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Abstract

According to the Global Marine Insurance Annual Report, marine casualties
remain a major issue between human and non-human risk factors. Vessel
collisions and anomalies at sea are among these factors. By analysing the
massive historical data obtained from automatic identification systems (AIS),
intelligent transport systems are being developed to address the challenges of
predicting vessel trajectories. Most often, attempts are made to improve the
accuracy of regression predictions by examining historical vessel behaviour,
movement patterns, and similarities. Clustering techniques are also frequently
adopted, as situational awareness of maritime traffic is a critical factor in
maritime transport safety. Nevertheless, no globally agreed-upon solution has
yet been proposed.

Situational awareness, which involves observing and interpreting the
environment and making predictions about future dynamics, is perceived as the
highest level of awareness (level 3). This dissertation investigates deep learning
architectures and their hyperparameters, performs feature engineering on the
derived data, and develops a recursive model that generates the most accurate
prediction. In particular, this thesis investigates deep recurrent neural network
architectures and builds models based on semi-structured AIS big data to
extrapolate further geographic coordinates by regression. It has been empirically
determined that the architecture with the highest accuracy is the multi-step
multivariate Long short-term memory (LSTM) autoencoder, which includes
vessel and meteorological observations. The thesis proposes solutions to
improve the initial prediction and develop a generalised model. One suggestion
would be to use different coordinate systems to determine vessel position
locations. A second proposal is calculating the delta vector difference instead of
absolute coordinates, and to recursively reconstruct sequence positions by
adding those deltas to the last known point. In addition, a method is proposed
to integrate categorical vessel-type data into a common dataset. Finally, an
assessment of the uncertainty in prediction accuracy is made by combining
statistical estimates such as ellipsoidal prediction regions (EPRs), conformal



prediction regions (CPRs) and prediction intervals (PIs), which allow us to
estimate the boundaries of probabilistically overlapping regions and, therefore,
to identify possible vessel collisions.

The dissertation examines one of the most recent vessel collisions in 2021
near Bornholm Island in the Baltic Sea as one of the verifications of the accident
investigations. Using deep recurrent neural networks, the developed models can
predict the subsequent multi-step trajectory of the vessel, which is combined
with probabilities and statistics to form regions of prediction intervals with a
confidence level of 95% to calculate collision risk estimates. The integration of
confidence indicators shows that a non-parametric approach with conformal
regions can detect most of the possible collision scenarios. The results of
the real-world accident case studies confirm that deep learning models with
advanced predictive capabilities can effectively improve navigational decisions
by contributing to the prevention of maritime incidents.
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1 Introduction

1.1 Research Relevance and the Need for Enhanced
Maritime Monitoring

Shipping is vital for global trade, but growing vessel traf ¢ increases collision,
security, and environmental risks. Information on vessel locations, trajectories,
and destinations underpins effective maritime safety and environmental
protection. According to the International Union of Marine Insurance (IUMI),
about 10% of losses in 2019 stemmed from collisions, with additional losses
from crew errors, equipment failures, and weather conditions [81]. Despite
intense activity, shipping volumes continue to rise: in 2020, marine underwriting
premiums reached USD 30.0 billion, a 6.1% increase from 2019, with cargo
vessels accounting for 57.2% of premiums [80]. This surge underscores the
need for enhanced monitoring to mitigate safety and security threats.

Rising vessel activity produces vast amounts of Automatic Identi cation
System (AIS) data that exceed the capacity of human operators and traditional
machine learning (ML) methods to process in real time. Effective situational
awareness has three levels: initial levels focus on assessing the surrounding
environment, while Level 3 involves perception and prediction of future states
[63]. Achieving Level 3 requires advanced techniques such as deep learning
(DL) to handle large, noisy time series. Recent incidents highlight this need: in
March 2025, the oil tanker MC Stena Immaculate collided under fog off the
Humber Estuary; in late 2018, the frigate Helge Ingstad struck a tanker in
Norway; and the Nord Stream pipeline explosion disrupted Baltic Sea traf c.
Such events show how quickly congested or strategic waterways can become
hazardous, underscoring the urgency of developing reliable multi-step trajectory
prediction models and real-time monitoring tools.

Sonar and radar help vessels detect nearby obstacles, but radar can miss
smaller objects behind larger ones, and both systems are limited in low visibility
or cluttered settings. Many ships also carry AlS transponders, but real-time AIS
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updates can be delayed by minutes and cannot by themselves forecast future
movements. In contrast, historical AlS records combined with meteorological
and categorical vessel type data are well-suited for DL methods. Recurrent
neural networks (RNNs), especially multi-step multivariate models, can learn
from these time series to predict a vessel's trajectory and ag potential collisions
or abnormal manoeuvres. By leveraging AIS signals in DL models, RNN-based
forecasting can improve situational awareness and support proactive safety
measures in increasingly congested maritime environments.

1.2 Research Problem

There is a growing need for accurate, long-term vessel trajectory forecasts
to support maritime safety and traf c management. Surveys of ML and
DL in land-based traf ¢ systems (e.g., [4]) show that 45% of efforts target
congestion prediction and 30% focus on ow management approaches that
assume homogeneous vehicles and stable data. In contrast, maritime AIS
streams are irregular, vessel types vary widely, and environmental factors (e.g.,
wind, currents) strongly in uence movement. Large, loaded ships may require
20-25 minutes to stop (completely), so precise forecasts over that horizon are
essential for timely risk mitigation [38].

Traditional monitoring tools, such as radar, sonar, and AlS, provide only
current state awareness and can be misleading in congested or low visibility
conditions: radar can miss smaller targets behind larger objects, and AlIS
transmissions can lag or drop, leaving gaps in coverage. Historical AlS data
provide rich trajectory records, but their irregular sampling intervals and noise
make simple extrapolation unreliable beyond a few minutes, and AIS data do
not provide an awareness analysis.

Many existing maritime models rely on short-term or linear predictions,
apply Universal Transverse Mercator (UTM) transformations without justifying
their impact, or build separate predictors for each vessel type, requiring
extensive pre-processing and failing to capture multivariate dependencies
such as speed, heading, and environmental inputs. As a result, there is no
generalised approach to handle all vessel type behaviours. Deep RNNs can learn
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long-term patterns from noisy AIS time series; however, prior work has not fully
integrated categorical vessel-type labels and meteorological features into a
single model, nor addressed the compounding error in multi-step forecasts.

Nowadays, collision-risk assessment typically relies on deterministic
metrics such as the Closest Point of Approach (CPA) and Time to CPA
(TCPA), which calculate the single future point at which two vessels will
be closest to each other within a xed guard-zone radius (e.g., 0.25 NM
or 15 minutes). While CPA/TCPA are widely used for real-time collision
assessment, they ignore uncertainty in each vessel's predicted path, cannot
handle overlapping trajectories among multiple ships, and make it dif cult to
assign a meaningful probability to a collision. To address these limitations, the
proposed methodology evaluates clusters of uncertainty and extends beyond
CPAs xed-point analysis, offering a broader assessment of future vessel
trajectories. By incorporating a 20-minute prediction window aligned with the
stopping times of large vessels and forecasting dynamic trajectory boundaries,
this approach replaces static proximity and time thresholds with probabilistic
overlap metrics that better capture the range of possible interactions.

This dissertation develops a uni ed framework that leverages deep RNNs
to produce accurate, multi-step vessel trajectories from historical semi-structured
AlS data; integrates vessel-type and meteorological features into a single model
to improve generalisation across all vessel classes; and replaces single-point
CPA/TCPA rules with probabilistic risk zones that account for model and data
uncertainty. By combining these elements, the proposed approach enhances
real-time maritime situational awareness and provides actionable risk estimates
when they are needed most.

1.3 Research Object

AlS-based multivariate, multi-step vessel trajectory data for prediction and
collision-risk assessment. RNN methods are the application tool to study the
object.
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1.4

Aims and Objectives of the Research

The aim of this research is to propose and investigate deep neural network-based
algorithms for multi-vessel trajectory prediction and evaluate collision risk in
maritime navigation.

1.

To achieve this aim, the following objectives are established:

Conduct a literature review on multi-step multivariate vessel trajectory
prediction methodologies, examining different modelling approaches,
data representations, and their applications in maritime situational
awareness and safety.

. Develop and compare RNN architectures for long-term vessel trajectory

prediction, evaluating their robustness, hyperparameter sensitivity, and
optimisation criteria to determine the most effective model con gurations
for vessel trajectory prediction.

. Assess the impact of vessel trajectory prediction accuracy on categor-

ical, meteorological, and spatial data, including coordinate system
transformations, and identify the techniques for processing categorical
data.

. Evaluate and identify effective proposed techniques for assessing vessel

collision risks by using model uncertainty quanti cation to measure
forecast reliability, and applying deterministic statistical approaches to
detect and quantify potential trajectory overlaps indicative of collision
scenarios.

. Validate collision detection techniques through an empirical study using

unseen vessel trajectory data, having actual historical sea incidents.

1.5 Scienti ¢ Novelty and Practical Value

This research introduces several novel methods that together advance vessel-
trajectory forecasting and collision-risk assessment in maritime navigation. Its
main contributions are:
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1. Identi cation of the LSTM autoencoder (AE) as the most effective

supervised RNN for multi-step vessel-movement extrapolation and
discovery of a critical cell-count threshold. Comparing various RNN
architectures on time-series regression shows that the LSTM AE best
captures long-term dependencies. Using between 75 and 300 LSTM cells
optimises accuracy, while additional cells yield negligible gains yet
dramatically increase computational cost, leading to an ef cient model
design.

. Uni ed integration of vessel-type and meteorological data alongside AIS

minimises pre-processing and improves generalisation across all ship
classes. Embedding categorical vessel types together with environmental
factors (e.g., wind speed, currents) in a single dataset ensures that
forecasts account for real-world conditions, boosting accuracy and
robustness in diverse operating environments.

. Instead of predicting absolute coordinates directly, the model forecasts

position vector differences between consecutive time steps. These
predicted deltas are recursively added to the current known position
to reconstruct the trajectory. This approach, applied in both World
Geodetic System (WGS84) and UTM coordinate systems, helps reduce
cumulative error, improves spatial continuity, and maintains consistency
over long-term forecasts without requiring complex drift correction
mechanisms.

. Introduced non-parametric conformal prediction regions (CPR) for vessel

collision detection by constructing probabilistic risk zones from an
ensemble of LSTM AE forecasts. Sampling varied hyperparameter
con gurations generates a non-Gaussian distribution of possible positions,
and CPR envelops these predictions without assuming any speci ¢ error
distribution. When two vessels' CPR zones overlap, a collision risk score
is computed, offering a region-based metric that captures uncertainty
across multiple forecasts rather than a single-point CPA/TCPA estimate.
This novel application of CPR directly leverages model variability and
noisy data to provide more informative collision-risk assessments.
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1.6 Claims to be Defended

The following research-based claims are defended in the thesis:

1. When predicting a vessel's trajectory with LSTM in a neural network
architecture, selecting the number of cells from a certain threshold no
longer affects, or has a very minimal effect on, the accuracy of the
prediction, but increasing the number of cells signi cantly slows down
the model training.

2. In multi-step multivariate vessel trajectory extrapolation, recursive
recalculation of the prediction time series from the previous coordinate
allows a more accurate determination of the next prediction point,
especially in the initial prediction steps.

3. The inclusion of vessel types and meteorological information in the
common training dataset of the LSTM recurrent multi-step multivariate
neural network improves the accuracy of vessel trajectory prediction
when using an embedded encoding approach.

4. CPR allows the detection of vessel collision boundaries with the highest
statistical probability at the 95th con dence level when the data are
multivariate and do not contain a normal distribution.

The structure of the dissertation is described and presented in the following
way. The introduction chapter presents the general situation of maritime traf c,
the topic's relevance, the study's aim, the issues, the thesis statements and a
work ow diagram of the whole research. Chapter 2 conducts a literature review
of the subject area and examines DL recurrent network architectures, categorical
data encoding techniques and prediction intervals for uncertainty detection.
Chapter 3 presents a recurrent LSTM AE approach, which incorporates
categorical and meteorological data and creates prediction regions for vessel
collision detection. Chapter 4 describes the research data, its processing and the
stages of model development. This chapter also describes the course of the
empirical experiment. Chapter 5 presents the results, and the thesis is nalised
with the general conclusions.
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The thesis consists of 158 pages, with the summary in Lithuanian starting from
page 129, 7 tables, 40 gures, 7 tables, 5 appendices, and 122 references.

The research process can be divided into the main parts (see Fig. 1.1):
1. Introducing the source and structure of the data; 2. The raw data pre-
processing step, where the data are cleaned, ltered, normalised and structured
into xed sequences (vectors) of equal length suitable for RNNs; 3. Presenting
methods that empirically attempt to improve the prediction of vessel trajectory
through so-called feature engineering, where additional information is created or
manipulated from existing features; 4. Adapting recurrent network architectures,
providing network hyperparameters (network, training, architecture) and
including a hidden layer of categorical and meteorological data with vessel
types; 5. The developed models are evaluated by a test sample using classical
regression metrics, with the derivative of the mean absolute value of the
Haversian (MAEH) distance used to determine the error; 6. The developed
models are practically applied to nd prediction regions and calculate the
probability uncertainties of vessel collisions when the experiment evaluates the
coverage probability with the sequences of the test sample and validates on a
previously unseen real marine incident.
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Figure 1.1: Research work ow diagram.
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2 Related Studies on Maritime Traf
Prediction and DL Approaches

This chapter reviews scienti ¢ literature on vessel trajectory prediction and
maritime situational awareness, including related thesis work. It then examines
algorithmic approaches, particularly deep RNNSs, and their integration into
maritime situational awareness. The section also explores various RNN
architectures, including basic LSTM, bidirectional LSTM, simple RNNs, GRU,
stacked LSTMs, and LSTM AEs, explaining their theoretical foundations and
practical uses. Additionally, it covers categorical data encoding techniques such
as ordinal encoding, one-hot encoding, and multidimensional embedding, which
are essential for integrating multi-vessel types and meteorological data into
prediction models. The methods for determining prediction boundaries are also
discussed, which are important for assessing the uncertainty and reliability of
model predictions. The ndings of this chapter were presented at scienti ¢
conferences [D.1-D.5].

2.1 Incidents, Accidents, and Risk in Maritime
Transportation

Within the safety and risk management framework, particularly pertinent
to maritime transportation, workplace safety, and emergency services, the
terms "incident" and "accident" are frequently invoked. While these terms
are interrelated and often used interchangeably in colloquial discourse, they
possess distinct technical meanings. An incident is characterised as an event or
circumstance with the potential for causing harm or disruption, irrespective of
the materialisation of actual harm. In contrast, an accident is an event that
has resulted in detrimental outcomes, which may include injuries, property
damage, or loss. The diligent management of incidents is critical as it serves
as the rst line of defence in preventing their escalation into accidents and
mitigating the risk potential. Incidents, particularly those involving vessel



2.1. Incidents, Accidents, and Risk in Maritime Transportation 27

movements, can escalate into collisions if not addressed promptly. The Marine
Accident and Incident Investigation Committee (MAIC) categorises accidents
based on severity, from very serious marine casualties to serious and less
serious ones, down to marine incidents [60]. Such categorisations highlight
the importance of early detection and intervention, where accurate vessel
trajectory predictions and collision risk assessments play a pivotal role. By
anticipating vessel movements and identifying potential anomalies or collision
risks, decision-makers can act proactively to prevent incidents from escalating
into accidents. These classi cations consider the extent of damage in icted
upon the vessel, the environmental repercussions, and the effects on the crew.
The precise delineation of these terms establishes a foundation for regulatory
practices and guides the systematic investigation and reporting protocols. This
taxonomy is instrumental in shaping the strategies for accident prevention and
fostering a culture of safety within the maritime industry.

Despite all the information systems, speci ¢ rules at sea should be
considered and followed in certain situations to avoid collisions. For example,
in open waters, it is an accepted rule that vessels should maintain a distance of 1
to 1.5 nautical miles apart CPA to avoid creating a hazard when passing each
other. These rules are reminiscent of road traf ¢ rules outlined in the COLREG
(Convention on the International Regulations for Preventing Collisions at Sea,
1972). The guidelines also specify how vessels should act to avoid collisions if
at least one vessel makes a slight course change. For instance, Rule 14 head-on
situation says, "When two power-driven vessels are meeting on reciprocal
or nearly reciprocal courses to involve risk of collision, each shall alter her
course to starboard so that each shall pass on the port side of the other". If the
captain has not determined whether there is a danger and a real threat, the
situation is considered hazardous, and all possible actions must be taken to
avoid a disaster. In addition to Rule 5 (look-out): "Every vessel shall at all times
maintain a proper look-out by sight and hearing as well as by all available
means appropriate in the prevailing circumstances and conditions to make
a full appraisal of the situation and or the risk of collision". Even so, there
are situations where human errors occur and rules are broken, which is why
additional systems are needed. Accurate predictions made 20-25 minutes ahead
are particularly critical in such cases, as they allow enough time for vessels to
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assess risks and take corrective action. This is especially important considering
that large, loaded vessels, such as tankers, may require up to half an hour to
come to a complete stop, highlighting the need for timely trajectory forecasts to
prevent collisions [38].

The consequences of collisions can be severe, particularly regarding loss of
life, including crew members, and environmental pollution from fuel or cargo
spills. If pollutants are spilt into the waters (whether local or open), the vessel's
captain must inform local authorities immediately. In the event of a collision
resulting in hull damage, the time and cost required for repairs are substantial.
Even minor defects can take one to six months or longer to repair. A damaged
vessel loses its offshore permit and, after restoration, must pass all inspections
to regain it. Larger shipping companies are better equipped to handle these

nancial challenges, while smaller companies may face the risk of bankruptcy.
Compared to other means of transport, such as cars or aeroplanes, the processes
involved are signi cantly more complex, underscoring the importance of
minimising such incidents.

In a comprehensive examination of marine safety over the past three
decades, Polish researcher Magdalena Bogalecka et al. [9] provided an
interesting analysis of ship accidents in the Baltic Sea. Their work meticulously
documents a series of speci cally chosen accidents, including those involving
the vessel®an Trimmer Eagon W Breant andVictoria Seawaysamong
others. These events have been uniformly classi ed as serious within the
parameters set forth by the MEPC.3/Circ.3 Convention [36]. Notably, the
predominant causative factor identi ed in nearly all these cases was severe
meteorological and climatic conditions. The Baltic Sea, which is the focus of
this research, remains one of the most active yet environmentally sensitive
maritime regions. More about potential accidents and the situation in the Baltic
Sea are investigated in the article [90].

The Baltic Sea Environment Protection Commission's (HELCOM)
2020 report provides a pertinent overview of maritime casualties within the
region, indicating that cargo vessels were predominantly involved in such
incidents. In 2020 alone, they accounted for 51% of all reported maritime
casualties, amounting to a total of 125 incidents. Additionally, passenger
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vessels accounted for 29% of the casualties, with 74 reports logged [102].
These statistics demonstrate that cargo and passenger vessels represent the
bulk of maritime traf ¢ in the Baltic Sea. A signi cant observation is that
most collisions occur in areas of port activity, or when vessels navigate their
approach or within the con nes of the ports themselves, contributing to 30%
of all maritime accidents. Ports represent highly congested and dynamic
environments where frequent vessel manoeuvres such as stopping, turning, and
docking are necessary, increasing the risk of collisions. Accurate trajectory
predictions in such regions are critical for collision avoidance, as vessels must
account for limited manoeuvring space, interactions with other vessels, and
static obstacles. However, despite the high collision rate in ports, maritime
incidents are not limited to these areas. Offshore collisions also pose substantial
risks, as demonstrated by HELCOM reports and real-world events, such as
the 2021 collision near Bornholm. Therefore, this study incorporates both
port-adjacent (Netherlands region) and offshore (Baltic Sea) scenarios to ensure
the applicability of the proposed methods across diverse maritime environments.
Collisions have been further categorised by the nature of the entity they involve,
which includes collisions with other moving vessels, static objects such as
bridges, docks, or breakwaters, and a range of other causes such as being adrift,
on re, containment loss, or ooding. This strati cation of collision types
offers a nuanced perspective on maritime accident dynamics and is integral to
developing targeted safety measures and regulations.

Figure 2.1: HELCOM maritime incidents map in the Baltic Sea.
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HELCOM provides an interactive map (see Fig. 2.1) that shows different
incidents in the Baltic Sea, including collisions, various contacts, res,
groundings, pollution, etc. For example, on December 13, 2021, a signi cant
maritime incident occurred in the Baltic Sea, where two cargo ships collided
near the Danish island of Bornholm, off the coast of the southern Swedish town
of Ystad. By forecasting and predicting the trajectory of a particular vessel, it
would have been possible to assess the risk of a collision or to detect abnormal
behaviour in ongoing traf c. Although increasingly complex constructions of
deep neural networks are emerging, LSTM networks are still being analysed and
applied to solve the problem of maritime traf ¢ forecasting [16, 29, 31]. This
research aims to investigate integrating DL algorithms in improving maritime
navigational decisions and the progression of risk management techniques to
enhance maritime safety.

2.2 Review of Algorithms and Related Research in
Maritime Awareness

Traditional approaches to vessel trajectory prediction and maritime awareness
rely on classical algorithms, such as regression models (linear regression,
polynomial regression, ARIMA), clustering techniques (k-means, DBSCAN,
hierarchical clustering, SOM), and physics-based simulations (Kalman lters,
Particle lters, Monte Carlo simulations). These methods have been widely used
to estimate vessel movement, identify navigational patterns, and assess collision
risks. While interpretable and computationally ef cient, these models struggle
to handle large-scale AlS data, complex vessel interactions, and highly dynamic
maritime environments. As maritime traf c continues to increase, the need for
more scalable and adaptive predictive models becomes evident.

DL is a subset of ML and Al, leveraging multi-layer neural networks to
model and understand complex data patterns. Modern DL algorithms can
process vast amounts of data, making them essential for automating vessel
movement prediction in intensive shipping environments. Utilising AIS satellite
data, these algorithms provide crucial support for monitoring and managing the
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increasing maritime traf ¢c and its participants, thereby enhancing maritime
safety and operational ef ciency.

This thesis applies DL architectures, speci cally RNNs, to predict future
vessel movements. The architectural model is sequence-based, capturing
how data change over time. The investigation focuses on identifying the
optimal recurrent network architecture and hyperparameters to achieve accurate
prediction results. Various recurrent network architectures, including fully
connected (simple) RNNs, basic (vanilla) RNNs, bidirectional LSTM networks,
stacked LSTM networks, LSTM AE, and gated recurrent units (GRU), are
tested for their inherent ability to model temporal dependencies and retain
long-term memory. Recurrent networks excel at recognising and memorising
longer patterns in sequential data, compared to algorithms like a multi-layer
perceptron or similar, which is valuable for vessel trajectory prediction, where
historical movement plays a signi cant role in forecasting future positions.
Prediction accuracy for each architecture is evaluated by varying the number of
cells in the hidden layer, incorporating meteorological data, and applying
various coordinate system transformations to enhance prediction quality. While
transformer models with attention mechanisms have shown great success in
elds like natural language processing, preliminary experiments conducted
during this study indicated no signi cant improvement over RNNs for the AIS
dataset used. Due to their higher computational demands when processing
extensive time series data, transformers were not explored in greater depth;
however, further detailed analysis could be undertaken as part of future research.
Meanwhile, transformers often require larger training datasets and substantial

ne-tuning to achieve comparable performance for long-term time-series
predictions. One of the articles [85] presents results where the attention
mechanism did not improve the trajectory prediction. In contrast, recurrent
networks are well-suited for time-dependent tasks and provide a balance
between computational ef ciency and prediction accuracy, making them more
appropriate for the speci ¢ requirements of vessel trajectory forecasting in this
thesis.

Additionally, categorical vessel type data and meteorological data are
incorporated into the models to enhance trajectory predictions. Different
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categorical encoding techniques, such as ordinal, one-hot, and multidimensional

embedding, are employed to assess the impact on prediction accuracy. Long-
short memory models are used for recursive multi-step forecasting across these
encoding techniques.

Two datasets are utilised in this research. The rst dataset, from the
Netherlands (North Sea) coastal region, tests different RNN architectures
and determines the most accurate prediction model. Results show that the
bidirectional LSTM and LSTM AE network architectures provide the most
precise vessel trajectory predictions, with minimal variance even with the
most minor cell selection. The AE network architecture demonstrates reliable
performance, depending on the appropriate cell size selection, particularly with
increases in 100 and 150 cells. Experiments, arguments and discussions from all
the studies are presented in the results section of this thesis.

The second dataset focuses on the Baltic Sea region, which was selected
due to its high maritime activity and complexity. The previously identi ed top
three RNN architectures - LSTM AE, bidirectional LSTM, and GRU - were
rigorously re-evaluated and tested with the new AIS dataset. These experiments
involved deeper investigations, including extensive hyperparameter ne-tuning,
comparative analyses of various spatial coordinate system transformations
(WGS84 and UTM projections), integration of meteorological data, and the
application of advanced vessel collision detection techniques. Moreover, the
models were validated using real-case maritime incidents, notably the 2021
collision between the cargo shigeot CarrierandKarin Hoej, demonstrating
their practical applicability and reinforcing their effectiveness in real-world
maritime safety scenarios.

To ensure the reliability of the predictions, deep RNN models are combined
with statistical uncertainty quanti cation techniques to produce reliable collision
risk assessments. Bounds are constructed and compared based on prediction and
con dence intervals (PIs, Cls), ellipsoidal prediction regions (EPRs), and
conformal prediction regions (CPRs). These techniques are applied to simulated
test scenarios and actual case studies to validate the effectiveness of approaches.

The ndings indicate that DL models with advanced predictive capabilities
and integrated reliability indicators can signi cantly enhance navigational
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decisions and pre-emptive maritime safety strategies. The integration of
categorical vessel-type data, meteorological data, and predictive trajectory
bounds ensures accurate and reliable vessel trajectory predictions. This approach
encourages a shift toward more proactive, Al/ML-enhanced maritime risk
management protocols, ultimately contributing to the prevention of incidents
and promoting safer navigation.

Related Thesis Work

To demonstrate relevance in maritime awareness at the doctoral level, the
following PhD dissertations in this eld will be examined.

One of the earliest doctoral theses in this eld, presented by Philipp
Last [45] in 2016 at Jacobs University Bremen, Germany, primarily addressed
short-range predictions. These predictions visualised potential vessel movements
within a short time frame, helping mariners identify collision risks. The
system aimed to enhance decision-making for collision avoidance by indicating
the radius of potential vessel movements with uncertainty bands, allowing
mariners to take preventive actions. The thesis did not employ explicit dynamic
models such as collision risk probability metrics or ship domain infringement
evaluations. Instead, it relied on visual analysis tools and a background model
derived from AIS data to ag abnormal behaviours, such as vessels deviating
from traf ¢ directions or leaving restricted waterways. These features were
intended to assist vessel traf ¢ services (VTS) operators in identifying and
addressing risky situations, indirectly contributing to collision detection.

The study primarily focused on Class A AlS systems used by professional
vessels, including cargo ships, tankers, and passenger ships. Its approach did not
involve learning from data or adopting pattern-based models (e.g., supervised
learning, clustering, or neural networks). Instead, it utilised xed mathematical
rules derived from the vessel's physical state and dynamic AIS data, classifying
it as rule-based or physics-based modelling rather than ML. The prediction
algorithm was a motion model based on dynamic AIS data, such as speed over
ground (SOG), course over ground (COG), and rate of turn (ROT). Linear
extrapolation with adjustments for dynamic parameters formed the basis of
this model. However, the accuracy of predictions depended heavily on the



34 Chapter 2. Related Studies

consistency of AlS reporting intervals and the availability of dynamic data elds
(e.g., ROT and heading). Missing or inconsistent data increased uncertainty and
led to prediction drift.

In 2021, Lei Du [25] defended a doctoral thesis at Aalto University,
Finland, introducing a novel framework for maritime traf c risk assessment,
emphasising near-miss detection based on ship manoeuvres. The research
integrated the non-linear velocity obstacle (NLVO) algorithm to model the
spatiotemporal relationships between vessels, projecting collision risks into
velocity domains. This method identi ed con icting velocities, termed the
velocity obstacle zone, to determine whether a vessel's current trajectory
posed a collision risk. The framework used AIS data to calculate multiple risk
indicators, such as perceived navigator risk, action quality, and compliance
with COLREGsS, tailored for both ship pairs and multi-vessel encounters. The
study highlighted that collision risks were concentrated in high-density traf c,
such as the Gulf of Finland and waterways near Stockholm and Turku. It also
incorporated vessel attributes, such as type, size, and manoeuvrability, to
customise risk assessments. For instance, passenger ships were found to adopt
earlier evasive manoeuvres than cargo ships and tankers, re ecting different risk
perceptions and operational strategies.

However, the thesis assumed that vessels primarily change course, not
speed, to avoid collisions, which may not fully re ect real-world behaviour,
particularly in close-quarters scenarios. Environmental factors, such as wind
and currents, were excluded from the risk modelling, potentially limiting the
accuracy in dynamic maritime environments. While the results aligned with
earlier studies in the Baltic Sea, broader validation across different regions
and environmental contexts remains unexplored. This work underscores the
importance of combining AIS data with manoeuvre-based analysis for maritime
safety while highlighting the need for expanded environmental considerations
and real-world validations to achieve more robust results.

In 2021, Brian Murray [63] defended his doctoral thesis at the Arctic
University of Norway. The research focused on enhancing navigational safety
by emulating human-like situational awareness through historical AIS data. It
explored three levels of situational awareness: perception of the environment,
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comprehension of the situation, and projection of future dynamics. By leveraging
clustering techniques such as Gaussian Mixture models and hierarchical
density-based clustering (HDBSCAN), the author categorised ship behaviour
into distinct patterns and matched observed trajectories to these clusters.
Predictive models were developed to project future ship behaviours within a
30-minute window, supporting proactive collision avoidance. Additionally, the
research introduced methods for live trajectory predictions, aiming to improve
computational ef ciency and accuracy in maritime traf c regions.

Despite these contributions, the study had notable limitations. It did not
incorporate meteorological data or parameters, which are critical for capturing
real-world conditions that affect ship behaviour. Collision risk assessments
relied on conventional techniques such as CPA and ship domain evaluation.
However, the research did not address multi-vessel encounters or scenarios
involving proactive collision avoidance by both vessels. Furthermore, while the
methods aimed to enhance situational awareness for navigators, the effectiveness
of long-range predictions in operational settings was not validated, leaving a
gap in assessing their practical utility. The study emphasised the need for
further exploration of classi cation techniques, hyperparameter tuning, and the
integration of long-range and short-range prediction models to achieve more
comprehensive solutions.

Finally, in 2024, Lubna Mohamed Eljabu [27] defended a doctoral
thesis at Dalhousie University, Canada. The thesis contributed to Maritime
Situational Awareness (MSA) through advanced data-driven frameworks for
destination port prediction. It focused on detecting maritime routes, identifying
anomalies, and predicting vessel destination ports by clustering trajectory
segments and employing similarity measures such as Discrete Fréchet Distance
(DFD) and Dynamic Time Warping (DTW). The author effectively segmented
trajectories and created graph representations of maritime routes, enhancing the
understanding of traf ¢ ows and facilitating predictive modelling. Nonetheless,
the study did not extend its analysis to evaluate potential collision risks,
limiting its application in safety-critical scenarios. Reliance on similarity-based
clustering posed challenges in offshore environments with less structured
trajectory patterns. Overlapping clusters also complicated the classi cation
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tasks, occasionally resulting in misclassi cation.

The thesis did not address the evaluation of prediction uncertainty,
proposing it as a direction for future work. Monte Carlo simulations and
Polynomial Chaos Expansions (PCE) were suggested as potential methods for
assessing prediction uncertainties. While these techniques offer analytical rigour,
they were not implemented or evaluated in the research, leaving uncertainty
quanti cation as a theoretical proposition. These limitations highlight an
area for future research to strengthen the robustness and reliability of vessel
destination predictions.

These dissertations show the relevance of and interest in the topic
internationally because, as will be seen later, the number of individual articles in
scienti ¢ journals is growing. Two recent theses by Lithuanian researchers also
explore ML applications in maritime traf c.

The rst thesis, titled "Machine learning-based prediction of the behaviour
of marine traf ¢ participants and discovering non-standard marine traf c
situations" by Andrius Daranda [22], explores the application of ML methods
for manoeuvre modelling and threat assessment to enhance maritime safety.
Daranda's work primarily uses clustering techniques like DBSCAN/OPTICS to
segment historical marine traf c data and ML algorithms to predict turning
points and vessel routes, aiming to support safe navigation planning. The
study also introduces a contextual knowledge method to evaluate threats in
manoeuvring situations.

While the study successfully utilises clustering methods to reduce data
size, its focus is more on route planning than precise trajectory prediction,
limiting its application in real-time collision avoidance. The prediction model
primarily forecasts the next turning point based on cluster centres, with limited
consideration of continuous movement dynamics such as vessel speed and
heading changes. Although neural networks, including RNNs and LSTMs, are
brie y mentioned, their potential for handling sequential data is not fully
utilised. The reliance on multi-layer perceptron (MLP) single-step predictions
instead of leveraging recursive strategies overlooks the bene ts of temporal
dependency modelling, which is critical for accurate multi-step trajectory
forecasting and collision risk assessment. Furthermore, while clustering is used
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to detect anomalies, there is limited discussion on how these anomalies correlate
with collision risks, especially in the context of real-time AlS data. The choice

of parameters for clustering methods and the dependence on geographical
location are also important considerations. The study's application of SVMs for
predicting manoeuvre points is based on static cluster results, lacking the
dynamic adaptability necessary for real-time safety assessments. As a result,
clusters that are "outliers" are considered an anomaly simply because their route
is not historically intensive. Integrating more advanced techniques, such as
recursive forecasting with RNNs and region-based methods like EPR and
CPR for assessing overlapping boundaries, could enhance the approaches'
applicability for predicting vessel trajectories and evaluating collision risks,
aligning more closely with the research focus on maritime safety.

The second thesis, "Semi-supervised and Unsupervised Machine Learning
Methods for Sea Traf c Anomaly Detection" by Julius Venskus [95], explores
marine vessel traf c anomaly detection as an extension of maritime situational
awareness. This work suggests combining AIS data with meteorological data,
utilising six key parameters (wind direction, speed, wave direction, height,
day/night cycle, and tide level) to predict vessel movements under various
traf c and weather conditions. A notable strength of this research is the use
of a multi-layer LSTM architecture to Il in missing data, enhancing the
dataset's quality for downstream tasks. Additionally, the thesis introduces
upper and lower bounds models to calculate prediction regions, supporting
uncertainty estimation. The study also presents a modi ed self-organising
map (SOM) algorithm for classifying marine vessel movement data into
normal and abnormal classes, retraining strategies for SOM methods, a vessel
type prediction method using LSTM, and two LSTM-based methods for
unsupervised detection of abnormal marine vessel trajectories. These methods
aim to improve maritime situational awareness for smaller ports with moderate
traf c and enhance the detection of anomalous trajectories in larger areas with
substantial traf c.

Some observations can be made regarding the two theses. The focus is
primarily on data preparation, missing data imputation, and anomaly detection,
with less emphasis on trajectory prediction or collision risk assessment. While
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the usage of prediction boundary methods (upper and lower interval bounds)
is bene cial, these methods are more suited for data following a normal
distribution, which is often not the case in maritime traf c. Different vessel
types were also separated into distinct data samples, requiring additional
pre-processing and data handling. This segmentation approach contrasts
with methods integrating categorical data, such as embedding layers or one-
hot encoding, to create a uni ed dataset for diverse vessel types. Despite
these observations, the thesis offers valuable insights into anomaly detection
and advances the application of unsupervised and semi-supervised learning
techniques in maritime situational awareness.

2.3 Short-and Long-Term Predictions UsingMultivariate
Data

Time series forecasts are widely used in the transport sector for various purposes.
Models have been developed to make short-term predictions, such as one-step
ahead forecasts [57, 85], where only the immediate next position is predicted.
Additionally, some approaches utilise rolling forecasting [22], a form of iterative
multi-step prediction where forecasts are continuously updated one step at a
time. The model is retrained using the latest observations and prior predictions
at each step. However, such forecasts may become increasingly distorted
over longer horizons as they rely on previously predicted values rather than
actual data, causing error accumulation. In maritime prediction, multi-step
multivariate prediction refers to the ability of a model to forecast multiple
future positions of a vessel over time using various input variables. Instead of
predicting the next immediate position, a multi-step model can simultaneously
extrapolate the vessel's coordinates for several future time steps, allowing for
more comprehensive trajectory predictions.

Multivariate prediction involves the use of multiple features to inform these
forecasts. This can include data on the vessel's current speed, heading, latitude,
longitude, vessel type, and relevant meteorological information in maritime
scenarios. By incorporating these diverse variables, the model can capture the
complex interactions and dependencies that in uence a vessel's movement.
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Thus, a multi-step multivariate model in maritime traf ¢ prediction can
provide detailed and extended forecasts of a vessel's future positions, leveraging
a rich set of input data to enhance the accuracy and reliability of the trajectory
predictions. Two WGS parameters are suf cient for the extrapolation of the
trajectory prediction data: longitude and latitude, which are time-varying and
can be geographically determined.

Predicting vessel trajectories holds increasing signi cance in maritime
safety, environmental conservation, and the optimisation of port operations. The
intricacies of maritime activities, encompassing diverse elements such as
weather conditions, vessel attributes, and human behaviour, pose signi cant
challenges to accurately predicting vessel trajectories. Typically, forecasts rely
on historical numerical data collected from AIS stations [17, 18, 74, 104, 113].
However, these predictions often overlook the distinct traf ¢ characteristics of
different vessel types.

Situational awareness of maritime traf c is a key factor in maritime
transport safety. Modern research is primarily concerned with the control
of autonomous vessels, collision risks [1] and anomalies [41]. Movement
trajectories are a vessel's forward or backwards passage, which is analysed
using vessel thrusters [44] to detect maritime traf ¢ incidents, but often does not
focus on speci ¢ vessels, as shown even in the presented thesis described in
Chapter 1. At sea, as on land, different types of transport with established routes
and traf ¢ ows can provide an additional context for maritime mobility.

2.4 Exploring Predictive Models for Vessel Trajectory
Navigation

Maritime transport data encompass the gross weight of goods, passenger
movements, and vessel traf ¢ across waterways. The action at sea remains
intense, with maritime ows continuing to grow. However, the sector faces
persistent challenges, particularly regarding container vessels, severe weather
conditions (e.g., strong winds, waves, and oods), collisions, and other risks,
whether natural or man-made. To mitigate risks such as collisions, scientists are
actively researching and applying various methods to monitor and predict
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vessel movements. While considered a lower-level safety component of the
broader marine environment, accidents pose signi cant threats to human life,
economic activity, and environmental security. A complete representation of
the marine security matrix, detailing the relationships between actors and
components of maritime safety, is provided by Bueger [10]. Monitoring and
analysing naval shipping can help to ensure safety at sea. Such surveys are
made possible by information systems, such as AlS, which provide real-time
and historical vessel tracking data. AIS data, collected via terrestrial receivers
and satellites, enable researchers to develop and apply prediction methods to
anticipate vessel trajectories [46], identify anomalies, and assess collision risks.
Such data include the geographical position of the vessels, the directions of
movement, and many other characteristics, often not only about ships but also
about their environment. Large amounts of data allow researchers to use DL
methods, which provide superior information that can be useful in obtaining
more accurate research results. Various methods have been explored for vessel
trajectory prediction in recent years, ranging from traditional motion models to
advanced ML and DL techniques. These methods include statistical approaches,
rule-based systems, and modern data-driven models such as RNNs, LSTM
networks, and transformer architectures.

One of the tools that can help ensure safety is monitoring the movement
of ships and creating intelligent systems to improve the control of routes.
Historical ship routes can re ne habits and learn usual patterns from previous
movements, as in research [7, 65]. According to the publication by Rong [76],
maritime traf c behaviour is based on AIS data, consisting of three main
steps: grouping ship trajectories, waypoints, route legs identi cation, and ship
behaviour characterisation. Patterns are used to identify whether the vehicle is
behaving normally and not deviating from the course.

Moreover, an essential criterion of accuracy emerges. Trajectory deviations
can be categorised and addressed by clustering or regression tasks and their
combinations. Unsupervised ML techniques can effectively address trajectory
deviations and abnormal vessel movements. For example, Venskus [99],
with co-authors, applied LSTM networks to detect real-time abnormal vessel
movements by adapting unsupervised learning techniques. Additionally,
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the same author implemented a SOM with a virtual pheromone model to
classify maritime vessel movements into normal and abnormal categories [97].
Further insights were provided in another experiment, where the SOM network
retraining achieved a signi cant reduction in computation time, nearly 50%
faster without compromising accuracy, even when tested across different
datasets [98].

For regression tasks, the focus is on predicting continuous trajectory
values, enabling the precise forecasting of vessel movement. Supervised
learning techniques, particularly neural network architectures, have been widely
applied. For instance, RNNs and LSTM networks are often combined with data
reduction technigques, such as convolutional neural networks (CNNSs), to forecast
vessel traf c based on sparse trajectory (GPS) data [8, 23, 73]. Similarly,
spatiotemporal methods, such as those proposed by Wang [105], divide regional
ows into hexagonal grids for improved prediction accuracy. In comparative
studies, LSTM networks have demonstrated signi cant advantages in forecasting
cargo traf c, often outperforming classical methods like ARIMA, even with
incomplete time series values [51, 110]. LSTM networks are particularly
effective in automatically capturing spatial and temporal dependencies in traf ¢
ow data, as highlighted by Zhang [118]. Over recent years, AEs have gained
prominence for their ability to compress high-dimensional input data into a
latent space and reconstruct it, making them valuable for generative modelling.
These techniques have been successfully applied in maritime traf ¢ predictions,
as demonstrated in studies by Capobianco [12] and others using dual-linear AE
approaches [64].

Geographical location is critical in positioning a vessel's trajectory to solve
prediction problems. Across various architectures, geographic coordinates
(longitude and latitude) are widely used as inputs for predicting multi-step
vessel trajectories [32, 87]. These coordinates are sometimes transformed into
alternative map projections to simplify distance measurements and improve
computational ef ciency. For instance, cartography's standard WGS can
be converted into the UTM projection. In this transformation, geographic
coordinates are mapped to a Cartesian system, expressed as x (easting) and y
(northing) coordinates, as demonstrated by Keller [42]. Two-dimensional



42 Chapter 2. Related Studies

coordinate systems like UTM have been successfully integrated into the training
of deep neural networks for trajectory prediction [3, 66, 71]. However, despite
adopting such transformations, the choice of a particular coordinate system is
often not explicitly justi ed, and the bene ts of these transformations remain
unclear. This thesis addresses this gap by systematically comparing multiple
positioning transformations across different coordinate systems and evaluating
their impact on trajectory prediction accuracy with various RNN architectures to
identify the most effective approach for accurate vessel trajectory forecasting.

2.5 Deep RNN Architectures

The characteristics of RNNs are de ned by their cyclic pathways formed through
synaptic connections, allowing the network to retain and process sequential
information over time [75]. While standard feed-forward neural networks
process data in a single pass, typical RNNs transmit information recursively
from one block to another, enabling the modelling of temporal dependencies in
data sequences. The research investigates simple RNN and improved DL
recurrent networks, LSTM and GRU, with different architectural combinations.
These improved architectures can solve the problems of vanishing gradient and
long-term dependency [100] because it has feedback links and a unigue memory
management structure (cells). A typical LSTM cell comprises input, output, and
forget gates that regulate the ow of information, allowing the network to
retain or discard information over long sequences selectively. In contrast, the
GRU simpli es this mechanism by using only update and reset gates, offering
a more computationally ef cient alternative while managing dependencies
effectively. These memory cells enable the processing of sequential time-step
data, where the gates dynamically adjust the information ow between units.
Unlike traditional methods, LSTM-based models better predict vessel behaviour,
offering higher precision, better adaptability, and faster prediction speeds
[88]. These advantages make recurrent networks highly effective for maritime
trajectory forecasting, particularly LSTM and GRU models. The following text
provides a detailed overview of the architectures explored in this study.
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Basic LSTM

The standard LSTM network architecture consists of a single hidden LSTM cell
layer. The general network design includes an input layer, hidden LSTM
and dropout layers, and a dense output layer (see Fig. 2.2). The hidden layer
comprises blocks of LSTM cells connected in a unidirectional sequence,
allowing information to ow through the network. These LSTM cells are
interconnected by a main status signal, regulated by the cell's gates to control
how information is stored, updated, or discarded over time.

Each LSTM cell contains specialised gates, input, forget, and output gates,
that manage the ow of information and enable the network to retain important
long-term dependencies while Itering out less relevant data. This gating
mechanism allows the network to address common issues, such as the vanishing
gradient problem, making it well-suited for modelling sequential data like vessel
movements. The dropout layer between the LSTM and output layers is a
regularisation technique, preventing over tting by randomly deactivating certain
neurons during training. The dense output layer transforms the processed
information into nal predictions, such as future vessel positions over multiple
time steps.

Figure 2.2: Basic unidirectional and bidirectional LSTM architectures. Note:
bidirectional marked with a red line.

Bidirectional LSTM

Bidirectional LSTMs enhance the standard LSTM architecture by processing
sequence data in both forward and backwards directions. This allows the
network to capture dependencies from past and future contexts simultaneously
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[112]. In this case, forward and backwards ways are constructed in the same
single LSTM hidden layer (see a note in Fig. 2.2). The rest of the architecture
remains similar to the standard LSTM, with a dropout layer applied to the
hidden layer to reduce over tting by randomly deactivating input units during
training. The key difference lies in the dual ow of information signals
moving in both directions, enabling the network to learn more comprehensive
sequence representations. Literature [53] suggests that bidirectional LSTM
architectures often perform better in sequence prediction tasks than their
standard counterparts.

Simple RNN

Simple RNN processes sequential data by using a loop to iterate over each
time step in the sequence while maintaining an internal state that encodes
information from previous time steps. At any given point, the hidden state is
computed solely based on the current input and the prior hidden state without
additional mechanisms for managing long-term memory. This structure allows
the Simple RNN to model short-term dependencies effectively. Still, it makes it
less capable of capturing long-term patterns due to the absence of specialised
gates for memory control.

Figure 2.3: Simple RNN and GRU architectures.

Unlike more advanced recurrent architectures such as LSTM and GRU, the
simple RNN does not incorporate input, forget, or output gates to regulate
information ow. As a result, it is more prone to issues such as the vanishing
gradient problem, which limits its ability to learn long-range dependencies in
sequential data. The overall architecture of the simple RNN is similar to that of
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other recurrent models, consisting of an input layer, hidden RNN layers, and a
dense output layer. The primary difference lies in the internal cell structure of
the hidden layers, which lack the gating mechanisms seen in the LSTM and
GRU networks (see Fig. 2.3 with RNN cells).

Gated recurrent unit

The GRU is an advanced type of RNN that simpli es the memory management
process by combining the functionalities of LSTM's multiple gates into two key
components: the update gate and reset gate. These gates control the ow of
information within the network, determining which data should be retained and
which should be discarded, thereby addressing the vanishing gradient problem
and enabling the model to capture longer-term dependencies more effectively
than a Simple RNN.

The update gate regulates how much past information should be carried
forward to future time steps, functioning similarly to the LSTM's input and
forget gates combined. On the other hand, the reset gate determines how much
of the previous information to forget when computing the current state, allowing
the model to reset memory as needed adaptively. The overall architecture of the
GRU network is similar to that of a basic LSTM or RNN, consisting of an input
layer, hidden layers, and a dense output layer. The primary difference lies in the
cell structure within the hidden layers, where GRU cells replace LSTM or
standard RNN cells (see Fig. 2.3 with GRU cells).

Stacked LSTM

An extension of the standard LSTM architecture is the Stacked LSTM, which
consists of multiple LSTM layers stacked on top of one another to create a
deeper network [50]. Unlike the basic LSTM, which has a single hidden layer,
the stacked architecture allows the model to learn more complex and abstract
temporal patterns by passing information through multiple processing layers. In
this con guration (see Fig.2.4), the output from each LSTM hidden layer serves
as the input for the next hidden layer, enabling hierarchical feature extraction
across the sequence data.
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Figure 2.4: Stacked LSTM architecture.

A dropout layer is incorporated under each hidden LSTM layer to improve
generalisation and prevent over tting. This dropout layer randomly deactivates
a portion of neurons during training, encouraging the model to learn more
generalised patterns. Based on ndings in the literature [96], which compared
network accuracy across different layer depths, the stacked LSTM architecture
in this study was designed with three hidden LSTM layers.

LSTM Autoencoder

The LSTM AE is a specialised neural network designed to learn ef cient data
representations by compressing input data into a lower-dimensional space
and then reconstructing it back to its original form [64]. This architecture is
particularly effective for sequence data, enabling the network to capture complex
temporal dependencies and patterns. The LSTM AE consists of three main
components (see Fig. 2.5): the encoder, the latent space vector, and the decoder.

The encoder compresses the input sequence into a compact latent
representation. This is achieved by processing the sequence through LSTM
layers that capture the temporal structure of the data and condense itinto a
single vector that summarises the entire sequence. The resulting latent vector is
repeatedh times to prepare it for decoding, wharés the number of time
steps in the output sequence. The decoder takes this repeated latent vector
and attempts to reconstruct the original input sequence. Using LSTM layers,
the decoder transforms the compressed information into the target sequence,
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Figure 2.5: LSTM AE architecture.

learning to replicate the input as closely as possible. Dimensionality reduction
in the LSTM AE is achieved by adjusting the number of LSTM cells in the
encoder. By limiting the number of units, the model is forced to compress the
input data, extracting only the most relevant features for reconstruction.

2.6 Impact by Vessel Type Category

Incidents do not often change the behaviour of traf c ows. The Nord Stream
gas pipeline explosion in the Baltic Sea resulted in a ban on traf c, transit,
anchoring, diving, use of underwater vehicles, geophysical mapping and other
activities in the area due to safety and investigations [86]. In addition, additional
traf ¢ of military and reconnaissance vessels was intensi ed. Changes in traf ¢
ows and routing of conventional vessels increase the risk of collisions between
different types of vessels. The behaviour of vessels at sea is inherently diverse
and contingent on their respective types. The predominantly quantitative data
are invaluable for probing intricate phenomena, behaviours, and tendencies. The
primary challenge lies in effectively integrating this wealth of information into
the calculations performed by DL models.

Vessels can be categorised based on their intended purpose, such as
transportation, shing, auxiliary, or technical roles, and later they were classi ed
according to the geographical areas they navigate, including offshore, raiding,
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inland, or mixed routes [72]. For instance, offshore vessels sailing more than
200 miles from port cover long distances. The extensive array of ship types
and their classi cations is explored comprehensively in the article [19]. The
collective impact of these multifaceted factors signi cantly in uences overall
maritime traf c, allowing for the re-purposing of historical data in system
modelling. When applied in analysing AlS data, the recursive method has
demonstrated notable advantages in various experimental contexts [56, 76,
120]. This method has proven effective in tasks such as anomaly detection,
computation of the width of categorical routes derived from maritime traf ¢
data [48], and the development of optimised Seq2Seq models tailored for
short-term ship trajectory prediction [107, 116].

The integration of categorical data into ML algorithms to enhance perfor-
mance has garnered attention in diverse domains, particularly transportation and
medicine, as highlighted in the authors' paper [70], which focuses on disease
prediction. Delving into the nuanced processing of categorical data using
various encoding techniques, Dahouda and Joe explore the comparative ef cacy
of one-hot encoding and DL embedding in their article [21]. While the work
predominantly contrasts these encoding methods, it duly acknowledges limita-
tions stemming from dataset constraints and the speci ¢ binary classi cation
problem under consideration.

In a separate investigation, Polish researcher Sebastian Gnat [33] performed
an experiment evaluating diverse encoding techniques within regression models.
Gnat's ndings indicate that one-hot encoding exhibits greater accuracy in
classical regression algorithms. Despite potential challenges associated with
high cardinality due to dummy variables, the article [14] proposes solutions for
complex problems without compromising accuracy.

Conversely, author Changro's study [47] asserts the viability of employing
DL embedding encoding even with very high cardinality. The advantages of
embedded encoding are not isolated, as corroborated by ndings in other
publications [15, 24, 43, 78, 101]. This collective body of research underscores
the multifaceted landscape of categorical data processing within ML paradigms
and offers insights into the diverse encoding strategies that can be applied to
address speci ¢ challenges.
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After the analytical exploration, it was identi ed that only a limited
number of studies have systematically analysed and compared categorical
data encoding techniques, particularly in the context of recursive multi-step
trajectory prediction. Previous works have often explicitly selected speci c
vessel types for individual analysis or prepared separate datasets for distinct
vessel categories. This thesis, therefore, tries to integrate multiple vessel types
into a single uni ed dataset and evaluate the effectiveness of different encoding
methods in preserving inter-category relationships.

2.7 Trajectory Prediction Boundaries for Collision Risk
and Uncertainty Estimation

This subsection reviews the scienti c literature on vessel trajectory prediction
methods and their integration with collision risk assessment frameworks.
Traditional maritime safety systems commonly rely on deterministic collision
detection measures, such as CPA and TCPA. However, these methods provide
limited insight when vessel behaviour dynamically changes due to environmental
conditions, human factors, or unforeseen circumstances. To address this
limitation, recent studies increasingly incorporate DL techniques, notably
RNNs, to enhance the precision of trajectory forecasts and quantify associated
uncertainties. Unlike deterministic approaches, advanced probabilistic methods
utilise uncertainty estimation, such as con dence intervals, prediction intervals,
and conformal prediction regions, to offer a more comprehensive assessment of
potential collision scenarios. This review emphasizes integrating accurate
forecasts with uncertainty quanti cation to strengthen maritime situational
awareness and safety by examining vessel trajectory prediction methodologies
alongside collision detection frameworks.

2.7.1 Vessel Trajectory Prediction Methods and Uncertainty
Estimation

In maritime navigation, the accurate prediction of vessel trajectories is paramount
to avoiding collisions and ensuring safety at sea. A body of research has been
dedicated to addressing this challenge, utilising a variety of sophisticated
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methodologies. For instance, one study by Biao Zhang [117] and colleagues
focuses on re ning the precision of ship motion predictions, especially
within complex environments characterised by non-stationary, non-linear, and
stochastic variables. This research introduces the IWOA-TCN-Attention model,
a novel predictive framework that integrates DL networks, time-sequential data,
and an attention mechanism, substantially improving the prediction accuracy.

Complementing this, another study by Rong [77] approaches maritime
traf ¢ prediction using a dual lens, contemplating both ship destination and
route. This study distinguishes itself by its methodology of extracting vessel
motion patterns from archival data, deploying multinomial logistic regression
alongside Gaussian Process regression models to construct probabilistic
forecasts. However, it observes that the hourly forecast increases the error and
notes that additional features may hypothetically reduce this error.

The research landscape reveals a diversity of approaches for assessing
predictions of vessel trajectories, notably focusing on their utility in identifying
anomalous marine traf ¢ patterns. The detection and analysis of abnormal
vessel trajectories are carried out in a study by Kristoffer et al. [69], who
propose a kinematic similarity measure and even provide access to labelled data
to support further research on abnormal trajectory detection.

LSTM neural networks have also played a signi cant role in enhancing
the trajectory prediction accuracy. For example, Mehri [61] employs LSTM
models with a context-aware approach that integrates spatial data, such as vessel
type and meteorological conditions, for data-driven movement predictions.
Additional research explores the broader application of LSTM networks in ship
trajectory prediction, showcasing their versatility in handling maritime data [39,
89, 103, 119, 121].

Uncertainty quanti cation methods have been introduced to enhance the
reliability of trajectory predictions. Venskus [99] proposed unsupervised wild
bootstrapping to evaluate prediction reliability, demonstrating its effectiveness
in detecting a wide array of abnormal marine traf ¢ behaviours. Additionally,
abnormal vessel trajectories have been tested by creating multivariate cases of
prediction intervals, assuming that the trajectory entering a de ned region is
considered normal.
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Graphical methods for region detection, such as those proposed by
Carnerero et al. [13], utilise convex optimisation techniques to delineate
prediction regions. The reliability of predictions for multidimensional data is
further examined using boundary estimation techniques that de ne regions with
prede ned nominal coverage rates. Golestaneh et al. [34] have contributed to
this eld by constructing and evaluating multivariate EPRSs, delineating the
uncertainty inherent in multidimensional stochastic processes. While not
directly applied to ship trajectory prediction, their ndings offer insights into
minimising the conservativeness of prediction regions.

Forecasting models often rely on statistical approaches to evaluate
prediction reliability. Yin et al. [114] analyse bus travel time forecasts using the
construction of Pls, and Noma and Lucagbo [58, 68] discuss multidimensional
prediction and Cls in broader contexts. However, maritime forecasting data
frequently lack a clearly de ned distribution, necessitating non-parametric
techniques such as CPRs. This approach, initially introduced by Shafer [83], has
been applied in diverse elds, including pedestrian localisation scenarios [20],
and, more recently, time-series prediction interval detection [2, 91].

2.7.2 Collision Risk Assessment and Predictive Frameworks

While trajectory prediction provides the foundation for maritime safety, collision
risk assessment is equally critical to ensuring safe navigation. Ship collisions
pose signi cant threats to maritime operations due to their potential to cause
substantial harm. Addressing this, Ryan Wen Liu [55] lays out a comprehensive
framework for assessing and analysing ship collision risks. This framework
incorporates advanced methodologies, including the quaternion ship domain and
kernel density estimation. It integrates a ConvLSTM model for spatial-temporal
risk prediction, marking a substantial stride in maritime collision avoidance
strategies.

In expanding on collision avoidance strategies, several studies propose
advanced decision-making frameworks. For instance, Xie et al. [108] introduce a
deep reinforcement learning (DRL) approach to multi-vessel collision avoidance
that adheres to COLREGSs. Their model integrates a collision risk index (CRI)
into its reward function, optimising vessel behaviour in various encounter
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scenarios. Similarly, Seo et al. [82] develop a CRI-based A* algorithm that
balances economic route optimisation with safety considerations, effectively
addressing collision avoidance routing.

Yoshioka et al. [115] present a decision-making algorithm that utilises
collision risk maps to visually represent potential risks and guide route planning,
focusing on enhancing explainability for seafarers. Zhou et al. [122] focus
on determining collision avoidance timing using an ML framework that
incorporates dynamic and static factors to guide of cers on Watch (OOW).
Additionally, Liu et al. [54] propose QSD-LSTM, a novel trajectory prediction
model that integrates a quaternion ship domain to enhance the prediction of
vessel interactions in complex maritime environments.

Probabilistic models for collision risk assessment have also been explored
in previous research. Mujeeb et al. [62] assess collision risks between vessels and
offshore platforms using a model based on traf ¢ density, causation probabilities,
and mitigation measures. However, this approach lacks adaptability to real-time
dynamic conditions. Yim et al. [111] apply multiple linear regression to analyse
the perceived collision risks based on separation distance, though their reliance
on subjective evaluations limits the model's real-time applicability.

In 2020, Du [26] developed a COLREG-compliant alert system for
stand-on vessels that classi es con icts into four encounter stages and nine
severity levels to improve collision risk detection under dynamic conditions.
However, uncertainties regarding ship domain boundaries remain a challenge
in this framework. In 2024, Lin [52] introduced an encoder-decoder LSTM
model for regional collision risk prediction, achieving high accuracy but
facing limitations due to aggregation density and clustering uncertainties.
Likewise, Gao [30] (2024) employs ST-ENAGCN (spatiotemporal edge-node
attention graph convolutional network) to analyse multi-ship collision avoidance
scenarios. Yet, this approach may not fully address ship domain boundary
uncertainties, which are crucial for reliable collision risk assessment.

Additional research has focused on risk evaluation frameworks. Studies
such as those by Weng [106], Tritsarolis [92, 93], and Jia [37] delve into
collision risk assessment using probabilistic and statistical methods, further
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highlighting the complexity of accurately predicting and mitigating maritime
collision risks.

The thesis addresses the limitations of prior work by using a DL based
trajectory forecasting framework enhanced with advanced uncertainty quanti -
cation techniques, including EPR, CPR, Cl and PI. These approaches estimate
the probability distribution around RNN forecasts within de ned trajectory
boundaries and compute collision risk scores from their overlaps, enabling more
reliable and proactive real-time maritime risk assessments.

By applying these predictive boundaries to real-world scenarios, such as
the 2021 collision betweescot CarrierandKarin Hoej, we demonstrate
the effectiveness of DL models in improving maritime safety with a 95%
con dence level. Our approach also integrates reliability indicators, particularly
emphasising the strength of conformal prediction in accurately predicting
potential collision scenarios. As the reviewed articles indicate, one speci c
method or its derivatives is typically used to de ne prediction boundaries.
Therefore, this study applied various methods to specify the domain region of
vessels based on predictions from DL models while assessing the probability
score of collision risk for vessels in actual historical accidents.

2.8 Summary of the Chapter

This chapter reviewed the literature on advanced methodologies for multi-step
multivariate vessel trajectory prediction, emphasising their importance in
improving maritime situational awareness and safety. A particular focus was
placed on RNNs, especially advanced architectures like LSTM and GRU, for
their ability to process sequential maritime data. With their feedback links and
specialised memory structures, these networks effectively address challenges
such as the vanishing gradient problem and long-term dependencies, offering
high precision and adaptability in trajectory prediction. Given that large vessels,
such as tankers, require up to half an hour to come to a complete stop, accurate
long-term forecasts, mainly those made 20-25 minutes ahead, are crucial for
preventing collisions. Since AlS signhal data are semi-structured and often
incomplete, extracting meaningful vessel behaviour patterns requires analysing
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spatiotemporal characteristics across multiple variables. As vessel movement
depends on various interrelated factors such as latitude, longitude, speed,
vessel type, and environmental conditions, trajectory prediction is inherently
a multivariate problem that requires models capable of capturing complex
dependencies within large-scale maritime data.

The review also highlighted the critical role of maritime awareness,
addressing the increasing maritime traf c, diverse vessel classi cations, and
ongoing challenges like collisions and adverse weather conditions by applying
various methods. While some studies focus on anomaly detection using
unsupervised learning techniques such as data clustering, others employ
regression-based supervised learning to predict continuous vessel trajectories to
forecast vessel movement based on sparse GPS and AIS data. Moreover, the
impact of different coordinate system transformations has been explored in
previous research, demonstrating that the choice of representation, whether
WGS84 or UTM, can affect prediction accuracy. This is attributed to advantages
such as improved spatial distance calculations, uniform data scaling, and
enhanced clustering of ship movements. The transformation ensures consistent
distance metrics using Euclidean calculations rather than geodesic formulas, and
simpli es model computations. Furthermore, UTM projections provide a
structured view of AIS data, preventing distortions caused by latitude-longitude
scaling differences. These ndings reinforce the need to investigate further
coordinate transformations in vessel trajectory forecasting and expand the
research focus beyond anomaly detection, allowing for long-term trajectory
predictions to be analysed later to identify deviations, unusual behaviour, or
other maritime risks.

Additionally, the chapter explored categorical data encoding studies for
integrating vessel-type information into predictive models alongside various
methods for de ning prediction intervals and boundaries to assess the reliability
of model predictions. Some studies analysed vessel types separately by splitting
them into different datasets. In contrast, others focused only on a limited number
of vessel categories, potentially overlooking the relationships between various
types of ships. This highlights the need to investigate methods for integrating
multiple vessel types into a single prediction framework while preserving their
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inherent dependencies. When predicting vessel trajectories, an important aspect
is estimating the uncertainty of predictions, particularly in scenarios involving
multiple vessels in close proximity. Many studies focus on forecasting a single
vessel's movement without explicitly considering how surrounding vessels
in uence the overall risk of collision. Some researchers suggest that uncertainty
estimation could improve collision risk assessment, but few have implemented it
in practical applications. Existing approaches often assume that trajectory errors
follow a speci c distribution (e.g., Gaussian), which may not accurately re ect
real vessel movement. As a result, non-parametric methods, which do not
rely on strong distributional assumptions, have been explored as alternative
solutions. Technigues such as Monte Carlo simulations have been proposed in
the previously analysed thesis. Still, other Pl-based methods, including PI, Cl,
EPR, and CPR, may provide a more exible way to estimate uncertainty and
assess the probability of vessel interactions. Investigating these approaches is
essential for improving trajectory accuracy and the ability to detect potential
collision risks based on surrounding vessel movements.
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3 Guidelines on Methods

This chapter provides an in-depth analysis of the methods employed in the thesis,
highlighting new insights and advancements in vessel trajectory prediction and
maritime safety. One of the key innovations of this research is the development
of a recursive recalculation logic for forecasting outputs. Rather than building
models directly with speci ¢ (absolute) coordinate sequences, the study
identi es the differences between vector sequences. These differences are then
predicted and recursively extrapolated to determine the vessel's future positions
based on the last known location. This approach enhances the accuracy and
reliability of trajectory predictions.

The chapter begins by exploring multi-step recursive models and explaining
this novel approach's theoretical foundations and practical applications. It
then delves into various categorical data encoding techniques, including
ordinal encoding, one-hot encoding, and embeddings, which are important
for integrating categorical vessel-type data into DL models. These encoding
methods are compared to assess their impact on prediction accuracy.

Subsequently, the chapter addresses prediction intervals and boundaries,
which are essential for evaluating the reliability of predictive models. Detailed
discussions on PI, Cl, EPR, and CPR are provided. These techniques offer
a probabilistic understanding of potential future vessel positions, enabling
dynamic assessments of collision risks and strategic planning to mitigate such
risks. The study demonstrates how DL models can effectively identify high-risk
scenarios and enhance maritime safety by integrating con dence levels and
prediction boundaries. These methods were presented in the main papers by
Jurkus et al. [A.1, A.2,B.1, B.2].

3.1 Multivariate, Multi-step and Recursive Models

The paradigm of multi-step forecasting extends beyond traditional single-step
predictions by forecasting a series of future values rather than only the immediate
next step. This approach is particularly valuable in maritime scenarios, where
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predicting vessel positions several time steps ahead is critical for timely risk
assessment and collision prevention. In multi-step forecasting, prediction
models are trained using sequences of historical AlS data containing various
features, such as latitude, longitude, speed, and heading, to output sequences
of future predicted values. Longitude and latitude determine an object's
geographical location according to the globally accepted WGS84, which uses
polar coordinates. Latitude speci es the north-south position relative to the
equator, while longitude measures the east-west position relative to the prime
meridian. Thus, each sequence represents a chronological vessel movement
from one geographical point to another at determined time intervals. The neural
network uses such historical positions as input, while the output sequence
represents future positions that the model learns by optimising the selected
architecture’s loss function. A simple visual example is presented in Figure 3.1.

Figure 3.1: Multivariate multi-step structure of RNNs.

This multi-step forecasting approach is a supervised learning technique
because it relies on labelled historical data for training. The labels in this context
are multivariate, speci cally consisting of actual geographic coordinates (latitude
and longitude) representing vessel positions over time. During the model
evaluation, these labelled sequences allow predictions to be directly compared
against actual vessel movements, thus enabling the objective assessment
of predictive accuracy and reliability. Given the inherent spatio-temporal
complexity of vessel movements, multivariate input data are essential to capture
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and accurately predict future trajectories. The prediction outputs are also
multivariate since each forecasted point consists of multiple features, typically
latitude and longitude coordinates. These models iteratively reuse previous
predictions as inputs, progressively extending the forecasting horizon.

Several transformations were applied in this study. Instead of directly
using geographic coordinates, the Haversine distance and azimuth angle were
calculated, from which geographic positions were recalculated. Additionally, the
Cartesian coordinate transformation using the UTM projection was employed.
In these experiments, the original structure remains the same, but in the output
of the network, for example, longitude and latitude are replaced by distance and
turning angle. A more detailed transformation experiment is described in the
paper [40].

The approach applied in this study involves transforming the geographic
coordinates (latitude and longitude) into two new spatial features: distance
and turning angle. The distance between two consecutive vessel positions is
calculated using the Haversine formula, which measures the shortest distance
between two geographic points along the Earth's surface. This formula
calculates distances based on the Earth's curvature and a mean radius of
approximately 6,371 kilometres. While accurate for short distances, the error
may slightly increase over long distances due to the Earth's irregular shape.

The second feature involves calculating the azimuth angle, which indicates
the directional bearing from one vessel position to the following relative
to the geographic north. Azimuth angles range fronto036C°, measured
clockwise, with 0 corresponding to true north. The networks capture more
meaningful spatial and directional relationships by training the prediction
models using these derived distance and angle features. Subsequently, the
predicted distance and angle values are combined with the last known vessel
position to reconstruct a series of geographic coordinates, effectively providing
an accurate representation of future vessel trajectories.

The UTM projection was another transformation applied in this study.
Unlike geographic coordinates, UTM is a global coordinate system de ned in
meters, allowing locations to be identi ed with high precision. The UTM
grid divides the Earth's surface into 60 longitudinal zones, each spanning 6
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Figure 3.2: Coordinate transformationsa) UTM projection in the Netherlands
region; ) distance and angle calculation projection (input is blue, output is
green).

degrees. Within these zones, positions are expressed using two coordinates,
easting and northing, analogousdtandy coordinates in a Cartesian coordinate
system. Each zone has a central meridian with an assigned false easting value of
500,000 meters to avoid negative coordinates. Speci cally, the Netherlands
region, which serves as part of this study's dataset, falls into UTM zone 31.

The transformation from longitude and latitude to UTM coordinates
employs trigonometric functions, resultingxrcoordinates increasing eastward
and decreasing westward relative to the central meridiaryaondrdinates
increasing northward and decreasing southward. By converting geographic
positions into two-dimensional Cartesian coordinates, the scale of maritime
traf ¢ routes can be better represented and analysed. In this study, the recurrent
neural network architectures are trained using these UTM coordinates and
formatted into attened output vectors. Predictions made by these models are
subsequently reconverted from UTM back to WGS84 geographic coordinates,
ensuring compatibility and allowing comprehensive evaluation of the predicted
vessel trajectories against actual routes. The concepts for both transformations
are given in Figure 3.2.

Nevertheless, forecasting over extended horizons introduces inherent
challenges. Accumulating errors over successive predictions can compromise
forecast accuracy over longer prediction intervals. The study applied recursive
data extrapolation techniques to address this, particularly with transformations
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like Haversine distances, azimuth angles, and UTM projections. This recursive
approach allows improved accuracy by reducing cumulative error propagation,
thereby ensuring the adaptability and effectiveness of the model in managing the
complexities associated with multi-step predictions.

Figure 3.3: Recursive multi-step trajectory prediction model.

Vessel trajectory prediction constitutes a regression ML task falling under
the domain of supervised training, necessitating the availability of labelled data.
Within the RNN architectures, the input comprises sliced sequences, each
mirroring the aforementioned matrices' length, with vessel features as the key
inputs. Concurrently, the output matrix typically represents the continuous
input coordinates of the vessel, effectively capturing the vessel's evolving
trajectory. In this speci c context, the sequence output deviddkd (Diong)
from direct geographical coordinates, instead presenting the disparity between
their respective vectors. To generate labels for this sequence output, the actual
(real) coordinates are computed by incorporating the last input timeline and
calculating the coordinate differences relative to it. During the predictive phase,
wherein the model anticipates these differences, retrieving actual coordinates
necessitates an additional step: vector addition (see Figure 3.3). Ingrained in the
architecture, this intricate process exempli es the meticulous orchestration
required to transform predictions into meaningful geographical coordinates
within vessel trajectory prediction.

The sequence de ned in Equation (3.1) can be illustrated through the
following simpli ed example. In this scenario, the input encapsulates vessel
features at distinct time points. For simplicity, assume the rst two columns
denote longitude and latitude coordinates, and the output exclusively features
these coordinates. As highlighted in the predictions line, the neural network
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isn't trained on precise geographical coordinates (or using other transformation
features as UTM coordinates) but learns disparities within these delta coordinates.
This concept is elucidated further in the comprehensive discussion in the
article [40]. The neural network yields learned differences as part of its output.
Recursive derivation of the original geographical coordinates from the last input
point unveils a more accurate prediction, particularly in the short term. This
demonstration underscores how the network's training on coordinate differences
facilitates a more precise prediction of geographical coordinates, enhancing the
model's ef cacy.

Original Input and Output: h[1; 1] 122 [33::] o0 [44 _ [5;5] [6;6]I
Output (differences): h(4 34 3 (5 45 4) (6 56 5)I
Predictions: h[1;1] [1;1] [1;1]I '
Input and Output: h[1;1;:::] [2;2;::] [3;3;::1] nn [1,1] [1;71] [1;1]I
Output (based on the last point):h[3;3;:::] o [44] [55) [6;6]I
(3.1)

Recursive forecasting encompasses creating lagged features from the
target series and training ML models on delta features rather than absolute
positions. Past predictions are recursively utilised to generate new lagged
features as the prediction extends into the future. Precisely, models predict
incremental differences (deltas) between consecutive points rather than directly
predicting absolute positions. These predicted deltas are subsequently added
to the most recent absolute position, reconstructing future positions in the
trajectory. For instance, as illustrated in the equation above, the original absolute
positions ard1; 1];[2; 2]; [3; 3]:::[4; 4][5; 5][6; 6] are transformed into differences
4 34 3);(5 45 4);(6 5,6 5).Predictions are then made on these
differences, and future absolute positions are reconstructed recursively by
adding predicted increments to the previously known absolute position. This
recursive recalculation reduces cumulative forecasting errors, thereby enhancing
the accuracy and reliability of multi-step trajectory predictions.
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Estimation of errors

The accuracy of the neural networks is initially assessed using rigorous
regression metrics in the Netherlands region dataset. These metrics, including
the Mean Absolute Error of the Haversine distance (MAEH), Mean Squared
Error (MSE,(3.2)), Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error (MAPE), provide a detailed
evaluation of the model's performance in predicting coordinate values. A
speci ¢ metric, MAEH, is derived from the Haversine distance function
based on Figure 3.4. This metric calculates the predicted and actual values
of geographic coordinates and measures the average sequence error across
multi-step points. The Haversine function facilitates distance calculations in
Sl system units like meters or kilometres, offering a practical assessment of
predictive accuracy. This meticulous evaluation framework ensures a precise
and factual understanding of the neural networks' performance in trajectory
prediction, considering diverse aspects of the predictive model. Due to its direct
spatial interpretability, MAEH serves as the primary criterion for subsequent
model evaluation and comparison. Estimates are calculated using the test
sample dataset:

1d .
MSE= “& (v W)? (3.2)
i=1
where:
* nis the number of samples,
* Vi is the true value,

* Vi is the predicted value.
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Figure 3.4: Haversine distance error calculation in a trajectory.

Here, X denotes the matrix of vessel characteristics, which is the network's
input t = 30time steps). Knowing the actughnd predicted direction gf
movement k= 20time steps), it is possible to measure the distance between
each point in the time seridsc = Yk Y«. The shortest path between two points
of a geographical position is calculated by the Haversine functigyvfhere
Df is latitude,Dl is longitude Ris the Earth's radius (mean radius = 6,371
km), andn is the output sequence in the test dataset. Distance is measured in
kilometres. Furthermore, the total trajectory error is determined by the mean
absolute Haversine error MAEE.3). This principle determines how much
the predicted range differs from reality. By this logic, all architectures were
evaluated in the entire sample of test data.

1 n
MAEH= =~ & Lk Yk Yk (3.3)
N=1
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