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Chapter 1. Introduction 

Maritime Autonomous Surface Ships (MASS) are increasingly regarded as a promising solution 
to enhance navigational safety and efficiency in maritime transportation. However, their 
integration into Mixed Waterborne Transport Systems (MWTS), where autonomous and manned 
vessels coexist, introduces several challenges. These include ensuring effective collision 
avoidance without direct communication between vessels, accommodating the situational 
awareness of MASS in various maritime environments, human-mimic collision avoidance 
strategies in decision-making processes, and human trust in the decision-making of MASS to 
enhance coordination between human operators and autonomous systems. Addressing these 
challenges is essential to ensure seamless interaction while maintaining both the safety and 
efficiency of the navigation in an MWTS.  

Motivated by the need to bridge these gaps, this research aims to develop a decision-making 
framework that integrates situational awareness, human-mimic navigation, and trust as key 
components. This chapter is organised as follows: Section 1.1 introduces the research context. 
Section 1.2 identifies the key challenges in mixed waterborne transport. Sections 1.3 and 1.4 
formulate the research questions and describe the methodologies adopted to address them. 
Section 1.5 specifies the research scope of the thesis, while Section 1.6 highlights the 
contributions. Finally, Section 1.7 presents the outline of the structure of the thesis. 
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1.1 Transition to Mixed Waterborne Transport 

Global shipping is the backbone of international trade, transporting 90% of goods trade by 
volume worldwide. This vital system ensures the seamless movement of essential resources, 
such as raw materials, energy, and food. Specifically, it becomes more important for the Dutch 
economy. 90% of imports and two-thirds of exports are via sea and inland shipping. These 
exports contribute more than 30% to the Dutch GDP. With a total added value of 56.5 billion 
euros and 590,000 employees, maritime is one of the largest pillars of the Dutch economy1. The 
critical role underscores the importance of shipping in maintaining the smooth functioning of 
either the international or domestic economy. Any disruption in shipping operations, including 
accidents, inefficiencies, and limitations of logistical capabilities, may lead to supply chain 
disruptions, severe threats to human lives, and significant economic losses. 

Safety remains a fundamental concern in the maritime industry, as accidents result in 
consequences for human life and economic losses. As such, when we focus on the issues of 
accidents, ensuring the safety of maritime transport is essential. According to the report 2 issued 
by the European Maritime Safety Agency (EMSA) in 2022, navigation accidents, including 
collisions, groundings, and contacts, account for 28% of all marine casualties reported in the 
European Marine Casualty Information Platform (EMCIP) database. The analysis, based on 
8,800 occurrences involving vessels flying EU Member State flags within Member States’ 
territorial waters or linked to European interests spanning 2011 to 2021, highlights critical 
safety concerns, particularly in collision-related incidents. Collisions are among the most 
frequent types of accidents, with manoeuvring and turning operations (3,108 cases) and port 
areas (711 cases) identified as high-risk contexts. Importantly, human errors contribute to 83.5% 
of collision-related events, manifesting through delayed decision-making, missed observations, 
and inadequate planning during navigation phases. These results underscore the pressing need 
for effective collision avoidance to mitigate navigational risks and enhance maritime safety. 

Efficiency, on the other hand, is equally critical in ensuring the sustainability of maritime 
operations. The optimisation of travel routes and fuel consumption not only reduces operational 
costs but also minimises environmental impact, aligning with global sustainability goals. 
Additionally, delays caused by port congestion or suboptimal routing can disrupt global supply 
chains, leading to economic losses across multiple industries. Achieving operational efficiency, 
therefore, involves both improving navigational efficiency and ensuring smooth interactions 
between vessels, particularly in high-risk areas such as ports.  

In response to these challenges, Maritime Autonomous Surface Ships (MASS) have 
emerged as a promising solution, offering the potential to reduce human error, a main cause of 
maritime accidents3, and optimise operational efficiency. Over the years, several MASS-related 
projects have been initiated globally. For example, MUNIN [175], AAWA [23], and NOVIMAR 

 
1 https://maritiemland.nl/en/maritime-master-plan/ 
2 https://www.emsa.europa.eu/newsroom/latest-news/item/4830-safety-analysis-of-emcip-data-analysis-of-
navigation-accidents.html  
3 https://www.emsa.europa.eu/safemed-iv-project/component-5-human-element-in-maritime-safety.html  
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[77]. These initiatives underscore the growing interest in commercial autonomous shipping and 
their potential towards addressing safety and efficiency concerns. 

To ensure the integration of MASS into existing maritime frameworks, the International 
Maritime Organisation (IMO) categorizes MASS into four levels of autonomy, as shown in 
Table 1-1. This classification ranges from ships with basic automation to fully autonomous ships 
capable of making independent decisions. Besides, to meet specific needs, a more detailed Level 
of Autonomy for MASS [126] and a new classification for autonomous surface vessels [184] 
regarding the overall system and sub-systems were proposed. Importantly, the autonomy level 
of a MASS may vary across different operational phases [132]. For instance, an open sea transit 
may be fully automated, requiring minimal human intervention, while port approaches open 
require significant human oversight. These classifications underscore the challenges MASS 
face in practical applications, particularly in the interaction between vessels of varying 
autonomy levels and manned ships or operators.  

Table 1-1 Classification of the autonomy degree of maritime autonomous surface ships by IMO 

Degree in Maritime Autonomous 
Surface Ships 

Description 

1 Ship with automated processes 
and decision support 

Seafarers are on board to operate and control shipboard systems and 
functions. Some operations may be automated. 

2 Remotely controlled ship with 
seafarers on board 

The ship is controlled and operated from another location, but 
seafarers are on board. 

3 Remotely controlled ship without 
seafarers on board 

The ship is controlled and operated from another location. There are 
no seafarers on board. 

4 Fully autonomous ship  The ship’s operating system is able to make decisions and 
determine actions by itself. 

Given the background of the autonomy levels of MASS and application scenarios, mixed 
waterborne transport systems (MWTS) will become inevitable in the short future, where MASS 
and manned ships will co-exist. However, the integration of MASS into the MWTS will 
introduce new challenges regarding safety and efficiency in high-risk navigational contexts. 
Unlike fully autonomous systems capable of cooperative navigation and communication, 
MWTS may be limited in the exchange of timely and effective navigational intentions. Thus, 
MASS should be capable of not only avoiding collisions with surrounding manned vessels in 
various situations but also maintaining efficient interaction and operations in an MWTS. 

1.2 Problem statement 

Drawing on the challenges identified in the background, the thesis addresses three critical 
aspects of MASS operations: situational awareness, navigational preference-aware human-
mimic collision avoidance, and human trust. By focusing on these dimensions, the research 
seeks to design a decision-making framework for MASS that ensures safe and efficient 
navigation for MASS in an MWTS.  

First, situational awareness is crucial for the safe navigation of autonomous ships, 
involving the comprehensive capability construction of both human seafarers and autonomous 
systems to perceive, understand, and predict the maritime environment. Effective situational 
awareness requires not only sensors on board but also integrating domain knowledge and 
expertise of seafarers to build a reliable understanding of the navigational context. In this way, 
MASS can make timely decisions across various navigational scenarios. While prior studies 
have investigated framework design [68], requirements [225], sensor technologies [205], 
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computation and evaluation [163] for enhancing situational awareness, most of the studies fail 
to fully address the unique challenges of integrating MASS into mixed-traffic environments, 
particularly the transparency of MASS decision-making to human operators and surrounding 
vessels. For example, how to generate explainable actions based on multi-source data towards 
an increased transparent decision-making process remains underexplored. Addressing this gap 
is essential for fostering human trust, improving situational understanding, and ensuring safer 
navigation within an MWTS. 

Second, navigational preference-aware human-mimic collision avoidance is necessary to 
ensure that autonomous vessels can adapt to the behaviours of surrounding manned vessels for 
safe and efficient interaction. Various algorithms have been designed and developed to improve 
the safety and efficiency of autonomous ships. For example, Velocity Obstacle [91], 
reinforcement learning [223], and model predictive control [53] have greatly improved the 
evasive capabilities of autonomous vessels. However, most existing studies simulate 
surrounding vessels on fixed trajectories and focus on enhancing the evasive algorithms of 
MASS, limiting their adaptability in an MWTS. An evasive model involving the human 
navigational preferences of manned ships in collision avoidance is crucial to providing 
proactive and mutually understandable navigation strategies within the MWTS, avoiding 
potential conflicts while maintaining operational efficiency.  

Finally, human trust in autonomous systems is critical during high-risk scenarios such as 
collision avoidance. A lack of trust may lead to unnecessary interventions by operators, 
undermining the reliability of MASS in such scenarios. Recent advances in trust theories in 
human-autonomy interaction have focused on three aspects, including framework [86], 
measurement [136], investigation methods [218], and computational models [232]. In the 
maritime domain, studies have begun to explore the impact of trust on the decision-making 
process of MASS operators in a remote monitoring centre [130][132]. However, understanding 
trust dynamics during decision-making processes in collision avoidance scenarios remains 
underexplored. It is the foundation of developing and maintaining trust, which is critical for 
reliable and transparent decision-making between operators and autonomous systems.  

Overall, addressing situational awareness, human preferences, and human trust is essential 
for ensuring the safe and efficient navigation of MASS in an MWTS. By bridging the gaps in 
transparency, adaptability, and reliability, this research aims to develop a comprehensive 
decision-making framework that facilitates seamless interaction between autonomous and 
manned vessels. 

1.3 Research questions 

The main research question addressed in this thesis is: 

How can a decision-making framework for collision avoidance, incorporating situational 
awareness, human preferences, and human trust, be developed to ensure safe and efficient 
interaction between autonomous and manned vessels in mixed waterborne transport systems? 

To address the main research question, we will answer the following sub-questions: 

(1) Questions on the state of the art: 

(i) What is the state of the art on the safety and efficiency of human-MASS interaction? 



1.4 Research approach 5 

 

(ii) What factors should be considered in the decision-making framework? 

(2) Questions on the situational awareness modelling: 

(iii) How can data from multiple sources be effectively integrated for situational 
awareness? 

(iv) How can a local path planning algorithm tailored to 3 degrees of freedom vessels 
be developed, integrating the results of situational awareness? 

(3) Questions on the human preferences for human-mimic collision avoidance: 

(v) How can AIS data be utilised to extract the navigational preferences of conventional 
vessels for collision avoidance? 

(vi) How can past vessels’ trajectories be used to develop a real-time movement 
prediction model with improved accuracy and interpretability based on human 
navigational preferences? 

(vii) How does the prediction result support the interactive collision avoidance of MASS 
in a mixed waterborne environment? 

(4) Questions on human trust: 

(viii) How can human trust in MASS in collision avoidance be measured, analysed, and 
modelled within controlled experimental settings? 

1.4 Research approach 

To address the research questions, this research adopts a systematic and integrated research 
approach. The proposed approach develops a decision-making framework by addressing gaps 
in situational awareness, human-mimic collision avoidance, and trust dynamics. The following 
paragraphs describe how each aspect of the framework is designed. 

To achieve situational awareness, we leveraged ontology capabilities to organise multi-
source information and developed the knowledge maps model for MASS. This model facilitates 
the perception and understanding of navigational contexts, providing real-time support for 
decision-making. To address collision avoidance, we designed a local path-planning algorithm, 
Dynamic Window Approach (DWA), tailored for 3-degrees-of-freedom (DOF) MASS. The 
rapid search capabilities enable efficient navigation in dynamic environments. Furthermore, a 
collision avoidance decision-making framework was proposed, integrating real-time results 
from knowledge maps, referred to as Knowledge Maps-based Dynamic Window Approach 
(KM-DWA), to ensure safe and informed decision-making. 

For human-mimic navigation, we utilised AIS data to detect collision candidates and 
employed an LSTM-Autoencoder to classify and analyse navigational preferences. These 
preferences were incorporated into a proposed trajectory predictor, which leverages past 
trajectories of both the vessel and surrounding ships to predict future movements. This predictor 
simultaneously forecasts the trajectories of the MASS and nearby vessels, enabling collision 
avoidance strategies that align with human navigational preferences. The proposed decision-
making framework combines these human-mimic trajectories to ensure safety with the KM-
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DWA local path planner. This integration allows real-time obstacle detection; in high-risk 
scenarios, the system executes local collision avoidance manoeuvres before returning to the 
recommended human-mimic trajectories. 

To explore trust dynamics, we conducted simulator-based experiments to investigate 
observer trust during collision avoidance scenarios. A linear mixed model was applied to 
identify the main and interaction factors influencing trust. Building on these insights, a Bayesian 
network-based trust model (TBN) was constructed to model trust dynamics across different 
stages of the collision avoidance process. This model identified critical factors affecting key 
trust, including proper avoidance timing and strategies for adherence to collision-avoidance 
regulations. These findings provide actionable insights for proactive collision avoidance 
strategies, enhancing trust between autonomous and human operators. 

In summary, this research integrates situational awareness, human-mimic navigation, and 
trust into a comprehensive decision-making framework for collision avoidance in MWTS. By 
leveraging knowledge maps, the trajectory predictor, and the trust model, the proposed 
framework provides support for safe and efficient interaction between autonomous and manned 
vessels.  

1.5 Research scope 

The scope is defined by the following considerations: 

(1) To ensure clarity, safety in this thesis refers to navigational safety, focusing on collision-
free vessel operations. Efficiency denotes the optimal utilisation of navigational 
resources, i.e., minimising voyage time. 

(2) This study focuses on Level 3 MASS, which are capable of autonomous navigation and 
collision avoidance. These vessels are supervised remotely, and shore-based operators 
are responsible for monitoring the system and taking control when necessary, especially 
in unexpected or high-risk situations. 

(3) This thesis examines the interaction between autonomous vessels and human-operated 
vessels within mixed waterborne transport where direct exchange of navigational 
intentions is not feasible. The interaction studied in this thesis is defined as a proactive 
response by autonomous vessels to ensure safety and efficiency, relying on observable 
behaviours of nearby vessels to interpret and react to the surrounding navigational 
context. 

(4) Fixed surrounding vessel behaviour: The thesis does not control surrounding vessels in 
real time but considers their interactions as part of the navigational context. Instead, the 
trajectories of surrounding vessels are predefined based on actual AIS data for 
navigation experiments or kept constant across scenarios in situation-aware decision-
making experiments and simulator-based trust studies. In all experiments, the 
surrounding vessel’s behaviour is unaffected by the changes in the autonomous vessel’s 
actions. Real-time control is limited to the autonomous vessel itself. 

1.6 Contributions 

This thesis contributes to advancing the safe and efficient integration of MASS into the MWTS 
through an integrated decision-making framework, which is summarised as follows: 
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(1) An integrated decision-making framework: This research proposes an integrated 
decision-making framework for MASS in MWTS based on a systematic literature 
review, focusing on situational awareness, navigational preference-aware human-mimic 
collision avoidance, and human trust in the decision-making of MASS. Impact: This 
work lays the foundation for coordinated collision avoidance between autonomous and 
manned vessels to reach seamless interaction in MWTS restricted by the exchange of 
navigational intentions. (The systematic literature review and decision-making 
framework design are discussed in Safety and Efficiency of Human-MASS Interactions: 
Towards an Integrated Framework (published in Journal of Marine Engineering and 
Technology [191])). 

(2) Situational awareness through knowledge maps: The thesis introduces a situational 
awareness model based on ontology-driven knowledge maps, enabling the integration 
of multi-source information for dynamic maritime environments. A DWA algorithm 
tailored for 3-DOF vessels further supports real-time collision avoidance. This work 
extends situational awareness by integrating navigational rules with reactive path 
planning, addressing transparency and decision-making challenges in autonomous 
navigation. Impact: The approach enhances MASS’s adaptability and responsiveness 
to dynamic navigational scenarios, improving safety and efficiency outcomes. 
(Methodology and results are presented in Integrating Situation-Aware Knowledge 
Maps and Dynamic Window Approach for Safe Path Planning by Maritime Autonomous 
Surface Ships (published in Ocean Engineering [192])). 

(3) Navigation preference-aware human-mimic collision avoidance: By analysing AIS 
data, the research develops a novel trajectory prediction model that incorporates human 
navigational preferences. The approach integrates past vessel trajectories into a multi-
task learning seq2seq LSTM attention framework to enable preference-aware collision 
avoidance. Impact: The results contribute to proactive and interpretable collision 
avoidance strategies, fostering seamless, safer, and more efficient interactions in MWTS. 
(This contribution is elaborated in Enhancing Collision Avoidance in Mixed Waterborne 
Transport: Human-Mimic Navigation and Decision-Making by Autonomous Vessels 
(under review)).  

(4) Trust Dynamics in Human-MASS Interaction: The thesis models trust dynamics 
between operators and MASS through a Trust Behaviour Network, informed by 
experimental findings on trust evolution during collision avoidance tasks. This work 
introduces both statistical and probabilistic approaches to understanding and modelling 
trust in collision avoidance scenarios, identifying key factors such as evasion timing and 
actions. Impact: The findings provide insights for designing MASS’s decision-making 
systems that align with human operator’s expectations. (The results are detailed in 
Experimental Trust Dynamics Modelling in the Supervised Autonomous Ship Navigation 
in Collision Avoidance Scenarios (under review)) 

1.7 Thesis outline 

The outline of this thesis is shown in Figure 1-1. This thesis is structured into six chapters, each 
addressing key aspects of the research and contributing to the development of a comprehensive 
decision-making framework for collision avoidance in an MWTS. Each chapter corresponds to 
specific research questions (RQs) as outlined below: 

Chapter 1. Systematic Literature Review (addresses RQ1-i, ii). This chapter conducts a 
systematic literature review to evaluate the current state of human-MASS 
interaction, with a focus on safety and efficiency. The analysis identifies research 
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gaps, including situational awareness, human preferences, and human trust. 
Based on these findings, a comprehensive decision-making framework is then 
proposed, integrating these three critical factors to address these gaps.  

Chapter 2. Situational Awareness through Knowledge Maps (addresses RQ2-iii, iv). This 
chapter introduces a situational awareness model based on ontology-driven 
knowledge maps, enabling the integration of multi-source information to support 
navigation decisions. An adaptive DWA local path-planning algorithm designed 
for 3-DOF vessels is developed to facilitate real-time collision avoidance in 
dynamic environments. The proposed decision-making framework incorporates 
DWA with knowledge maps-based situational awareness capabilities, ensuring 
transparent and safe collision avoidance.  

Chapter 3. Human-Mimic Navigation (addresses RQ3-v, vi, vii). This chapter focuses on 
extracting navigational preferences and predicting trajectories for human-mimic 
navigation. Using AIS data, an LSTM-autoencoder combined with K-means 
clustering is employed to classify and analyse ship manoeuvring preferences 
during collision avoidance scenarios. Furthermore, a Multi-Task Learning 
Sequence-to-Sequence LSTM model with attention (MTL-Seq2Seq-LSTM-Att) 
is developed to predict the future trajectories of both the own ship and 
neighbouring vessels. By integrating preference-aware trajectory predictions into 
the decision-making framework, the study achieves safer, more efficient, and 
proactive interactions in MWTS.  

Chapter 4. Trust Dynamics in Collision Avoidance (addresses RQ4-viii). This chapter 
investigates the dynamics of human trust in MASS during collision avoidance 
scenarios. Trust was measured through post-scenario evaluations using a 
quantitative survey and analysed with a linear mixed model to capture stage-
specific trust variations. The findings reveal distinct trust evolution patterns 
across stages, highlighting critical factors such as decision-making strategies and 
timing. A Trust Behaviour Network was developed to model trust dynamics, 
emphasising the critical role of system competence. Diagnostic analysis further 
demonstrated the importance of proactive right-turn strategies with proper 
timings in enhancing trust. These insights provide actionable guidance for 
designing transparent and trustworthy MASS systems that align with observer 
expectations.  

Chapter 5. Conclusion and Future Work. The final chapter summarises the research 
contributions, discusses the practical implications of the findings and outlines 
potential directions for future research. 

 
Figure 1-1 The outline of this thesis 
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Chapter 2. Literature Review & Decision-
Making Framework 

This chapter provides a comprehensive review of the existing research on the interaction 
between human operators and Maritime Autonomous Surface Ships (MASS), with particular 
emphasis on key factors influencing the safety and efficiency of MASS. By addressing research 
questions RQ1-i and RQ1-ii, the chapter examines the state of the art in human-MASS 
interaction and identifies the factors that should be considered in a decision-making framework. 
Building upon the insights and gaps identified in the literature, a decision-making framework 
is developed.1 The chapter is organised as follows: Section 2.1 outlines the methodology and 
approach used to conduct the review. Section 2.2 presents the results of the state-of-the-art 
research. Section 2.3 identifies the findings and gaps and proposes the decision-making 
framework. Finally, Section 2.4 summarises the conclusion.  

 
1 The contents of this chapter have been published in [191]. 
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Figure 2-2 The visualisation of overall co-occurrence analysis of various research themes. 

 
Figure 2-3 The visualisation of co-occurrence among three directions and human-MASS interaction considering safety and 

efficiency. 

Table 2-2 Keywords corresponding to each research question 

No. Keywords Scopus  Web of Science 
1 TS = (“Human” AND (“autonomous ship*” OR “maritime 

autonomous surface ship*” OR “autonomous vessel*” OR “maritime 
autonomous surface vessel*”) AND (“interact*” OR “cooperat*”)” 

AND (“safety” OR “efficiency”)) 

46 29 

2 TS = (“Situation* awareness” AND “human” AND (“autonomous 
ship*” OR “maritime autonomous surface ship*” OR “autonomous 

vessel*” OR “maritime autonomous surface vessel*”)) 

41 30 

3 TS = ((“Autonomous ship*” OR “maritime autonomous surface ship*” 
OR “autonomous vessel*” OR “maritime autonomous surface 

vessel*”) AND (“manned ship*” OR “conventional ship*” OR “ 
manned vessel*” OR “conventional vessel*”) AND “collision 

avoidance”) 

25 28 

4 TS = (“Trust” AND ( “autonomous ship*” OR “maritime autonomous 
surface ship*” OR “autonomous vessel*” OR “maritime autonomous 

surface vessel*”)) 

28 16 

2.2 Review results 

2.2.1 Human-MASS interaction for safety and efficiency 

2.2.1.1 Human factors 

The concept of human complementary in the maritime domain has gained much attention in 
recent years. It involves the collaboration between MASS and human operators to enhance 
safety, efficiency, and overall performance in water areas. The human factor is of paramount 
importance in the successful implementation of human-MASS interaction, particularly in 
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on the vessel in the Arctic environment and highlighted the considerations that need to be taken 
into account when designing maritime navigation systems. Additionally, the unmanned ship 
was focused on investigating possible human benefits and challenges regarding ship safety 
[216]. In this study, situational awareness was discussed, indicating the importance of proactive 
communication between MASS and manned ships in an MWTS. Furthermore, Human takeover 
times during the operation of automated ships were analysed in [188]. The study revealed that 
takeover times are often longer than expected, requiring situation-specific management 
strategies to ensure safe and autonomous operations. 

(3) Trust, Decision-Making, and Human-System Interaction 

Trust between human operators and autonomous systems has been identified as a critical 
factor for successful collaboration. In the study [4], human elements were discussed in the 
MASS, which is remotely controlled. In this study, the author argued that it is critical to keep 
aware of the situation of human operators at RCC, which directly influences the safety and 
efficiency of the MASS. Moreover, it is stressed that the behaviour of MASS would influence 
the behaviour of the conventional ships in an MWTS. Human elements were analysed by [135] 
and [134] for future autonomy, where trust, situational awareness, and training were discussed 
based on interviews. In this study, the relationships among trust, situational awareness, and 
decision-making in the autonomous system were stressed. Moreover, the relationship between 
human trust in autonomy and professional commitment was investigated by [1]. The study finds 
that higher professional commitment correlates with lower trust in autonomy. This study 
highlights the importance of addressing human factors to foster trust in autonomous systems. 

Additionally, challenges in designing the Shore Control Center (SCC) for MASS were 
addressed by [55], with a focus on human-machine interaction. The paper emphasised that 
optimising human-system interfaces is critical for operators to maintain situational awareness 
and make informed decisions in remote environments. Focusing on the mental health effects of 
humans involved in the MASS controlled remotely, the study conducted by [201] investigated 
in-depth human factors. It is found that the difference in situational awareness and trust 
discrepancy between human operators and the autonomous system could lead to high stress on 
humans and wrong decisions accordingly.  

In order to identify potential risks in the scenario of collaborative human-MASS navigating, 
a method of scenario analysis was applied on a virtual remote manoeuvring platform for MASS 
[83]. With that method, human factors related to potential risks within human-MASS interaction 
can be found effectively by observing the reaction of participants. Accordingly, decision-
making can be considered in the ship design phase in advance for remote-controlled MASS. 

(4) Risk Assessment and Operator Error Analysis 

Risk assessment and operator error analysis are critical for enhancing the safety and 
reliability of MASS. Numerous studies have explored the two aspects, aiming to develop 
models and methods that mitigate the risk of human error and improve system performance. 

In terms of risk assessment, several studies have utilised advanced analytical methods to 
evaluate the risks associated with human factors in MASS operations. For instance, The study 
by [103] applied a Bayesian network method, identifying that human factors interactions and 
operator issues are the main factors leading to accidents. Similarly, By using Evidential 
Reasoning and a Rule-based Bayesian Network, risk levels of main hazards on MASS were 
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assessed for MASS by [28]. It is stressed that the risk from the interactions for MASS within 
an MWTS and human failure on MASS should receive more attention. Additionally, the study 
by [203] evaluated the applicability of the existing 64 risk models for MASS, revealing that 
none of them are fully suitable for direct use. This study highlights the need for new models 
that incorporate multiple considerations like software performance, control algorithms, and 
human-machine interaction, as mentioned in the study, to ensure the safety of autonomous 
vessels. 

When examining operator error analysis, several studies have focused on the vulnerabilities 
and potential failures in human interactions. For example, the study by [174] explored potential 
human failure events within RCC operations, revealing that human errors can occur due to 
system alert failures, remote operations, and ship takeover processes. Furthermore, to 
investigate potential human failures in MASS during collision avoidance scenarios, a task 
analysis methodology complemented by a cognitive model is employed to outline collision 
avoidance procedures facilitated by human operators [2]. This study illustrates how the 
integration of human interventions with autonomous system capabilities can navigate threats 
effectively, emphasising the critical role of human oversight in emergency situations. Moreover, 
the potential human failures were also discussed by [173] with a method of Fault Trees, where 
failure events that occurred in human-MASS interaction could be identified and predicted. 

Additionally, the study by [118] utilised an approach of the Success Likelihood Index 
Method under interval type-2 fuzzy sets to identify the possible errors of human-MASS 
interaction with the human operator remotely and MASS. The results of the study provide 
insights into the human factors (i.e., Stress, task difficulty, level of preparation (preparation), 
experience level (experience), fatigue, event-related factors (event factors), etc.) that can 
contribute to operational errors in autonomous ships. Furthermore, techniques and challenges 
of human and organisational factors in the maritime domain were analysed by [229]. In this 
study, it is stressed that human factors that may influence ship safety would also widely exist in 
future transport. For example, the possible high stress of human operators could be caused by 
the remote supervision of multiple vessels at a time and the failure of the collaboration between 
conventional ships and MASS with different degrees of autonomy. 

Similarly, the critical role of the human element in autonomous maritime navigation was 
explored in the study [210]. The work underscores the persistence of human errors not just 
operationally but also in the design and remote control of both unmanned and manned vessels, 
highlighting the potential for autonomous ships to alter seafarer behaviour on manned ships, 
posing additional risks. Furthermore, the research by [39] examined human errors in human-
autonomy collaboration in autonomous ships, particularly in collision avoidance scenarios. 
Using the human reliability analysis method and virtual experiments, the study identifies key 
performance-shaping factors influencing human errors. It contributes to understanding human 
factors in MASS operations, which is crucial for improving safety and efficiency. 

(5) Technologies for Improving Operator’s Situational Awareness 

Various technologies have been employed to enhance operator situational awareness. It is 
pointed out by [56] that the transparency of dynamic systems varies with the levels of situational 
awareness, arguing that human trust in an autonomous system should be calibrated to reach 
efficient cooperation. In addition, in the study by [215], an Immersive Virtual Reality method 
was used to evaluate the human experience on a MASS and a manned ship. In this study, the 
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factors of trust, stress, and perceptual risk from human operators were measured under various 
scenarios regarding environmental settings by means of a post-hoc questionnaire for a 
comparison between the MASS and manned ships. Similarly, in the study by [208], Augmented 
reality and Virtual reality were explored as a means of training seafarers for the remote operation 
of autonomous ships. The study highlighted the importance of equipping operators with the 
necessary skills to manage complex systems remotely, suggesting that these training methods 
could improve safety and operational efficiency in the autonomous maritime environment. 

Research on human factors has highlighted the essential role of human oversight in MASS 
operations. This encompasses the collaboration between MASS and human operators to bolster 
safety and performance. Studies emphasise that while automation is advancing, human 
situational awareness and the establishment of trust are critical for safety. The research spans 
various dimensions, including cultural and social aspects affecting remote operations and 
emphasises the need for effective communication strategies. A key point is the evaluation and 
calibration of human trust in autonomous systems, which aligns with the enhancement of 
situational awareness and underscores the importance of incorporating human factors in the 
design phase to mitigate potential errors and stress-induced decisions. These findings highlight 
the critical nature of human oversight and the interplay between human operators and MASS. 

2.2.1.2 Available techniques supporting the autonomy of MASS 

The development of autonomous systems for MASS relies on a range of techniques to ensure 
efficient decision-making and collision avoidance. The available techniques can be broadly 
classified into two categories: sensor integration and communication for situational awareness 
and collision avoidance algorithms. Each plays a crucial role in enhancing the situational 
awareness, operational safety, and autonomy of MASS. 

(1) Sensor Integration and Communication for Situational Awareness 

Advances in sensor technology form the backbone of MASS situational awareness, 
providing essential data for navigation and operational safety. The sensors that are available for 
situational awareness of MASS were reviewed by [205], where how to fuse sensor data using 
AI technologies was discussed. Additionally, rule-based approaches represent another important 
way to improve situational awareness and further collision avoidance [88] [246]. Furthermore, 
The study by [239] focused on a rule-based method to analyse maritime traffic, which can 
enhance situational awareness among traffic service operators. Another specific method to 
enhance situational awareness is the ship domain model, which helps define safe operational 
spaces for vessels. The study by [225] introduced a model where the declarative domain 
represents a theoretically safe area, while the effective domain reflects real-time human 
decisions based on situational factors. 

Communication systems are vital to enhancing situational awareness, especially in an 
MWTS. For example, an efficient procedure of intent exchange between MASS and 
conventional ships in an MWTS was given by [153]. This paper argued that communication is 
necessary for situational awareness of ships for a clear and rule-compliant interaction when the 
collision risk is higher than the predetermined threshold that is set for triggering information 
exchange. Additionally, the study by [154] introduced a process map for collision avoidance 
based on information exchange between autonomous vessels and manned ships. The study 
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found that autonomous ships can avoid collisions more safely by exchanging navigational 
intentions with other vessels rather than acting independently. 

Moreover, e-Navigation is another critical technology for enhancing situational awareness. 
E-Navigation is the integration of navigation systems, information exchange, and 
communication technologies. The principles of e-Navigation include safety, efficiency, 
interoperability, and so on. In the study [167], e-Navigation is suggested as a way to solve the 
interaction between MASS and conventional ships in an MWTS. A novel concept of Moving 
Havens was introduced in that paper to enhance traffic safety. Besides, the study conducted by 
[6] suggested applying e-Navigation to improve the collaboration performance of ships, 
especially for collaborative collision avoidance. Based on the analysis of the benefits of e-
Navigation for conventional ships and the feature of collision avoidance between MASS, an 
innovative strategy was proposed, that is, combining those two to improve traffic safety. 

(2) Collision Avoidance Algorithms 

Various computational models and algorithms have been developed to ensure that MASS 
can autonomously avoid collisions in real-time. One of the foundational approaches to collision 
avoidance in MASS relies on traditional rule-based systems, which are often grounded in 
established maritime regulations such as COLREGs. These algorithms typically focus on 
ensuring compliance with navigational rules by encoding expert knowledge into decision-
making processes. For instance, the study by [243] proposed a ship decision-making model for 
collision avoidance by integrating expert experience and prior knowledge with a Bayesian 
Network, ensuring reliable navigation safety. Similarly, as noted by [217], the refinement of 
rule-based methods enables MASS to dynamically interpret traffic conditions, improving 
decision-making in real-time and supporting safer autonomous operations. 

To further emulate human-like decision-making, the study by [14] employed a Fuzzy Logic 
approach to evaluate compliance with COLREGs. This method allows MASS to process 
navigational situations through a human lens, enabling more flexible interpretations of the rules 
and ensuring safer navigation in complex environments. These approaches, while effective in 
structured and rule-defined scenarios, often face challenges when dealing with highly dynamic 
or multi-vessel environments. Furthermore, to investigate how human navigators interpret the 
term “safe speed” in the COLREGs, a study was conducted by [47]. This study stresses that 
navigators assess speed based on situational control rather than fixed metrics. This dynamic 
interpretation presents a challenge for autonomous ships, which must be programmed to 
understand and apply human-like decision-making to comply with maritime regulations and 
operate safely alongside conventional vessels. 

In contrast to rule-based methods, data-driven and adaptive learning approaches focus on 
the ability of MASS to learn from the environment and continuously adapt their decision-
making processes. Machine learning, particularly deep reinforcement learning, plays a key role 
in these techniques. For example, the work by [247] introduced an Artificial Potential Fields 
(APF)-Deep Reinforcement Learning (DRL) method for collision avoidance. This approach 
combines APF with an ontology-based system for classifying encounter scenarios, allowing 
MASS to optimise decision-making while remaining compliant with COLREGs. Expanding on 
the APF methodology, the study conducted by [133] used a method of modified APF for MASS. 
It was demonstrated how the algorithms performed in the scenario of encountering a single 
surrounding vessel, as well as multiple surrounding vessels, considering a COLREGs-



18 Chapter 2 Literature Review & Decision-Making Framework 

 

constrained strategy and a reactive avoidance strategy in case of a violation from the 
surrounding vessel. Similarly, a DRL model is applied to multi-ship collision avoidance [223]. 
The study divided encounter situations into four regions based on COLREGs, transforming 
navigational goals into corresponding rewards, such as collision avoidance and path following. 
This method allows MASS to navigate safely in environments with multiple vessels, further 
highlighting the capabilities of adaptive learning systems in complex and multi-agent scenarios. 

Hybrid optimisation and predictive approaches combine the strengths of traditional rule-
based methods with advanced computational techniques to enhance decision-making in 
uncertain environments. These approaches often involve optimisation algorithms and predictive 
models that allow MASS to handle dynamic obstacles and multiple surrounding vessels 
scenarios more effectively. For instance, a greedy interval-based motion planning model was 
proposed by [66] based on the Velocity Obstacle method. This method enables MASS to 
navigate efficiently while predicting the movements of surrounding vessels, making it an 
effective solution for avoiding both stationary and dynamic obstacles in maritime traffic 
systems. 

In terms of risk-based decision-making, a risk-aware approach by incorporating a risk 
evaluation model was introduced into a DRL framework by [82]. This method enables MASS 
to balance between path-following and collision avoidance behaviours dynamically, adapting 
to the level of risk present in real-time maritime scenarios. The study showed great 
improvements in decision-making capabilities when navigating complex environments, 
particularly in high-risk situations. Additionally, to address the uncertainties present in mixed-
obstacle environments, the study [252] introduced a decision-making model that combines a 
Partially Observable Markov Decision Process (POMDP) with Proximal Policy Optimization 
(PPO). This hybrid approach proved to be more effective than conventional algorithms in 
enhancing navigational safety, as it allows MASS to make more accurate decisions in uncertain 
and partially observable environments. 

Another hybrid approach was developed by [230], who proposed a proactive decision-
making model that integrates human risk preferences into the navigation process. In this model, 
human preferences for risk, such as aggressive, neutral, or cautious approaches, can override 
autonomous decisions. This allows MASS to make flexible and adaptive decisions based on the 
risk tolerance of the human operator, ensuring that navigation is both safe and efficient under 
varying conditions. Furthermore, in scenarios where MASS operates alongside manned vessels, 
human-machine interaction becomes a key area of focus. Human-machine integration 
approaches aim to combine human judgment and preferences with the autonomous capabilities 
of MASS. For example, A study utilising a maritime simulator to evaluate the available 
algorithms was carried out by [207], where the decisions made by human navigators and the 
autonomous navigator driven by algorithms were compared. The scenarios in this study 
considered the interaction between MASS and manned ships, providing a potential approach 
for future research and testing on the interaction in an MWTS with different competencies of 
human operators. 

Additionally, the work by [47] explored the challenges of programming MASS to interpret 
and apply the concept of safe speed in the context of COLREGs. The study highlighted that 
human navigators assess speed based on situational control rather than fixed metrics, which 
presents a challenge for autonomous ships. MASS must be able to replicate this dynamic 
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decision-making process to operate safely alongside conventional vessels. Moreover, a Double 
Deep Q Network (DDQN) that integrates human experience with COLREGs was developed by 
[238] for collision avoidance. This system allows MASS to learn from human navigational 
practices, enabling rule-compliant and efficient decision-making. The DDQN model helps 
improve safety by learning how human operators react in real-world environments and applying 
similar decision-making strategies autonomously. In order to improve the capability of collision 
avoidance of MASS, the study conducted by [93] provides adaptive collision avoidance systems 
(CAS) to enable the MASS to avoid collisions with manned ships in an MWTS. By focusing 
on the surrounding vessel’s manoeuvring behaviours, particularly the manned ships, a 
simulator-based method was used to collect the navigational data that would be used to adjust 
the sensitivity of CAS collision avoidance. 

Investigations into MASS autonomy have concentrated on the development of sensor 
integration, communication systems for situational awareness, and collision avoidance 
algorithms. These tools are crucial for maintaining situational awareness and executing collision 
avoidance strategies. The analysis indicates a focus on designing algorithms that not only 
comply with maritime regulations such as COLREGs but also incorporate human operation 
practice in decision-making processes. The emerging theme is a concerted effort toward systems 
that balance autonomy with human-like responsiveness, emphasising the need for seamless 
human-machine interaction. 

2.2.1.3 System analysis and design for human-MASS interaction 

This chapter reviews the frameworks and methodologies proposed in the literature aimed at 
developing systems for human-MASS interaction. The approaches discussed cover various 
requirements of the MASS system, as well as the implementation of system designs that ensure 
both operational safety and efficiency. 

(1) Systems Analysis of MASS  

Research on the systems analysis of MASS has focused on constructing frameworks for 
human-MASS interaction. Two kinds of design in human-robot interaction (HRI) serve as the 
basis for developing frameworks for human-MASS collaboration: Human Emulation and 
Human Complementary [61]. While human emulation focuses on mimicking human decision-
making processes, human complementary approaches combine and utilise both human and 
computer abilities. MASS, regarded as a robot for executing different procedural tasks, is closer 
to the human complement [90]. There has also been some work with the human emulation 
approach, such as a human-like knowledge base for the autonomous ship on the basis of expert 
experience for autonomous ships [12] [108] [109]. It was concluded that both kinds of 
approaches are feasible for MASS. 

Several studies have explored these frameworks in detail. For instance, the study [211] used 
field study observations, semi-structured interviews, and theoretical sampling to investigate a 
design of collaboration work in the control room by advocating for a collaborative approach 
that leverages the strengths of both human and AI components. This study suggests that training 
and certification programs are necessary to equip navigators with the skills required for human-
AI collaboration. Similarly, the study by [13] developed a data-driven method to create realistic 
test scenarios for testing MASS. By using large-scale traffic data from AIS, digital maps, and 
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vessel registries, the study constructs complex navigation scenarios that simulate real-world 
conditions such as collisions, grounding risks, and vessel-to-vessel interactions. 

It is worth noting that transparency is an important factor that has been the focus of various 
studies on the framework of human-MASS interaction. A framework for human-automation 
interaction was presented in [169], focusing on automation transparency. The study proposed 
interface designs that allow operators to quickly regain situational awareness in emergencies, 
ensuring timely intervention and enhancing overall safety. Besides, Automation transparency 
was also examined by , where the authors proposed methods for MASS to communicate their 
state and intentions to nearby vessels and stakeholders. The research concluded that improving 
transparency is key to ensuring safe navigation and interaction between autonomous and 
manned vessels. The study proposed interface designs that allow operators to quickly regain 
situational awareness in emergencies, ensuring timely intervention and enhancing overall safety. 
Moreover, focusing on improving human supervision of autonomous collision avoidance 
systems by enhancing agent transparency, the study by [144] identified specific situational 
awareness requirements and cognitive activities needed to verify agent performance. 

Furthermore, safety concerns are important in autonomous system designs. In the study [44], 
a sovereign-based control system design integrates human supervision, where decision-making 
starts with situational awareness and ends with actions executed by the human operator. Other 
studies, such as [105], explored safety challenges for MASS related to the interaction between 
MASS and conventional ships with varying degrees of autonomy. For example, Technical 
challenges (malfunction, communication interference, cyber threats, as noted by [127] [24], 
environmental challenges (adverse weather, limited visibility, dynamic navigational conditions), 
and human-related challenges (responsibility confusion, human competence, human error), can 
all pose safety risks for autonomous ships in mixed navigational environments. The safety of 
interactions between humans and systems was analysed by [38] for the MASS controlled or 
supervised by the operator at the shore control centre. The study proposed an approach that 
integrates the human cognitive model and system theoretic process analysis to identify safety 
risks. 

With respect to the system analysis of ship collision avoidance, the study by [88] reviewed 
the methods of collision avoidance for ships, where the strategy discrepancy of collision 
avoidance was pointed out. It is suggested to enable the MASS to be user-friendly for human 
operators by exploring the functions in conventional vessels. In addition, a decision-making 
framework of collaborative collision avoidance for MASS and manned ships was proposed by 
[6]. The study takes advantage of the communication and cooperation between ships and the 
shore control centre to accurately predict and avoid collisions, utilising real-time data from 
various sources, including ship sensors and global navigation satellite systems, to provide a 
comprehensive view of the navigational environment. Furthermore, the paper by [104] provided 
a methodology for legally correcting collision avoidance actions according to COLREGs by 
utilising a decision-making tree and quantitative analysis methods for COLREGs. It offers a 
framework for legal compliance in collision avoidance between autonomous and manned ships. 
Besides, considering the issues of information acquisition and situational awareness that may 
arise in an MWTS, several potential proposals were discussed by [176] in relation to Vessel 
traffic management, Traffic separation schemes, etc. 
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In addition, several other approaches have also been employed for the autonomous system 
of MASS. In [165], a fuzzy logic approach was introduced to define levels of automation in 
MASS. The study aimed to address the imprecision in the current level of automation 
taxonomies and proposed a clearer framework to improve the interaction between human 
operators and autonomous systems. Furthermore, in the work by [171], the authors argued that 
the tasks of humans and the system are changeable, with the level of autonomy of the MASS 
being different. Using the human-system interaction in autonomy method, tasks involving 
monitoring ship status and surroundings and evaluating potential risks were examined for 
human-MASS collaboration in collision avoidance scenarios. Additionally, a System Theoretic 
Process Analysis was applied by [213] to determine the relationship between the hazards and 
the degree of autonomy of MASS. A key finding of this study is that situational awareness could 
fail due to the failure of the sensors, which supports that the design of humans in the loop and 
redundant sensors for situational awareness are necessary for MASS. Additionally, the 
resilience of MASS was discussed in [60], where human-MASS interaction was included. It is 
highlighted that the situational awareness of MASS contains several types: navigational 
awareness for safe navigation, operational awareness for information sharing, and distributed 
situational awareness for collaborative navigating on a remote-controlled ship. Moreover, a 
Bayesian belief network was applied in [202] to assess human-automation collaboration 
performance on unmanned underwater vehicles. In this study, the capability of situational 
awareness and the reliability of the autonomous system are suggested to support a smooth 
collaboration. 

Additionally, a human-machine model was given by [59] to evaluate seafarer competencies 
in automated systems. It emphasises the importance of training and assessing human factors to 
ensure safety in maritime operations. Functional requirements for Onshore Operation Centres 
supporting autonomous ships were outlined in [3]. The study discussed the technological, 
navigational, and operational needs of Onshore Operation Centres, concluding that robust 
communication technologies and real-time monitoring are essential for supporting safe and 
efficient vessel operations. 

Moreover, risk assessment frameworks were also proposed for MASS. In [162], a high-level 
risk analysis of autonomous vessels was conducted, combining simulation-based testing with 
safety assessments. The study demonstrated that systematic testing is vital to mitigate potential 
risks before full-scale deployment, ensuring the safety and reliability of ship automation 
systems. A framework for analysing risk coupling in different operational modes of MASS was 
proposed by [58], focusing on the interaction with the environment and internal and external 
systems related to MASS. The study identified that 15 common failure modes could be 
classified into the risk factors related to humans, organisations, ships, environments, and 
technology, with the example of grounding accidents. 

(2) Implementation of System Design 

Human-centred design methods prioritise human needs and capabilities in the design of 
MASS systems. For instance, the study conducted by [212] outlines a process that includes user 
analysis, requirements specification, system design, and evaluation, ensuring that the designs 
align with operator expectations and capabilities. Another innovative approach was the 
introduction of the “ship immune system” proposed by [214], which highlights adaptive risk 
management strategies that anticipate and mitigate potential risks in real time, supporting the 
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safety of MASS operations. Additionally, integrating AI in marine navigation is key to 
improving human-MASS collaboration. The study conducted by [211] investigated the 
integration of AI in marine navigation, underscoring the discrepancy between designers’ and 
navigators’ perspectives on human-AI collaboration. It suggests designing AI systems that 
incorporate social cues that articulate human work and that visualise computational activities to 
better support human cooperation. 

In the realm of collision avoidance, various systems have been developed by integrating 
human and machine intelligence. A collision avoidance system was designed by [88], where 
human operators playing various roles within different navigational scenarios were discussed 
in detail. This system supports the MASS in making correct and reliable decisions for 
cooperative MASS navigation. In [140], a decision-making system was also designed for safe 
and efficient navigation of MASS, consisting of five components: real-time data collection and 
processing, decision-making algorithms, human-in-the-loop decision-making, communication 
and information exchange, and human-AI collaboration. 

Literature on system design and analysis points to the importance of integrating human 
insights and advanced technology to ensure safety and efficiency. It focuses on enhancing 
transparency and situational awareness within autonomous maritime systems through the 
development of collaborative frameworks that balance human and machine capabilities. These 
systems are crucial for enabling effective communication and decision-making between 
manned and autonomous vessels, emphasising the need for adaptive risk management strategies 
and human-centred designs to address the dynamic complexities of the MWTS.  

2.2.1.4 Potential requirements for human-MASS interaction regarding regulations 

The successful implementation of MASS within existing maritime operations hinges not only 
on technological advancements but also on regulatory and human competency adaptations. 

(1) Regulatory Framework Development 

In recent years, IMO has been exploring the amendment of IMO standards for MASS based 
on the current standards. That means MASS not only pursues high efficiency and lower risks 
of navigation but should also comply with existing regulations at least as successfully as the 
conventional ship. Therefore, safety and efficiency [205] are the primary goals for MASS. 

Regarding compliance with regulatory standards, the study by [158] emphasises the 
regulatory requirements to ensure safe and secure MASS operations. 

With respect to the amendment of COLREGs, the study by [166] emphasises the ambiguity 
in terminologies within COLREGs, which may lead to discrepancies in communication 
between MASS and traditional vessels. Possible solutions, namely increasing the transparency 
of actions, were discussed, as well as improving safety and efficiency. 

(2) Human Competency and Skill Development 

Incorporating MASS into maritime operations also requires a shift in the skills and 
competencies of human operators, particularly those working in Remote Control Centres. 
Several studies highlight the need for continuous development in human oversight skills as 
automation becomes more integral to maritime navigation. 
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The study [94] emphasised the importance of human factors in MASS operations, 
identifying key skill sets required for operators managing highly automated systems. The 
research concluded that the continuous development of human competencies is essential for the 
successful integration of autonomous technologies in maritime operations. With a systematic 
literature review, several findings came up in [209]. In particular, the human operator plays the 
role of more than a backup regarding MASS safety, and new competency requirements need to 
be improved for human operators at RCC to deal with emerging issues. 

Furthermore, a study analysed and explored possible competency requirements for remote 
operators at RCC by [237]. By conducting an interview, potential threats were found, and thus, 
additional requirements were suggested to be satisfied by operators for safety-critical 
supervision of MASS. For example, the ability to recognise necessary information from a 
display of equipment and other items at RCC under restricted conditions and the ability to 
confirm the accuracy of the information obtained from restricted ship sense, radar display and 
other items. 

The successful integration of MASS into maritime operations depends on a multi-faceted 
approach that encompasses regulatory framework development, human competency 
enhancement, and improving transparency in autonomous systems. Research shows that 
updating international regulations, such as COLREGs, is crucial to ensuring the safe operation 
of MASS. Equally important is the ongoing training and development of human operators, who 
play a central role in overseeing autonomous systems. In parallel, fostering transparency in 
MASS operations, particularly in high-risk scenarios like collision avoidance, is essential for 
preventing misunderstandings and ensuring cooperative interactions between autonomous and 
manned vessels. 

Research in human-MASS interaction focuses on four domains: human factors, support for 
MASS autonomy through technological advancements, system analysis and design for human-
MASS interaction, and potential regulatory requirements. These studies highlight the necessity 
of enhancing interactions between MASS and human operators from various perspectives. 
Collectively, these studies reveal a critical perspective: It is essential to ensure safe and efficient 
collaboration between humans and autonomous systems. A detailed analysis of the research is 
given in Section 2.5.1. 

2.2.2 Focusing on situational awareness of MASS 

Ensuring safety is a major concern in the maritime industry, particularly important across 
various operational states such as underway, anchoring, or mooring. The underway state, in 
particular, requires detailed attention due to its dynamic and complex navigational challenges. 

Situational awareness is fundamental to maintaining safety under these conditions. The 
concept was proposed by [56] to describe what is happening, what it means, and what might 
happen next. This framework includes perception, comprehension, and projection as its core 
components. 

In the maritime domain, research related to situational awareness has focused on four topics, 
as presented in Table 2-4: Architecture development of SA, Investigation of SA requirements 
for MASS, Enhancement of SA comprehension and projection capabilities, and Quantification 
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of SA. Three types of methods have been employed to explore those topics, including literature 
reviews, algorithm-based approaches, and mathematical models. 

Recent research has increasingly focused on the situational awareness challenges in human-
MASS interactions, especially as human operators transition to supervisory roles over 
autonomous vessels. The study [158] investigated the challenges of the SA of MASS through a 
questionnaire that gauged seafarers’ experiences across different human operational modes. 
Focusing on a similar problem, the research [144] explored potential solutions to enhance 
human operators’ understanding of autonomous systems, advocating for greater transparency 
in autonomous behaviours to facilitate adaptation to supervisory roles. 

The studies conducted by [130][132] highlighted the importance of SA of MASS by 
drawing parallels between challenges in MASS and uncrewed aerial vehicles, suggesting that 
lessons learned in aviation could inform maritime operations. A distributed situation awareness 
framework for a mixed waterborne transport system was proposed by [194], suggesting 
improvements through the integration of service information, which could lead to a more 
interconnected navigational environment. Additionally, a study examining the impact of 
immersion levels on SA and human trust was conducted by [70] using virtual reality, revealing 
how immersion of instruments influences human operators’ perception and decision-making 
process. 

Despite extensive research into SA for both conventional and autonomous maritime vessels, 
there is a gap in foundational studies that specifically address the SA principles necessary for 
MASS operation within an MWTS. These principles are essential for the development of 
decision-support systems that support the navigational needs of MASS, including (1) 
Perception of elements in the environment within a volume of time and space, (2) 
Comprehension of their meaning for supporting MASS’ navigation, and (3) Projection of the 
situation for MASS in the context of MWTS. The need to develop comprehensive models that 
integrate all elements of situation awareness is critical for creating reliable and transparent 
systems that can support proper trust levels among human operators, MASS, and services. This 
issue, along with proposed solutions to bridge the gap, will be further discussed in Section 2.4.3. 

2.2.3 Implications on decision-making for collision avoidance 

Based on proper situational awareness, good decision-making can be obtained, as stated in [57]. 
Many studies have investigated the fully autonomous MASS decision-making [95] [20], for 
example, path planning [253] [248], ship control [80] [250], trajectory tracking [79] [249], and 
multi-vessels cooperation [30] [51] [50]. They promote the MASS to be more autonomous and 
further as a teammate of human operators in the human-MASS team to perform tasks 
independently or collaboratively.  

In terms of collision avoidance decision-making for MASS within an MWTS, a summary 
of applications is given in Table 2-5. It can be found that most studies considered the COLREGs 
to force the MASS to avoid collision with manned ships. It is worth noting that the surrounding 
vessels set in their experiments are often regarded as vessels keeping course and speed the same 
without combining the human experience, such as preference, which is unrealistic in practice. 

For this reason, some studies consider human operators’ navigational data to improve the 
capability of collision avoidance of MASS. For example, the research conducted by [93] 
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analysed and extracted seafarers’ manoeuvres and tested the collision avoidance system of the 
unmanned vessel with the extraction results. The study of extracting navigational features of 
manned ships from AIS data was investigated by [119], the results of which were applied to 
train MASS through the reinforcement learning method. These studies have contributed to the 
enhancement of MASS’s capability to avoid collisions in an MWTS. 

In the field of human-robot interaction, many scholars tried to model human behaviour for 
robot inference and prediction [206] [69] [196], which can be referenced in the context of the 
navigation of MASS in an MWTS. For example, search and rescue [21] [226], human-multi-
robots collaboration [178], and so on. Among them, the mainstream is the application of 
decision theory in economics on HRI [113]. Specifically, the focus is to obtain a suitable model 
to depict the human decision process, such as the noisily rational model [111] and the risk-aware 
model [98]. In terms of these models, there are several kinds of methods to solve, for example, 
inverse reinforcement learning [69] [157] and reinforcement learning [123] [180]. A summary 
of the results of human models for decision-making is given in Table 2-6. 

In conclusion, in current research, there is a noteworthy gap in addressing the navigational 
preferences of manned vessels within complicated maritime environments. Most studies tend 
to model surrounding vessels as operating on simulated trajectories and improve the capability 
from the perspective of evasive algorithms, which ensure navigational safety between manned 
ships and MASS. While the MASS is equipped with robust collision avoidance capabilities, the 
real challenge lies in proactive engagement during the avoidance phase. Proactive collision 
avoidance is key to maritime safety, as passive avoidance strategies may lead to 
misunderstandings of navigational intent, potentially resulting in new collision conflicts. 
Therefore, it is essential to incorporate a model of human navigational preferences and decision-
making processes. This would enable autonomous systems to predict and adapt to the 
manoeuvres of manned vessels more effectively, ensuring smoother and safer interactions. 

2.2.4 Trust in human-MASS collaborative navigation 

The introduction of MASS aims to augment maritime safety by minimising human error, a 
critical factor in maritime incidents. Nevertheless, this does not negate the essential role of 
human operators. Instead, it transforms it by positioning it as a critical overseer for autonomous 
operations. This model leverages human judgement alongside autonomous technology to 
strengthen safety protocols. Therefore, the efficacy of MASS hinges on human operators’ trust 
in these systems’ situational awareness and decision-making capabilities, ensuring they can 
intervene when unexpected challenges arise [2] [138].  

Trust in HRI is a priority topic that is gaining increasing attention in human-robot 
collaboration. With properly aligned trust, humans as supervisors can decide in time on the 
actions to be taken based on the belief in the robot. Trust is defined in [107] as a 
multidimensional latent variable that mediates the relationship between events in the past and 
the former agent’s subsequent choice of relying on the latter in an uncertain environment. Trust 
refers to the function of successful and proven operations that are assessed by human operators 
from the perspectives of social norms and technology acceptance in [134]. In that study, human 
trust is extracted through interviews about the potential impact of autonomous technologies, 
where 10 participants from both academia and industry were recruited to respond to questions 
related to their trust in autonomous ships. 
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Several studies indicated that the more human operators understand the robot’s decision-making 
process, the more properly aligned trust they have in the robot [236]. Therefore, better 
performance for MWTS can be obtained if each vessel within the current WTS can interact with 
one another to share its intentions to avoid misunderstandings. Properly aligned human trust in 
the autonomous system’s true capabilities is the foundation of high-performance human-system 
teaming. Both over-trust and under-trust are undesirable in HRI, which may lead to poor 
collaboration performance [107]. In an MWTS, likewise, there will also be the collaboration 
between humans and MASS, such as MASS auto-docking at a conventional berth, collision 
avoidance for the conventional ship and the MASS, and so on, where trust is a critical factor to 
be considered affecting the collaboration performance [209]. An overall summary of the 
research results of human trust in the autonomous system of MASS is given in Table 2-7. 

For the sake of ship safety, humans can generally take over control of the MASS in 
emergency situations that the MASS cannot handle. Due to cognitive differences, humans may 
diverge when encountering certain new situations. In addition, seafarers on board the ship and 
managers at RCC have differences in the level of trust in sensors [219], which may lead to a 
discrepancy in situational awareness. In order to obtain good and seamless collaboration and to 
further reduce the human workload, it is desirable that the MASS take reasonable and human-
satisfactory actions. That is, the autonomous system of MASS is supposed to be safe, reliable, 
and trustworthy [209]. 

Taking human trust into account, recent research has focused on the impact of human trust 
on the performance of the MASS system. As discussed in Section 3.2, the impact of human trust 
on the decision-making process of MASS and human operators is highlighted by [131], [132], 
[158], [70] and [1], which should be considered carefully in the design of MASS and seafarers 
training. The research by [25] investigated seafarers’ trust in the autonomous system of 
unmanned vessels through interviews with 100 seafarers with varying navigational experiences. 
The results indicated that trust discrepancies existed among participants, with higher-ranking 
participants having similar perceptions of autonomy as those with less experience. 

In conclusion, increasing attention is being given to the role of human trust in the context 
of human-MASS interaction, particularly regarding its integration into decision-making 
processes. However, this area of research has not yet been extensively developed and requires 
more focus. Effective integration of human trust is essential for ensuring safety and efficiency 
in the MWTS. Further research is necessary to understand and implement trust evaluation 
within MASS operations, promoting better collaboration between human operators and 
autonomous systems. 
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2.3 Synthesis and identified gaps 

In the context of waterborne transport, the safety of the ship is of utmost importance and must 
be prioritised over any other objective. However, to meet the expectations of various 
stakeholders such as ship companies, seafarers, and other service providers, it is also crucial to 
improve the efficiency of the system. 

Table 2-7 Overview of human trust in the autonomous system of MASS 

References Methods Parameters Outputs Setting 

[215] 

Immersive virtual 
reality & post-

session 
Questionnaires 

Beliefs and 
observations of the 

robot’s 
surroundings, goals, 

actions, etc. 

Trust values 
Evaluating human 

experience on a MASS 
and a manned ship 

[209] Literature review  
The importance of trust 
in the human-autonomy 

interaction system 

Human-autonomy 
collaboration 
performance 

[42] Survey  
The importance of trust 
in the human-autonomy 

interaction system 

Interoperability of 
multiple Unmanned 

Marine Vehicles 

[202] Bayesian belief 
network 

Object status, reward 
function 

Human interference 
rate 

Assessing human-
autonomy 

collaboration 
performance 

[135] 
[134] Interview  Potential effects of trust Exploring the potential 

effects of MASS 

[201] Survey  The impact of trust on 
human stress 

Mental health effects 
on the MASS 

[158] Questionnaires  Training needs Maritime operations, 
remote operations 

[1] Questionnaires 
Professional 

commitment, age of 
officers 

Trust values 

The relationship 
between Professional 

commitment and Trust 
in autonomy 

[132] Literature review Decision-making 
factors 

Design 
recommendations for 

MASS 

Remote Control 
Centre operations 

[131] Interview  

Key topics related to 
human trust in the 
decision-making 

process 

The decision-making 
operation of the 

MASS investigation 

[25] Interview  Trust levels The investigation of 
trust in autonomy 

[70] 
Simulated RCC 

interfaces, Virtual 
Reality 

Levels of Immersion 
in HMI Trust in systems 

The effect of 
immersion on the trust 
level of RCC operators 

[10] Interview  Passenger trust in 
ferries 

Trust in the use of 
autonomous urban 

ferries 

It is noteworthy that various research topics that were previously studied independently 
must be considered in a more holistic manner in the MWTS. These include the situational 
awareness required to support the safe navigation of MASS, navigational preference-aware 
collision avoidance of MASS and conventional ships, and the assessment of human trust in the 
autonomous systems of MASS. All of these topics are interrelated. 

There are still several findings and gaps in the existing state of the art, as well as gaps of 
knowledge, as detailed below. 
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(2) Navigational Preference-aware Collision Avoidance in an MWTS: There is a gap in 
research addressing the navigational preferences of manned vessels within complicated 
maritime traffic scenarios. Most existing studies simulate surrounding vessels on fixed 
trajectories and focus on enhancing the evasive algorithms of MASS. An evasive model 
involving the navigational preferences of manned ships in collision avoidance is crucial 
for ensuring navigational safety, which can provide proactive and mutually 
understandable navigation strategies within the MWTS. 

(3) Trust evaluation and modelling in Human-MASS Interaction: Efficient 
collaboration between human operators and MASS relies on a proper level of trust. 
Current research does not sufficiently cover trust evaluation and modelling 
methodologies between human operators and MASS. Developing robust mechanisms 
for trust calibration is essential to ensure balanced human oversight and autonomous 
operation (neither under-trust nor over-trust), enhancing teamwork and safety in the 
MWTS. 

2.3.3 Limitations 

Despite the comprehensive literature review employed in this chapter, several limitations should 
be acknowledged, which may have impacted the findings and interpretations. Firstly, while a 
comprehensive keyword strategy was employed, there is always a possibility that the chosen 
keywords may have inadvertently excluded relevant studies due to variations in terminology. 
Secondly, subjectivity in the screening process, despite efforts to mitigate it through consensus 
and multiple reviewers, may have influenced study selection. Lastly, the eligibility criteria, such 
as restricting the review to English-language and peer-reviewed studies, may limit the 
generalisability of the findings. These limitations suggest that the results should be interpreted 
with caution, and future research should address these challenges. 

2.4 Integrated decision-making framework 

In this chapter, taking the research gaps discussed above, we propose an integrated 
framework for human-MASS interaction, ensuring the safety and efficiency of MASS 
navigation. Firstly, we propose a taxonomy of interactions between humans and MASS within 
an MWTS by means of 11 future scenarios shown in Figure 2-4. Furthermore, in order to gain 
insight into these interactions, the scenarios are classified into four categories based on the 
participation status of different stakeholders: MASS, manned ships, services, and RCC, divided 
into mandatory and optional participation, as presented in Table 2-8. 

The term “services” in this context refers to various supportive entities that play crucial 
roles in maritime operations. These services include but are not limited to: Traffic Management 
Services, Pilotage Services, and Search and Rescue, see examples 1, 3, 5, 6, 8, 10, and 11 in 
Figure 2-4. 
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Figure 2-4 Taxonomy of scenarios of future interaction between humans and MASS. 

2.4.1 Module Descriptions and Functions 

A diagram depicting the integrated framework for human-MASS interaction illustrates the 
critical components and their interrelationships, as shown in Figure 2-5. The framework is built 
on three key modules: situational awareness, navigation preferences of manned ships (hereafter 
referred to as “navigation preferences”) and human trust. Each module is adapted to the type of 
interaction specified in Table 2-8, with different scenarios determining the level of involvement 
of MASS, manned vessels, services and RCC. 

 

Figure 2-5 The diagram of human-MASS interaction for safe and efficient navigation. 
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information, modulated by human trust—which affects the extent of operator oversight—feeds 
into the identification of potential conflicts and informs the extraction of navigational 
preferences from surrounding manned ships. These two inputs jointly support the decision-
making module, which generates collision avoidance actions such as course or speed 
adjustments. The resulting navigational outputs not only guide vessel behaviour but are also 
observable to human operators, thereby influencing trust levels and completing a dynamic 
feedback loop within the system. 

The decision-making process within this framework is structured into three stages: 

(1) In the first stage, human trust and situational awareness are involved in the decision-
making of MASS. Data from various sources are processed to create a comprehensive 
understanding of the environment, which is used to assess the situation, determine the 
level of risk in the next step, and generate recommended actions to deal with it. 

The situational awareness module integrates the human trust evaluation module for safe 
and reliable situational assessment. Human trust may affect the results of the situational 
awareness module due to the cognitive discrepancy, which may be caused by the human 
operator’s experience and the degree of environmental awareness. The operator with 
high trust would give more autonomy to the vessel to be aware of the situation and plan 
further. On the contrary, humans check situational awareness from an autonomous 
system frequently and correct the results with low trust. 

Regarding the method for investigating the impact of human trust on situational 
awareness in MASS, a method based on the combination of self-reported questionnaires, 
behavioural observations, and direct inquiry could be used, aiming to capture a 
comprehensive understanding of the relationship between human trust and situational 
awareness. More specifically, this method includes: 

1) Self-reported Questionnaires: Tailored to evaluate operators’ trust towards the 
autonomous system’s capabilities, these questionnaires should focus on eliciting 
responses that reflect trust levels in various operational scenarios. 

2) Behavioural Observations: This involves monitoring operators’ interactions with 
MASS systems under simulated conditions to identify behaviours that signify trust, 
such as the frequency of system overrides or reliance on autonomous decisions. 

3) Direct Inquiry: This method allows participants, such as MASS operators or 
navigational personnel, to record their trust levels in real time based on their 
experiences or hypothetical scenarios involving autonomous systems. 

(2) In the second stage, the navigational preference module participants when there is an 
obstacle in the vicinity, which may lead to potential collision conflict justified by the 
situational awareness module. The MASS makes decisions based on a comprehensive 
understanding of the situation, factoring in both situational awareness and the 
navigational preferences of nearby vessels. With the outcome of the situational 
awareness module as input, the module, along with the situational awareness module, 
provides evasive strategies to the decision-making module to make informed decisions 
in an MWTS. 

(3) The final stage is to evaluate the performance of the MASS when considering the impact 
of human trust on its decision-making processes. In order to do that, the following steps 
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should be considered: (i) selection of performance metrics for safety & efficiency; (ii) 
designing scenarios with varying levels of risk and uncertainty and across various 
interaction types categorised in Table 2-8. (iii) data collection from ship sensors and 
cameras, human reactions, and environmental conditions; (iv) data analysis for 
comparing MASS performance under different levels of human trust; (v) evaluating 
MASS performance using the selected performance metrics. 

2.5 Conclusions 

This chapter conducted a systematic literature review of human-MASS interaction in the 
MWTS, focusing on safety and efficiency. The review addressed three critical aspects: 
situational awareness, collision avoidance, and human trust in the autonomous decision-making 
of MASS. The findings revealed that existing research is concentrated in four primary domains: 
human factors, technologies supporting MASS autonomy, system design for human-MASS 
interaction, and regulatory frameworks. These domains are interconnected and collectively 
shape the safety and efficiency of MWTS operations. 

The review identified that several gaps existed that hindered the seamless integration of 
MASS into MWTS, as listed below: 

(1) Situational awareness: Current models inadequately address the unique challenges of 
MASS in mixed-traffic environments, such as the need for transparency and adaptability 
in decision-making. 

(2) Collision avoidance: Existing approaches often neglect the navigational preferences of 
manned vessels, limiting the interpretability and proactivity of collision avoidance 
strategies. 

(3) Human trust: Limited exploration exists on trust evaluation and its incorporation into 
decision-making processes, particularly in high-risk scenarios such as collision 
avoidance. 

To address these gaps, this chapter proposed an integrated decision-making framework 
for human-MASS interaction, prioritising safety and efficiency. This framework incorporates 
three modules: situational awareness, navigational preferences, and human trust 
evaluation, which are adaptable to various interaction types in MWTS. It offers a conceptual 
foundation for enabling MASS to interact seamlessly with human-operated vessels while 
ensuring regulatory compliance and operational transparency. 

This chapter answered two sub-research questions: RQ1-i: What is the state of the art in 
human-MASS interaction? and RQ1-ii: What factors should be considered in a decision-
making framework? By identifying the research gaps and proposing a decision-making 
framework, this chapter establishes a foundation for the thesis. This chapter provides the 
foundation for subsequent chapters, with Chapters 3–5 addressing the three identified gaps 
through focused research on situational awareness modelling, human-mimic navigation, and 
trust dynamics investigation and modelling. 
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Chapter 3. Situational Awareness Modelling 
for MASS 

Building on the integrated decision-making framework proposed in Chapter 2, this chapter 
delves into the situational awareness module development for ensuring safe and efficient 
navigation of Maritime Autonomous Surface Ships (MASS). The framework outlined in Chapter 
2 includes three modules: situational awareness, navigation preferences, and human trust. 
Among these, situational awareness serves as the foundation for understanding the navigational 
context, supporting real-time decisions in dynamic navigational environments. This chapter 
focuses on developing a situational awareness model for MASS. Through an ontology-driven 
knowledge map, this model enables the integration of diverse data sources, including sensor 
inputs and domain knowledge, to construct a comprehensive situational understanding. 
Additionally, to enable the practical application of this framework, the Dynamic Window 
Approach (DWA) is introduced as the path planner to show the process from situational 
understanding to the implementation of actionable navigation decisions. By addressing 
research questions RQ2-iii and RQ2-iv, this chapter establishes a situational awareness model 
and its integration into the decision-making framework. 

The chapter is organised as follows: Section 3.1 introduces the research context. Section 3.2 
presents recent work on situational awareness and decision-making in MASS. Section 3.3 
details the methodology employed in developing the knowledge maps model and its integration 
with the adapted DWA. Section 3.4 validates the proposed model through implementation and 
comparison with the basic DWA algorithm. Section 3.5 concludes this chapter.1  

 
1 The contents of this chapter have been published in [192] and [193]. 
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environments, blending traditional algorithms with advanced techniques for optimal path 
planning. Its adaptability to environments with dynamic obstacles was emphasised in [37]. 

DWA is an efficient algorithm for real-time collision avoidance and path optimisation in 
robotics, with the advantage of adapting to dynamic changes. However, its application within 
the maritime domain faces challenges due to the unique kinetics and physical constraints 
required for MASS movement. This necessitates modifications to the DWA algorithm in order 
to ensure it aligns with maritime navigation, indicating a gap between its current capabilities 
and the demands of maritime application. 

3.3 Situational awareness modelling 

3.3.1 Development of the knowledge maps model 

The ontology-based knowledge maps model is developed to enhance the situational awareness 
of MASS. The map is a semantic graph formed by multiple entities and the relationships among 
them. The knowledge map model integrates various maritime navigation rules and 
environmental factors, specifically focusing on COLREGs. The model provides the following 
three capabilities to support the safe navigation of MASS: 

1. Task awareness refers to high-level information from maritime regulations, collision 
avoidance, planned long- and short-term routes, communications with authorities and 
surrounding ships, etc., which serve as inputs to the ship’s KM comprehension module. 
It is compiled and interpreted in a semantic format to support the MASS’s decision-
making. See the example presented in Figure 3-1, where MASS is aware of the 
destination by understanding the route first via “#MASS” “#has_planned_routes” 
“Planned_route”, and then finalise the understanding of its destination via “#destinationLoc” 
as an instance of “#Planned_route”. The awareness results are organised in an XML format 
to facilitate knowledge management by MASS. 

 
Figure 3-1 Representation of task awareness in the knowledge map model using XML format 

2. Control system constraints: The control system of MASS receives the outputs of the 
knowledge maps model as constraints, such as the situational information provided by 
the KM and the decision actions suggested by the COLREGs in the collision avoidance 
scenarios, where the situational information includes the type of scenario encountered 
such as crossing, and the suggested actions include turning to the starboard side or going 
straight ahead. These outputs serve as constraints for the controller or planner, such as 
the space available for acceleration and turn rate at the next moment, which affects the 
subsequent decision actions of the ship. 
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at which the “stand-on” vessel is required to take evasive action when the “give-way” vessel 
does not take evasive action from the proactive distance to the defensive distance or when the 
evasion task cannot be accomplished by the “give-way” ship alone. The collision distance is 
the distance at which a collision between ships occurs. 

Additionally, in order to address the need for effective collision avoidance, the three-tier 
safety buffer, i.e. proactive, defensive, and collision distances, is embedded within the DWA 
algorithm (see Algorithm 3-2) to satisfy the requirements of Rule 8 of COLREGs, that is the 
action taken should be positive, made in ample time, and large enough to be readily apparent 
to another vessel observing visually or by radar. COLREGs dictate distinct actions and timings 
for vessels operating as either the give-way vessel or the stand-on vessel. 

 
(a) Encounter angle and relative bearing 

 
(b) Encounter scenarios determination based on the encounter angle and the relative bearing 

Figure 3-5: The illustration of sector division for collision scenario recognition 

Distance Closest Point of Approach (DCPA) and Time Closest Point of Approach (TCPA) 
are further incorporated into the algorithm, ensuring that avoidance manoeuvres are not solely 
based on physical proximity but also on the timing of potential vessel convergence. Should 
either DCPA or TCPA fall below their respective thresholds, namely 3 meters for DCPA and 10 
seconds for TCPA with respect to our model ship, the algorithm triggers the necessary avoidance 
manoeuvres, offering a dynamic and responsive framework for collision avoidance. 
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3.4.2.2 Traffic complexity 

(1) Individual vessel encounters: These scenarios examine the autonomous system’s 
response to the individual vessel, testing its decision-making process and compliance 
with the applicable COLREGs rules. 

(2) Multi-vessel encounters: This scenario involves multiple vessels considering their 
manoeuvrability, which requires the MASS to make decisions considering multiple 
COLREGs rules simultaneously. 

Figure 3-7 illustrates four classic scenarios on which our algorithm will be tested to evaluate 
the system’s performance and COLREG compliance. Table 3-1 offers an overview of 
surrounding vessels’ motion characteristics in both individual and multi-vessel encounters. 

Table 3-1 Overview of the motion characteristics of surrounding vessels 

No. X0 Y0 Vx Vy Scenario 
1 28 18 -0.4 -0.01 Crossing-starboard side 
2 10 10 0.1 0.1 Overtaking 
3 6 18 0.3 -0.3 Crossing-port side 
4 30 30 -0.1 -0.1 Head-on 

 
(a) Crossing from the port side        (b) Crossing from the starboard side 

 

(c) Head-on                                (d) Overtaking 

Figure 3-7: The illustration of scenario setup for experimental verification 

3.4.2.3 The Impact of COLREGs Compliance 

The algorithm’s performance was tested under varying COLREGs compliance weights (0, 0.3, 
0.6, 1) to assess how strict or flexible adherence impacts navigation efficiency and safety. This 
approach allows the evaluation of the KM-DWA algorithm. 
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broken red curves of the basic DWA and other curves of KM-DWA variants in the 
subplots in Figure 3-11. As shown in the Heading Difference Comparison subplot of 
Figure 3-11, the KM-DWA variants execute right-turn manoeuvres as required by 
COLREGs rules, leading to longer buffering distances, presented in the Distance to 
Obstacle, DCPA, and TCPA subplots, reducing collision risks and ensuring vessel’s 
successful arrival at the destination, though resulting in a deviation from the optimal 
path (see Path Deviation Comparison subplot), signalling a strategic shift toward 
compliance with COLREGs over navigational efficiency. 

(3) Crossing: In scenarios involving crossing from the starboard and port sides, the KM-
DWA variants adhered closely to COLREGs, initiating a right-turn manoeuvre for 
positive avoidance, unlike the basic DWA algorithm, which performed non-compliant 
left-turn actions in starboard crossing scenarios (see Heading Difference Comparison 
subplot of Figure 3-12). In port-side crossings, responses varied with the surrounding 
vessel’s type/manoeuvrability. When encountering power-driven vessels, the own vessel 
maintained its course and speed for a period as per rule 17 of COLREGs, beginning a 
right-turn manoeuvre only when the surrounding vessel entered a pre-set defensive 
avoidance distance. When the surrounding vessel had inferior manoeuvrability, the own 
vessel took proactive right-turn manoeuvres to avoid the approaching vessel from the 
port side. Nevertheless, the basic DWA algorithm, while also successfully avoiding 
collisions, exhibited a gap in compliance (see Figure 3-13 and Figure 3-14) 

 
Figure 3-8: Performance comparison when MASS is overtaking the surrounding vessel with manoeuvrability, including 

power-driven ship type, type I, type II, and type III 

(4) Comparative performance analysis 

1) Proximity to obstacles: While the basic DWA algorithm maintains closer, 
consistent proximity to obstacles, reflecting a reactive stance, the KM-DWA 
algorithms demonstrate an evolution towards proactive avoidance. The transition 
from reactive to proactive is gradual with increasing COLREGs weights, 
underscoring a strategy that deliberately favours safety over directness towards 
the goal. 

2) Risk assessment (DCPA and TCPA): The riskier navigational choices of the basic 
DWA are highlighted by its uniformly lower DCPA values. In contrast, the KM-
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DWA algorithms, particularly at higher COLREGs weights, reveal a trend of 
earlier and more decisive manoeuvres to increase the distance of the closest 
approach, signifying a preference for safety. 

3) Navigational path and heading adjustments: The minimal path deviations and 
heading changes with the basic DWA suggest a preference for efficiency and direct 
routes. Conversely, the KM-DWA algorithms, especially with higher weights, 
accepted greater deviations and more significant heading adjustments to enhance 
collision avoidance and adherence to COLREGs. 

 
Figure 3-9: The overall performance comparison between DWA and KM-DWA algorithms with different COLREGs weights 

(5) Weighted Performance of KM-DWA 

1) Low COLREGs weight (0.3): The algorithm began integrating COLREGs into 
decision-making, slightly increasing the distance to obstacles, indicating a 
proactive approach while maintaining a course relatively direct towards the goal. 

2) Medium COLREGs weight (0.6): With a greater emphasis on safety, the vessel 
initiates avoidance of manoeuvres earlier, increasing path deviation and heading 
variation to ensure regulatory compliance, signalling a clear preference for safety 
over directness. 

3) High COLREGs weight (1.0): At this setting, the algorithm exhibits a marked 
preference for safety, significantly altering the vessel’s trajectory to avoid 
potential collisions. The substantial distance maintained from obstacles and the 
pronounced course corrections reflect the implementation of the principle of 
“early and broad” in COLREGs. 

Additionally, the data representation shown in Figure 3-9 provides a comprehensive 
overview of the algorithmic performances across various scenarios, illustrating distinct patterns 
in DWA and KM-DWA algorithms. The analysis of plotted metrics reveals that the KM-DWA 
algorithms consistently demonstrated longer trajectories than the basic DWA. This trend is 
evident in the cross-encounter scenarios (short paths in overtaking and head-on scenarios end 
early due to collisions), where basic DWA has shorter paths but can be more risky, as the 50% 
collision rate in these overtaking and head-on scenarios suggests. These findings underscore the 
potential risk of basic DWA, prioritising efficiency over safety. 
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Conversely, the KM-DWA variants result in longer durations, as they take more cautious 
routes to ensure full compliance with COLREG, as evidenced by the 100% compliance rate. 
This planning is evident in scenarios requiring right-crossing manoeuvres, where KM-DWA 
algorithms comply with COLREGs to avoid collisions, unlike the basic DWA, which made left-
turn decisions that may lead to higher navigational risk, achieving only a 25% COLREGs 
compliance rate. These findings highlight the robustness of KM-DWA in safely navigating 
collision avoidance scenarios and explain the extended travel times and paths observed. 

The experiments indicate that the KM-DWA algorithm adjusts its behaviour to 
accommodate these vessels’ limited manoeuvrability, thus reinforcing a safety-first approach. 
Fundamentally, while the basic DWA algorithm prioritises path efficiency—reflected in shorter 
travel times and minimal deviations—it often fails to navigate safely across various scenarios. 
The improved safety measures of the KM-DWA algorithm, such as increased distances from 
obstacles and full compliance with COLREGs, are achieved through the acceptance of longer 
travel times and greater path deviations. 

3.4.3.2 Encountering multiple vessels 

Considering the good COLREGs compliance of the KM-DWA algorithm in single-vessel 
encounter scenarios, particularly with encountering power-driven vessels and surrounding 
vessels with poor manoeuvrabilities, it is demonstrated that KM-DWA variants can account for 
the manoeuvrabilities of the surrounding vessel during collision avoidance. Therefore, this 
section focuses on whether the variant algorithms are still capable of achieving COLREGs-
compliant multi-vessel collision avoidance when considering the surrounding vessel’s 
manoeuvrabilities and approaching vessels from multiple directions simultaneously.  

For this purpose, we selected Type II as the manoeuvrability of surrounding vessels, namely, 
engaged in fishing, in a multi-vessel encounter scenario to verify whether the MASS driven by 
the KM-DWA algorithm is able to accomplish autonomous safe collision avoidance in multi-
vessel encounters. Error! Reference source not found. visualises the collision avoidance 
trajectories of MASS driven by the basic DWA algorithm and KM-DWA variants with Type II 

surrounding vessels. The whole process for collision avoidance of MASS is detailed below:  

As shown in Error! Reference source not found., KM-DWA variants demonstrate an early 
initiation of avoidance manoeuvres compared to the basic DWA algorithm, indicating a 
proactive approach to collision avoidance. KM-DWA variants differ from the basic DWA 
algorithm in the timing of manoeuvres for the initial encounter (port side crossing) with the 
surrounding vessel TS1. KM-DWA algorithms initiate the proactive avoidance manoeuvre 
earlier than the DWA algorithm and take action at the proactive avoidance distance. This 
indicates that the KM-DWA variant algorithm accounts for the manoeuvrability of the 
surrounding vessel and takes proactive actions, while the basic DWA algorithm ignores this 
situation.  

Subsequently, KM-DWA employs a course adjustment to avoid collision as it passes the 
surrounding vessel TS4, which is informed by a comprehensive evaluation based on criteria 
including collision avoidance, DCPA, and TCPA metrics. After the adjustment, the KM-DWA 
algorithm encounters another vessel, the TS2, on its starboard side, necessitating a moderate 
starboard turn in line with proactive collision avoidance strategies. This action ensures 
compliance with situational requirements and avoids excessive path deviation. The algorithm 
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then corrects its heading to pass the surrounding vessel safely, the TS3, subsequently resuming 
its original course towards the destination. These actions adhere to regulations for head-on 
encounters, including executing a starboard turn to mitigate collision risk. Upon clearing 
potential collision threats, the vessel returns to a standard navigational state and reaches its 
destination, guided by various cost functions. 

In contrast, the trajectory governed by the basic DWA algorithm exhibits fewer course 
adjustments, lacking the secondary manoeuvres evident in the KM-DWA’s initial and 
subsequent encounters. While remaining regulatory compliant, the basic DWA algorithm 
maintains closer proximity to the surrounding vessel, increasing navigation risk. Figure 3-15 
demonstrates the performance of the basic DWA algorithm and the KM-DWA variants in 
accomplishing collision avoidance in the same multi-ship encounter scenario, which is analysed 
as follows: 

(1) Distance to Obstacle and Goal 

1) DWA: Demonstrates a consistent but risk-tolerant navigational approach towards 
obstacles, e.g., lower DCPA and TCPA, and disregard when the surrounding 
vessel’s poor manoeuvrability, showing a tendency towards efficiency over safety. 

2) KM-DWA 0.3: Begins to integrate a proactive collision avoidance strategy, 
showing a slight increase in the distance to obstacles while still maintaining 
efficiency. 

3) KM-DWA 0.6 and 1.0: These settings result in a marked increase in the distance 
to obstacles, indicating a strong preference for safety. The performance curves for 
these two weights overlap, suggesting that beyond a certain threshold, increasing 
the weight assigned to COLREGs compliance does not significantly alter the 
behaviour of the algorithm under the tested conditions. 

(2) DCPA and TCPA 

1) DWA: Lower DCPA values indicate a riskier, closer approach to obstacles. 

2) KM-DWA 0.3: Shows improved safety margins with slightly higher DCPA values. 

3) KM-DWA 0.6 and 1.0: Both exhibit higher DCPA values, with a significant 
emphasis on safety and compliance, as reflected by the early transition of TCPA 
from positive to negative. The similarity in their performance curves suggests that 
both settings prioritise safety to a similar extent. 

(3) Path Deviation and Heading Difference 

1) DWA: Minimal path deviation and heading variation indicate a straightforward 
but less cautious approach. 

2) KM-DWA 0.3: Increased path deviation and heading changes indicate a shift 
towards a more safety-compliant navigation strategy. 

3) KM-DWA 0.6 and 1.0: Display the highest path deviations and heading changes, 
showcasing adherence to proactive collision avoidance. The convergence of their 
performance curves indicates a shared strategy for safety, suggesting a plateau in 
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the enhancement of safety measures when the COLREGs weight is increased 
beyond 0.6 under the tested scenarios. 

In summary, the above findings emphasise the need for an algorithmic balance between 
efficiency, safety, and regulatory compliance. The system effectively integrated data from the 
knowledge maps with the DWA in multi-vessel scenarios, demonstrating: first, the MASS 
successfully navigated complex multi-vessel encounters by prioritising actions based on safety 
and COLREGs compliance. Second, in situations with rule conflicts, KM-DWA demonstrated 
a high capability to resolve conflicts and choose the safest navigational action. Third, KM-DWA, 
particularly with higher COLREGs weights, consistently maintain safer distances from 
obstacles, suggesting a prioritisation of collision avoidance over route directness. Finally, KM-
DWA exhibit prolonged travel times, likely a reflection of their circuitous routes to ensure 
compliance with maritime rules. 

3.4.4 Discussion 

This chapter evaluates DWA against its ontology-based knowledge maps model integrated 
enhancement for MASS navigation. By embedding a knowledge maps model, the resulting 
KM-DWA algorithm aims to augment path planning with increased safety, efficiency, and 
regulatory compliance. Compared to other previous studies, the KM-DWA algorithm 
demonstrates its capability to avoid collisions while complying with COLREGs in both 
individual vessel and multi-vessel encounter scenarios.  

The trade-off between safety and efficiency: A trade-off between safety and efficiency is 
evident. As the weight of rule compliance increases, the safety level of a vessel increases while 
its efficiency decreases relatively, and vice versa. Therefore, it is necessary for MASS to set the 
weight flexibly to achieve a balance between safety and efficiency in real navigation.  

Comparison with existing studies: In this chapter, we build upon the previous studies, 
such as [193], [205], and [246], which highlighted the importance of situational awareness in 
MASS navigation. We extend the previous work [193] by constructing structured knowledge 
maps for MASS navigation that continuously update the situational information with real-time 
navigational and environmental data, thereby enhancing situational awareness. Additionally, 
our research broadens the interpretation of COLREGs by extending the scope of earlier studies 
by [41] to include a broader range of rules, scenarios, and proactive collision avoidance 
strategies. We also adapt the DWA algorithm for a 3-DOF MASS model, originally proposed 
for robotics by [63] and further applied in the maritime domain by [18]. By integrating it with 
our knowledge maps model and extended COLREGs interpretation mechanism, we enhance its 
capability of scenario recognition and COLREGs compliance. 

3-tier collision avoidance distance: The implementation of this concept provides a rule-
compliant approach to avoid collisions. The three tiers serve as triggers for initiating collision 
avoidance manoeuvers, with specific distances set for different roles under COLREGs. The 
chapter proves that vessels correctly trigger different avoidance distances based on their role—
defensive avoidance distance when acting as the stand-on vessel and active avoidance distance 
when acting as the give-way vessel. This mechanism assists vessels in integrating COLREGs 
into their collision avoidance behaviour to clarify their intentions to manned ships. 
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Encountering with surrounding vessels: In individual vessel encounters, the basic DWA 
tends to prioritise direct routes, potentially compromising safety margins and COLREGs 
adherence. In contrast, the KM-DWA algorithm variants demonstrate a commitment to safety 
and regulatory compliance, even if it means accepting longer travel times and paths. 
Simulations for MASS with Type II surrounding vessels in multi-vessel encounter scenarios 
demonstrate that KM-DWA algorithms adapt their behaviour to accommodate the constrained 
manoeuvrability of these vessels (i.e., Type I, Type II, and Type III), reinforcing the safety-first 
approach. In essence, while the basic DWA algorithm prioritises path efficiency, reflected in 
shorter travel times and minimal deviation, it frequently fails to navigate safely across various 
scenarios. The KM-DWA algorithm’s safety measures, such as increased distances to obstacles 
and full compliance with COLREGs, are achieved by accepting a trade-off in the form of longer 
travel and greater path deviations. Nonetheless, the current local planner remains reactive and 
short-term in nature. In multi-vessel situations involving sequential or cascading interactions, a 
more foresighted planning mechanism—integrating global trajectory intent—may be necessary. 
Future work should consider coupling the local planner with long-horizon predictors to better 
handle temporally extended COLREGs compliance and reduce cumulative path inefficiencies. 

In summary, the KM-DWA algorithm maintains safety and navigational efficiency while 
complying with COLREGs, suggesting its potential for operational development in autonomous 
navigation. Its adaptability, allowing for flexible weight configurations to balance efficiency, 
safety, and rule compliance, is crucial. The 3-tier collision avoidance distance strategy further 
ensures that vessels can integrate COLREGs effectively, enhancing both proactive and 
defensive collision avoidance. 

3.5 Conclusions 

This chapter introduced the development of a situational awareness model designed for MASS, 
focusing on the integration of multi-source data into structured decision-making processes. The 
primary motivation behind this work was to address the challenge of translating situational 
understanding into actionable navigation strategies in dynamic and various maritime 
environments. To achieve this, an ontology-based knowledge maps model was developed as a 
semantic framework for organising and interpreting navigational data. This model provides 
MASS with enhanced situational understanding by synthesising navigational status, ensuring 
task awareness, and formulating constraints derived from motion characteristics and regulations 
such as COLREGs. 

Building upon this situational awareness foundation, the KM model was integrated with an 
adapted DWA, forming the KM-DWA framework. The framework addresses the motion 
constraints of 3-DOF MASS and replaces traditional velocity-based sampling of DWA with 
acceleration-based sampling, allowing for a more realistic representation of vessel dynamics. 
Furthermore, it incorporates 3-tier collision avoidance strategies into real-time path planning. 
This integration realises the transformation from situational awareness to decision-making, 
supporting MASS to navigate in a safe, efficient, and rule-compliant way in various contexts. 

The contributions of this chapter are twofold: first, the development of the KM model that 
facilitates the interpretation of multi-source navigational data, and second, the implementation 
of the KM-DWA path planner, which connects the situational awareness module with a 
decision-making mechanism for MASS. These efforts directly address the two questions: RQ2-
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iii: How can data from multiple sources be effectively integrated for situational awareness? and 
RQ2-iv: How can a local path-planning algorithm tailored to 3-DOF vessels be developed, 
integrating the results of situational awareness? By providing a foundation of situational 
awareness and its integration into decision-making, this chapter establishes a key component of 
the thesis framework. The subsequent chapter builds on this framework by introducing human-
mimic navigation strategies, leveraging navigational preferences to enhance collision avoidance 
in mixed waterborne environments. 
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Figure 3-11: Performance comparison when MASS encounters the surrounding vessel with manoeuvrability, including 

power-driven ship type, type I, type II, and type III and forming the head-on situation 

 
Figure 3-12: Performance comparison when MASS encounters the surrounding vessel with manoeuvrability, including 

power-driven ship type, type I, type II, and type III approaching from the starboard side 

 
Figure 3-13: Performance comparison when MASS encounters the surrounding vessel with manoeuvrability, including type I, 

type II, and type III approaching from the port side 
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Figure 3-14: Performance comparison when MASS encounters the surrounding vessel with the ship type of power-driven 

approaching from the port side 

 
Figure 3-15: Performance comparison between different algorithms in the multi-vessel encounter scenario 
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