupled hull-rudder-
propeller dynamics under transient conditions.

11.5. Safety, Trust, and Human—AI Teaming

Collision avoidance has become a predictive, multi-layered safety discipline built
on intention estimation, behavioural modelling, and risk-based optimisation. DRL-
based controllers can now learn evasive behaviour directly from simulation, while
MPC-barrier-function formulations synthesise COLREGs-compliant trajectories that
align with human expectations.

HAT and cognitive seamanship models are becoming essential as autonomy expands.
Studies analysing pilot mental models and navigator behaviour reveal the heuristics that hu-
man operators apply in ambiguous encounters. Integrating such insights into Al pipelines
will be crucial for enabling trust, transparency, and shared situational awareness in mixed-
autonomy environments.

Future autonomous vessels must also offer “narrative compliance”—the ability to
justify manoeuvres in regulatory terms for certification, auditing, and oversight.

11.6. Environmental Intelligence and Sustainable Optimisation

The recognition that manoeuvring is a disproportionately polluting operational phase
has reshaped emissions modelling. Dynamic engine simulations, port-scale inventories,
and hybrid CFD-dispersion studies consistently show that acceleration, deceleration,
shallow-water effects, and tight handling amplify NOy, SOx, PM, and CO, emissions.

Some emission-inventory studies using steady-state engine assumptions underesti-
mate transient manoeuvring emissions, a limitation later corrected by high-frequency in
situ measurements. Certain manoeuvring simulations without validated hydrodynamic co-
efficients have been challenged by subsequent CFD or free-running experimental evidence.

The next wave of research focuses on manoeuvring-integrated environmental optimi-
sation, including the following:

Al-driven route and speed optimisation in constrained waters;
Real-time emission forecasting incorporating alternative fuels;
Environmental twins linking manoeuvring behaviour with port air-quality dynamics.

Operational guidance to improve CII ratings and well-to-wake sustainability.

As alternative fuels proliferate, models must incorporate transient combustion charac-
teristics, dual-fuel dynamics, and hybrid propulsion responses during manoeuvring.

11.7. Cooperative Navigation and Multi-Agent Learning

Cooperative autonomy is becoming a foundational capability for MASS. Multi-agent
reinforcement learning, Fourier-based interaction modelling, and distributed predictive
control allow vessels to infer intent, negotiate shared trajectories, and maintain formation
geometry in dynamic environments.

Future research will centre on the following:



J. Mar. Sci. Eng. 2025, 13,2322

35 of 50

Intent prediction using Al-Theory-of-Mind frameworks;
Cooperative perception from networked sensors (AIS, radar, SAR/ISAR);
Multi-vessel negotiation protocols for head-on, crossing, and overtaking encounters;

Robust communication strategies tolerant to latency, packet loss, and band-
width constraints.

As cooperation matures, fleets will behave as dynamic, learning collectives rather than
isolated autonomous ships.

11.8. Simulation Software and Intelligent Maritime Ecosystems

Simulation is transitioning from static CFD validation toward intelligent, continuously
learning maritime ecosystems. These include hybrid CFD-AI solvers, adaptive-fidelity
digital twins, cloud-native simulators, and integrated platforms that span the full lifecycle—
from early design to real-time onboard deployment.

Standardising simulation—control interfaces will be essential so that shipyards, ports,
regulators, and MASS operators can operate within shared virtual ecosystems. In such
frameworks, manoeuvring is not a one-time computation but a continuously evolving state
shaped by live environmental, hydrodynamic, and behavioural inputs.

11.9. Solved, Partially Solved, and Unsolved Problems

A holistic synthesis of the literature enables a clear distinction between mature, devel-
oping, and unresolved manoeuvring problems:
Solved or largely mature:

e Identification of hydrodynamic coefficients for conventional hulls (PMM and CFD-
based VCT);

e  C(lassical path-following for open-water conditions;

o  Local collision avoidance in simple, two-ship encounters;

e  Nonlinear manoeuvring models in calm water.

Partially solved:

e  Manoeuvring prediction under waves, shallow water, and interaction effects;
e COLREGs-compliant control in realistic multi-vessel traffic;

e  Behaviour prediction using ML with quantified uncertainty;

e  Online adaptation of coefficients under fouling or loading changes;

e  Hybrid propulsion-manoeuvring integration.

Unsolved/requiring urgent research:

Multi-agent cooperative navigation with guaranteed safety;

Cognitive COLREGs reasoning equivalent to human seamanship;

Real-time SGISC integration into autonomous control loops;

Explainable Al manoeuvring capable of certification and auditing;
Digital-twin verification under sparse, noisy, or adversarial data;

Coupled hydrodynamic—-energy—emission optimisation during manoeuvring;

Resilience to sensor spoofing, Global Navigation Satellite System (GNSS) degradation,
or cyber interference.

By articulating these unresolved topics explicitly, the review identifies where future
breakthroughs must occur for MASS and sustainable operations to become fully viable.

11.10. Limitations, Risks, and Failure Modes in Al-Driven Manoeuvring and Digital Twins

Despite rapid progress across hydrodynamics, optimisation, artificial intelligence,
and digital-twin research, the current body of work also exposes substantial limitations
that temper the rate of translation toward operational autonomy. These limitations arise
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from data quality, methodological heterogeneity, fragile generalisation, and the structural
constraints of maritime safety certification. The following themes represent the most
pressing risks identified in the literature.

1. AIS data quality and reliability constraints

AIS data remain foundational to many prediction, traffic-analysis, and risk-assessment
models, yet the data themselves suffer from non-trivial noise, spoofing, dropout, inconsis-
tent transmission rates, and regional biases. Models trained on AIS-derived distributions
often inherit these artefacts, producing brittle behaviour under sparse, degraded, or ma-
nipulated inputs. Several studies show that prediction models deteriorate sharply in
low-density or high-variability domains, limiting their reliability in real-world deployment.

2. Domain shift and poor generalisation of learning models

Many learning-based models—particularly neural sequence predictors, attention
architectures, and reinforcement-learning agents—perform well on curated datasets but
degrade when exposed to environmental regimes that differ from their training domain.
Weather, vessel mix, hydrodynamic conditions, port topology, or sensor uncertainty can
produce sharp drops in performance. This vulnerability raises concerns about real-world
resilience, especially in safety-critical control.

3. Opacity and verification challenges in deep learning and RL

Deep neural networks and reinforcement-learning agents exhibit powerful pattern-
recognition capabilities but remain opaque, difficult to interpret, and hard to certify. Be-
haviour can shift abruptly due to small variations in reward tuning, network architecture,
or scenario distribution. Many RL studies depend on idealised simulators, making valida-
tion under real-world noise, disturbances, or adversarial interactions difficult. The absence
of formally verified behaviour and the inability to explain decisions undermine trust in
such controllers for navigational safety.

4.  Instability risks in online and adaptive control

Adaptive and self-updating controllers—whether based on online system identifi-
cation, recursive least squares (RLS), Gaussian processes, or learning-augmented MPC—
introduce dynamic feedback loops that can destabilise if the rate of model error exceeds
the adaptation rate. Parameter drift, poor observability, and time-varying hydrodynamic
conditions can lead to erroneous coefficient updates and, in turn, unstable control deci-
sions. These risks are well documented in control theory but under-examined in emerging
maritime applications.

5. Digital-twin uncertainty and divergence

Digital twins promise real-time synchronisation between the physical vessel and
its computational replica, yet several limitations remain. High-fidelity digital twins are
computationally intensive and prone to divergence when fed sparse or noisy data. Synchro-
nisation frameworks require reliable sensor streaming, accurate estimation of unobserved
states, and robust filtering—conditions that are difficult to maintain offshore or under
degraded GNSS availability. Pilot studies show promise, but no large-scale demonstration
yet confirms stable long-duration real-time synchronisation at sea.

6. Collision-avoidance failure modes in RL and MPC

Many RL-based collision-avoidance studies demonstrate promising performance in
idealised simulations but show vulnerability to rare events, sensor errors, and multi-agent
interactions. MPC-based approaches also face known failure modes: infeasibility under
tight constraints, sensitivity to inaccurate motion predictions, and computational delays
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that grow with environmental complexity. These limitations impose practical boundaries
on real-time deployment in dense waterways.

7. Certification, regulation, and safety governance barriers

Most Al-driven manoeuvring methods—including reinforcement learning, AI-ToM
reasoning, and hybrid learning-based control—sit far below the technology-readiness levels
required for certification. Current regulatory frameworks (IMO, IACS, national authorities)
demand deterministic behaviour, explainability, and verifiable safety cases. Deep models
and adaptive systems remain difficult to assure formally. These governance challenges are
as significant as the technical ones.

8.  Reproducibility and methodological inconsistency

The literature contains conflicting results for identical problem classes due to dif-
ferences in experimental setups, simulators, datasets, environmental assumptions, and
validation procedures. Reproducibility remains limited, particularly in RL and ML-based
collision avoidance, where minor differences in architecture or tuning produce divergent
behaviours. Without standardised benchmarks and open datasets, comparing techniques
remains difficult.

11.11. Toward a Convergent Maritime Intelligence

Across regulation, hydrodynamics, control, artificial intelligence, emissions modelling,
and simulation, the field is gradually moving toward a shared direction. Manoeuvring
research is beginning to resemble a form of cognitive autonomy: vessels that can learn
from experience, anticipate situations, justify actions, and coordinate with others. The real
challenge lies not in any single technology but in integrating them—ensuring that learning
methods remain grounded in physics, that regulatory reasoning is understandable, and
that autonomous functions reinforce rather than weaken safety and sustainability. This
trend is captured conceptually in Figure 5.

Figure 5 presents the idea of Convergent Maritime Intelligence as a high-level synthesis
linking hydrodynamic realism, adaptive Al, real-time digital-twin updating, and embedded
regulatory logic within a single decision environment. It is not intended to depict a complete
or validated maritime system. Rather, it visualises how different research streams are
beginning to intersect. Some components—stuch as hybrid hydrodynamic-MPC controllers
or learning-enhanced digital twins—have been demonstrated in controlled studies and
pilot projects. Others, including cognitive regulatory reasoning and cooperative multi-
agent autonomy with formal safety guarantees, remain at early technology-readiness levels.
The broader implication is a shift from isolated technical developments toward a more
connected, data-rich understanding of maritime control. In this structure, hydrodynamics
provides physical grounding, Al contributes adaptability and prediction, digital twins
maintain continuous self-updating, and regulatory logic sets the operational and ethical
boundaries for autonomy:.

It is therefore important to distinguish between what is currently supported by ex-
perimental or operational evidence and what remains aspirational. Several intersections
already show moderate-to-high readiness: hybrid hydrodynamic-MPC setups validated in
sea trials; digital-twin architectures with online learning tested in TRL 5-7 demonstrations;
machine learning-assisted trajectory prediction embedded in decision-support tools; and
propulsion—-manoeuvring coupling verified through simulation studies and bench-engine
experiments. In contrast, approaches such as cognitive COLREGs reasoning, Theory-of-
Mind-based intent inference, decentralised multi-agent cooperation under uncertainty,
and full-system cognitive convergence remain at the conceptual or simulation stage (TRL
2-3). These distinctions emphasise that the framework offered here is not a statement of
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operational reality but a structured way of understanding both what is currently feasible
and what remains an open avenue for research.

Hydrodynamics

Digital

twin
ML -

Assisted
Trajectory
Prediction

Regulations

Figure 5. Conceptual map illustrating how current research themes—hydrodynamic modelling,
adaptive control, Al-based prediction, and regulatory reasoning—interact within the emerging field
of manoeuvring research. This schematic is intended as an integrative framework for understanding
thematic convergence rather than a prediction of a specific future system architecture.

In summary, manoeuvring science is transitioning from optimisation and automation
to cognition and convergence. The future lies not in incremental refinements of existing
models but in the fusion of physical modelling, data analytics, and regulatory reasoning
into self-aware systems capable of balancing safety, performance, and sustainability in real
time. As digital twins mature and regulatory Al frameworks advance, maritime operations
will move from human-supervised automation toward fully intelligent, ethically aligned
autonomy—where vessels act not only in accordance with physics and regulation but with
an evolving understanding of their operational intent.

12. Conclusions and Future Recommendations

Research on ship manoeuvring has evolved into a genuinely multidisciplinary field
that integrates hydrodynamics, control theory, applied artificial intelligence, digital-twin
technology, and regulatory science. Over the past fifteen years, the field has moved from
isolated modelling efforts toward an ecosystem perspective, in which prediction, decision-
making, control allocation, and cooperative interaction are understood as components of a
unified maritime intelligence framework. This review has shown how the convergence of
physics-based modelling and data-driven methods now enables the capture of highly non-
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linear manoeuvring behaviour, supports COLREGs-compliant navigation, and anticipates
vessel motion under diverse environmental and operational conditions.

Classical manoeuvring research remains foundational, particularly through hydrody-
namic derivatives estimated via PMM tests, CFD-based captive simulations, and virtual
towing-tank methodologies. Yet many of the field’s most transformative advances have
emerged from hybrid approaches—grey-box learning, physics-informed neural networks,
attention-based sequence models, and adaptive identification techniques—that combine
the interpretability of physical principles with the flexibility of machine learning. These
models support real-time estimation of hydrodynamic loads, capture shallow-water and
interaction effects, and incorporate dynamic environmental disturbances such as ice, wind,
waves, or restricted geometry.

In parallel, collision-avoidance systems have advanced from geometric rule inter-
preters into predictive, behaviour-aware decision frameworks. Developments in dynamic
Bayesian models, deep reinforcement learning, control barrier functions, multi-agent coor-
dination, and stream-function-based analytic guidance have expanded our understanding
of how autonomous ships can perceive risk, infer intent, and navigate safely within com-
plex maritime encounters. Empirical evidence from model experiments, AIS-based traffic
studies, navigator-behaviour analyses, and full-scale sea trials has strengthened the basis
for robust and explainable autonomy.

Digital twins have become a central enabler, connecting high-fidelity CFD, reduced-
order models, onboard sensing, and operational data into continuously updating
manoeuvring-intelligence systems. These twins now underpin prediction, collision avoid-
ance, control development, regulatory evaluation, propulsion-power-manoeuvring in-
tegration, and lifecycle optimisation. As new propulsion concepts—such as biomimetic
fin-and-joint mechanisms, flapping foils, and preswirl manoeuvring devices—become more
prominent, such digital ecosystems will play an increasingly critical role in bridging design
and real-world operation.

Looking ahead, the defining feature of manoeuvring research will be integration.
Future autonomous ships must unify hydrodynamic modelling, situational awareness,
cooperative navigation, human-behaviour insight, emissions-aware optimisation, and real-
time learning within coherent, adaptive architectures capable of anticipating, explaining,
and justifying their actions. Achieving this vision will require standardised data structures,
transparent certification and auditability frameworks, and shared simulation platforms
that link designers, operators, regulators, and researchers.

The trajectory of the field points toward a new generation of maritime systems that are
safer, cleaner, and more intelligent vessels that navigate not only by reacting to their envi-
ronment but by reasoning about it. As the industry moves toward MASS deployment and
carbon-neutral operations, the scientific developments synthesised in this review provide a
foundation for a future in which manoeuvring is no longer a single technical capability but
an integrated expression of cognitive, hydrodynamic, and operational intelligence.
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Al Artificial intelligence

AIS Automatic Identification System
ANFIS Adaptive Neuro-Fuzzy Inference System
ANN Artificial Neural Network

BiLSTM Bidirectional Long Short-Term Memory
CFD Computational fluid dynamics

cl Carbon Intensity Indicator

CNN Convolutional Neural Network

CO, Carbon dioxide

COLREGs International Regulations for Preventing Collisions at Sea
CPA Closest Point of Approach

CPI Collision probability indicator

DES Detached-eddy simulation

DOF Degree of freedom

DRL Deep reinforcement learning

DSA Direct Stability Assessment

DT Digital twin

DVS Dynamic visual sensing

DVS Dynamic virtual ship

EEDI Energy Efficiency Design Index

EEXI Energy Efficiency Existing Ship Index
EFs Emission Factors

ESN Echo State Network

FGISC First-Generation Intact Stability Criteria
GHG Greenhouse gas

GIS Geographic information systems

GM Metacentric height

GMM Gaussian Mixture Model

GMR Gaussian Mixture Regression

GNSS Global Navigation Satellite System
GRU Gated Recurrent Unit

GWO Grey Wolf Optimiser

GZ Righting-arm curves

Heo H-infinity

HAT Human—-AI Teaming

HCAI Human-Centred Al

HPMM Horizontal Planar Motion Mechanism
IMO International Maritime Organization

IoT Internet of Things
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ISAR
KELM
LES
LQG
LS-SVM
LSTM
LWL
MAE
MASS
ML
MMG
MPC
NBeatsX
NOy
oG
OL
ONR
PID
PM
PMM
PPO
PSO
RANS
RBF
RLS
ROM
RVM
SAR
SDC
SGISC
SI

SOy
SVM
TCPA
ToM
URANS
usv
VCT

VORTFIND

Inverse Synthetic Aperture Radar
Kernel Extreme Learning Machine
Large-Eddy Simulation
Linear—-Quadratic—-Gaussian
Least-squares support vector machine
Long Short-Term Memory

Locally Weighted Learning

Mean absolute error

Maritime Autonomous Surface Ships
Machine learning

Maneuvering Modeling Group

Model predictive control

Neural basis expansion analysis with exogenous variables
Nitrogen oxides

Operational Guidance

Operational Limitations

Office of Naval Research
Proportional-integral-derivative
Particulate matter

Planar Motion Mechanism

Proximal Policy Optimisation

Particle Swarm Optimisation
Reynolds-Averaged Navier-Stokes
Radial Basis Function

Recursive least squares
Reduced-Order Model

Relevance vector machine

Synthetic Aperture Radar

Ship Design and Construction
Second-Generation Intact Stability Criteria
System Identification

Sulphur oxides

Support vector machine

Time to Closest Point of Approach
Theory-of-Mind

Unsteady Reynolds-Averaged Navier—Stokes
Unmanned Surface Vessel

Virtual Captive Tests

Computational algorithm used in fluid dynamics to identify vortex core

centres within a velocity field
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