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Abstract

The maritime industry is rapidly advancing towards Industry 4.0 and the integration
of autonomous shipping technologies. As the main propulsion system for autonomous
vessels, marine engines play a critical role in ensuring the safety and reliability of operations
at sea. Therefore, assessing the reliability and associated risks of marine engine systems is
essential to prevent failures that could compromise autonomous navigation. This study
conducts a comprehensive bibliometric analysis to provide up-to-date insights into the
reliability assessment of marine engine machinery in the context of autonomous shipping.
A total of 139 publications were retrieved from Web of Science and 133 from the Scopus
database. The analysis addresses the key questions like (i) Which countries are leading
research in this field? (ii) Which sources are most active in publishing this research?
(iii) Which articles have had the greatest impact? (iv) Who are the most influential authors?
(v) What keywords appear most frequently? (vi) What methodologies are commonly used?
The findings indicate that this research area has attracted global attention, with Norway,
the United States, Finland, Poland, and China being the most active contributors. However,
Norway is leading in total output. Among the methodologies employed, the Bayesian
network has been identified as the most widely used approach for reliability assessment of
marine propulsion systems in MASS.

Keywords: reliability assessment; maintenance operations; maritime autonomous surface
ship; bibliometric analysis; literature review

1. Introduction
The maritime industry is undergoing a significant transformation driven by the ad-

vancement of digital technologies and the shift towards autonomy, a movement commonly
referred to as Maritime Industry 4.0. Among the most promising innovations in this space
is the Maritime Autonomous Surface Ship (MASS), which aims to improve safety, reduce
operational costs, and enhance the efficiency of maritime transportation. Recognizing the
growing interest and potential of MASS, the International Maritime Organization (IMO)
has completed a Regulatory Scoping Exercise (RSE) to assess how existing international
conventions apply to autonomous operations at sea. Autonomous ships are generally
categorized into four levels based on the degree of automation and human involvement:
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Level 1: Ships with automated processes that assist human decision-making, with
crew still on board.

Level 2: Remotely controlled ships with partial crew on board for emergency response.
Level 3: Remotely operated ships without any crew on board.
Level 4: Fully autonomous ships capable of performing all operations without

human intervention.
To ensure the safe and reliable operation of fully autonomous vessels (Level 4), a range

of regulatory, technological, and operational challenges must be addressed. Key require-
ments include maintaining a continuous and stable propulsion power supply, ensuring
structural integrity, preventing fires and flooding, enabling situational awareness, and
facilitating effective communication with shore-based control centers and nearby vessels.
As human error is responsible for nearly 80% of maritime accidents [1], automation holds
the potential to significantly enhance maritime safety. However, removing human presence
also presents new risks, particularly in maintaining propulsion reliability, detecting failures,
and making decisions under dynamic sea conditions. Therefore, the reliability assessment
of critical systems, especially the marine engine, becomes essential for ensuring the safe
operation of MASS.

Despite growing research interest in MASS, most existing studies focus on navigation,
control systems, and regulatory aspects, with limited attention paid to the reliability of
propulsion and machinery systems. Past incidents such as engine failure due to a clogged
filter [2] highlight the consequences of neglecting reliability engineering in automated
maritime operations. Several methodologies have been explored for reliability assessment
in MASS, including Bayesian Networks (BN), Fault Tree Analysis (FTA), Event Tree Analysis
(ETA), and Failure Modes and Effects analysis (FMEA) [3–7]. While valuable, these studies
are fragmented, and a comprehensive synthesis is lacking.

To address this gap, the present study conducts a bibliometric analysis and systematic
literature review on the reliability assessment of marine propulsion systems in MASS.
Using data from the Web of Science and Scopus, we analyze publication trends, author
keyword networks, and bibliographic coupling to identify current research hotspots, meth-
ods employed, and future directions. This study contributes to a better understanding
of the state-of-the-art reliability research for marine propulsion systems in MASS and
provides insights for scholars, practitioners, and policymakers aiming to advance safe and
sustainable autonomous maritime operations.

2. Materials and Methods
The bibliometric analysis was conducted in three main steps as illustrated in Figure 1.
Step 1: Keyword Identification and Literature Search
Relevant keywords were first identified to search the Web of Science (WoS) and Scopus

databases. Both databases offer distinct advantages, such as comprehensive coverage
of scholarly content and efficient data storage capabilities [8]. The selected keyword
combinations included:

• “reliability AND machinery AND maritime autonomous surface AND ships”
• “reliability AND autonomous AND ships”
• “reliability AND marine engine AND maintenance AND autonomous AND ships”
• “reliability AND marine engine AND autonomous AND ships”

Initial search results varied across databases:

• For “reliability AND machinery AND maritime autonomous surface AND ships”:
WoS returned 3 results; Scopus returned 7.

• For “reliability AND autonomous AND ships”: WoS returned 127 results; Scopus
returned 115.
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• For “reliability AND marine engine AND maintenance AND autonomous AND ships”:
WoS returned 3 results; Scopus returned 4.

• For “reliability AND marine engine AND autonomous AND ships”: WoS returned
6 results; Scopus returned 60.

Figure 1. Retrieval process of this study.

Step 2: Data Cleaning and Integration
The papers retrieved from WoS were exported in Tab-delimited format, while Scopus

results were downloaded in CSV format. The WoS files were converted to CSV, and all
records from both databases were merged into a single CSV file. Duplicate and irrelevant
entries were removed. The inclusion and exclusion criteria were based on publication type,
relevance to the reliability assessment of marine propulsion systems for MASS, language
(English), and availability of the full text. After cleaning, 56 unique papers from WoS and
60 from Scopus were retained.

Step 3: Data Analysis
The final dataset was analyzed based on publication type and year of publication.

Further bibliometric analysis was carried out using VOSviewer software version1.6.5 to
visualize relationships and research trends.

Table 1 shows that journal articles represent the highest proportion of document types,
accounting for 55% of the total. This is followed by conference papers, which make up 35%.
In contrast, book chapters and letters each represent the lowest share, contributing only
1.25% of the total.

In addition to document type, the publications were also grouped based on their year
of publication. The dataset spans from 1974 to 2021, reflecting the growing interest in
autonomous ships, particularly over the last two decades. As illustrated in Figure 2, the
number of publications remained relatively low (fewer than 10 documents) during the
periods 1974–1997, 2003–2009, and 2013–2016. However, a sharp increase occurred between
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2017 and 2021, during which 64 papers were published, indicating a surge in research
activity in this field.

Table 1. Distribution of Documents by Publication Type.

Type of Paper No. of Document Percentage

Article 44 55%

Conference paper 28 35%

Review 2 2.5%

Letter 1 1.25%

Proceeding paper 4 5%

Book chapter 1 1.25%

Total 80 100%
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Figure 2. Distribution of papers by publication year.

3. Results
In this study, VOSviewer was used to conduct a detailed bibliometric analysis of the

papers collected from the Web of Science (WoS) and Scopus databases. The following
analyses were performed:

• Bibliographic coupling of countries, organizations, sources, publications, and authors
• Co-occurrence analysis of author keywords
• Citation analysis of authors

These analyses provided deeper insights into research trends, influential contributors,
and the overall structure of the literature on autonomous ships.

3.1. Bibliographic Coupling of Countries

Bibliographic coupling by country is a bibliometric method used to analyze and visu-
alize the relationships between countries based on the references cited in their publications.
It shows how countries research outputs are connected through shared citations rather than
direct collaboration.

Figure 3 and Table 2 present the bibliographic coupling analysis of countries of first
author, with a minimum publication threshold of one. Out of 20 countries, 13 met this
criterion. The analysis includes the number of publications, total citations, and total link
strength for each country.
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Figure 3. Bibliographic Coupling Analysis by Country.

Table 2. Country Bibliographic Coupling: Documents, Link Strength, and Citations.

Serial Number Country of First Author Documents Citations Total Link Strength

1 Norway 27 934 457

2 United states 10 160 358

3 Finland 9 518 79

4 China 8 332 3

5 Portland 7 563 0

6 France 6 69 39

7 Morocco 6 22 6

8 United Kingdom 5 158 37

9 Netherland 4 125 98

10 Canada 4 82 77

11 South Korea 4 25 3

12 Belgium 2 65 18

13 Australia 2 5 37

14 Japan 2 8 16

15 Italy 2 46 0

16 Denmark 1 11 49

17 Indonesia 1 2 3

18 Cyprus 1 43 0

19 Portugal 1 4 0

20 Russia 1 0 0
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Norway ranks highest with 27 publications, 934 citations, and a total link strength
of 457. This is followed by the United States (10 publications; 160 citations; link strength
357), the Netherlands (4; 125; 98), Finland (9; 518; 79), and Canada (4; 82; 77). Other notable
countries include Denmark (1; 11; 49), France (6; 69; 39), Australia (2; 5; 37), the United
Kingdom (5; 158; 37), Belgium (2; 65; 18), Japan (2; 8; 16), Morocco (6; 22; 6), China (8; 332;
3), Indonesia (1; 2; 3), and South Korea (4; 25; 3).

Figure 4 also visualizes the clustering of countries using different colors, indicating
stronger citation relationships within the same cluster. The largest cluster includes Norway,
South Korea, and the United States. The second-largest cluster comprises the Netherlands,
Finland, and Australia. A smaller cluster includes Belgium, Canada, Denmark, France,
Japan, and Morocco.
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Figure 4. Contribution by country.

3.2. Bibliographic Coupling of Organizations

In bibliographic coupling analysis of organizations, coupling indicates the degree of
similarity or connection between organizations based on the references their publications
cite. Organizations are considered bibliographically coupled when they cite the same
references, with stronger coupling corresponding to a greater number of shared references.

Figure 5 presents the bibliographic coupling analysis of organizations, including
46 institutions grouped into seven distinct clusters. For each organization, the number
of publications, total citations, and total link strength are provided. The Department of
Marine Technology in Norway stands out as the most influential organization in this field,
with 2 publications, 77 citations, and a total link strength of 254. It is followed by the
Department of Marine Technology at the Norwegian University of Science and Technology
(NTNU), also in Norway, with 2 publications, 32 citations, and a link strength of 169. Other
notable organizations include the University of California (1 publication; 13 citations; link
strength 117), the Korea Research Institute of Ships and Ocean Engineering (1; 1; 139), and
the Department of Mechanical and Electrical Engineering in Denmark (1; 11; 89).

3.3. Bibliographic Coupling of the Sources

Density visualization of sources by bibliographic coupling depicts the connections
among research sources according to the references they have in common. Figure 6 presents
the bibliographic coupling of the sources, focusing on the number of documents published.
Figures 7 and 8 provide density visualizations based on bibliographic coupling data. To
evaluate the importance of each journal, three key metrics were considered: the number of
publications, the number of citations, and the total link strength. Among these, the number
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of publications is regarded as the most significant indicator, followed by citations and then
total link strength. Safety Science stands out as the most influential source, with 4 publica-
tions, 169 citations, and a total link strength of 45. Other notable sources include Ocean
Engineering (2 publications; 84 citations; link strength 31), PSAM 2018 Probabilistic Safety
(1; 14; 24), Safety and Reliability—Safe Society (3; 36; 22), Proceedings of the 30th European
(1; 0; 18), Proceedings of the Institute of (1; 32; 18), Applied Sciences Switzerland (3; 12; 17),
Reliability Engineering and System Safety (2; 28; 17), Proceedings of the International (1; 0;
6), and 2017 2nd International Conference (2; 14; 5).

Figure 5. Bibliographic coupling analysis of organization.

 

Figure 6. Bibliographic coupling analysis of sources.
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Figure 7. Distribution of documents, citations, and link strength by journal.

 

Figure 8. Density visualization of sources by bibliographic coupling.

3.4. Bibliographic Coupling of the Publications

Figure 9 presents the bibliographic coupling analysis of the publications, while Table 3
summarizes key metrics such as the number of citations and total link strength for each
document. Among these metrics, the number of citations is considered more significant
than the total link strength. The most influential paper is reference [9], with 87 citations
and a total link strength of 32. It is followed by [10] (13 citations; 29 link strength), [11] (14;
24), [12] (66; 23), [13] (32; 18), [14] (18; 16), [15] (3; 12), [16] (17; 10) and [17] (0; 18).
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Figure 9. Bibliographic coupling analysis of publication.

Table 3. Number of citations and total link strength for each publication.

Documents Citations Total Link Strength

[9] 87 32

[10] 13 29

[11] 14 24

[12] 66 23

[17] 0 18

[13] 32 18

[14] 18 16

[15] 3 12

[16] 17 10

The most cited paper [9] reviews operations of Maritime Autonomous Surface Ships
(MASS) in scenarios where few or no humans are on board, highlighting how these ships are
controlled remotely from shore-based centers to prevent collisions. The second most cited
paper [18] examines the impact of various risk factors on ship collisions and groundings.
The author emphasizes that the safety standards for automated ships should be at least as
high as those for conventional vessels, noting that full automation will not be universal in
the foreseeable future.

3.5. Bibliographic Coupling Analysis of Authors

Figure 10 shows the bibliographic coupling analysis of authors, and Figure 11 com-
pares authors by publications, citations, and link strength. The most influential author
is Utne, I.B., with 11 publications, 269 citations, and a total link strength of 1525. The
second most influential is Mosleh, A., who has 5 publications, 134 citations, and a total
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link strength of 768. Although Mansouri, K. has more publications (6), the lower citation
count (22) and link strength (523) place him behind Mosleh in overall impact. Other notable
authors include: Thieme, C.A. (3 publications; 111 citations; 734 link strength), Ramos, M.A.
(4; 47; 589), Youssfi, M. (6; 22; 523), Choi, H.-T. (1; 1; 345), Choi, J. (1; 1; 345), Jung, J. (1;
1; 345), Kang, M. (1; 1; 345), Kim, H. (1; 1; 345).These results indicate that although some
authors have fewer publications, they may still exhibit significant influence through strong
citation counts and high link strength.

Figure 10. Bibliographic coupling analysis of authors.
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Figure 11. Comparison of authors based on publications, citations, and link Strength.

3.6. Co-Occurrence of Author Keywords

Co-occurrence analysis of author keywords, shows the relationships or connections
between keywords based on their simultaneous appearance in documents.

Figure 12 illustrates several thematic clusters representing the major research domains
within MASS. The blue cluster focuses on autonomous ship operations, safety, and risk
assessment, emphasizing frameworks such as Bayesian networks and fault tree analysis for
reliability evaluation. The green cluster represents risk and safety management systems,
addressing human reliability, operational safety, and hazard analysis. The orange cluster
encompasses collision risk and avoidance strategies, highlighting autonomous navigation,
sensor integration, and decision-making algorithms. The yellow cluster relates to reliability
engineering and system modeling, dealing with autonomous piping systems and engineer-
ing reliability approaches. The purple cluster covers human factors and communication
aspects, reflecting the integration of human-in-the-loop considerations in autonomous
operations. Finally, the light blue cluster concentrates on fault diagnosis, prognostics, and
health management (PHM) for system condition monitoring and predictive maintenance.
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Figure 12. Co-occurrence analysis of author keywords.

Together, these clusters illustrate the evolution of research across reliability mod-
eling, MASS propulsion systems, fault diagnosis, and risk assessment in autonomous
maritime operations.

Table 4 presents the total link strength of each keyword based on co-occurrence
analysis. The most frequently occurring keyword is “autonomous ship”, which appears
21 times and has a total link strength of 93. This is followed by “reliability” (9 occurrences;
48 link strength), “marine vehicles” (2; 24), “safety” (3; 20), “reliability engineering” (3; 19),
“Bayesian networks” (3; 18), “collision risk” (3; 18), “conventional ship” (3; 18), “navigation”
(2; 16), “autonomous systems” (3; 15), and “fault tree analysis” (2; 14). Different colors in
Figure 12 represent different keyword clusters. In total, 18 clusters are identified, indicating
thematic groupings based on keyword co-occurrence relationships.

Table 4. Total link strength of author keywords based on co-occurrence analysis.

Keyword Occurrences Total Link Strength

Autonomous ships 12 51

Reliability 9 48

Autonomous ship 9 42

Marine vehicles 2 24

Safety 3 20

Reliability engineering 3 19

Bayesian networks 3 18

Collision risk 3 18

Conventional ship 3 18

Navigation 2 16

Autonomous systems 3 15

Fault tree analysis 2 14

3.7. Author Citation Analysis

Figure 13 and Table 5 present a detailed citation analysis of the most influential
authors in the field, highlighting their publication output, citation counts, and total link
strength. Among the authors, Utne I.B. stands out as the most prolific and influential,
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with 11 publications, 269 citations, and a total link strength of 21. This indicates a strong
research presence and significant impact within the academic community. Mansouri K. and
Youssfi M. both have 6 publications and 22 citations each, with total link strengths of 20,
showing consistent but comparatively moderate influence. Interestingly, Mosleh A. has
fewer publications (5) but a notably higher citation count (134), suggesting that their work
is highly regarded and frequently referenced despite a smaller publication volume.

Figure 13. Citation Analysis of Authors.

Table 5. List of influential authors with their publications and total link strength.

Author Documents Citations Total Link Strength

Utne i.b. 11 269 21

Mansouri k. 6 22 20

Youssfi m. 6 22 20

Park j. 2 1 15

Aalal a.a. 4 16 13

Mosleh a. 5 134 12

Ramos m.a. 4 47 10

Qbadou m. 4 21 12

Ramos m.a. 4 47 10

Wrobel, k; montewka, j; kujala, p 2 197 0

Melhaoui y. 2 1 8

Kamil a. 2 1 8

Ait allal a. 2 6 7

Thieme c.a. 3 111 6

Abaei m.m. 2 17 4

Aesoy v. 1 16 5

Other authors such as Thieme, C.A. (3 publications, 111 citations) and Wrobel, K.,
Montewka, J., Kujala, P. (2 publications, 197 citations) demonstrate high citation impact
relative to their publication counts, emphasizing the quality and influence of their research
contributions. Some authors like Park, J. and Melhaoui, Y. have fewer citations and lower
total link strengths, indicating emerging or more specialized research profiles. This analysis
reveals a range of author contributions, where publication volume does not always directly
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correlate with citation impact or link strength, underscoring the importance of both quantity
and quality in academic influence.

Table A1 in Appendix A provides an overview of the number of articles selected
for this study, all of which are directly relevant to the research objectives. These articles
were chosen based on their alignment with the study’s scope and focus areas. Following
the identification and selection of these articles, the subsequent step involves a thorough
analysis to determine the number and types of methods or techniques employed across
the literature. This analysis will help in understanding the methodological trends, gaps,
and common practices within the field, thereby contributing to a more comprehensive and
evidence-based foundation for the current study.

Figure 14 illustrates the various methodologies employed in the reliability and risk
assessment of marine propulsion system in MASS. Table 6 summarizes the most frequently
used methods/tools and their occurrence frequency. The Bayesian Network method
appears most often (11 occurrences), followed by Human Factor (3 times) and Human-
System Interaction. Below is a comparative overview of the advantages and disadvantages
of the most used methods:

 

Figure 14. Most Commonly Used Methodologies and Tools for Reliability Assessment of marine
propulsion system in MASS.

Table 6. Most frequently used methodologies and tools with their occurrence frequency.

Methodology/Tools Occurrences

Bayesian network method 11

Human factor 3

Mean time failure 2

Human system interaction 2

Sensitivity analysis 1
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Table 6. Cont.

Methodology/Tools Occurrences

System theoretic process 1

Extend fuzzy fault tree analysis 1

Multinomial process tree 1

Fault tree analysis 1

The Bayesian Network method is widely valued for its ability to probabilistically
model complex systems. It excels at predicting the frequency of disruptive events and
estimating the overall failure rates of autonomous systems. Its pictorial and modular nature
allows for intuitive understanding and easy updating as new data becomes available. This
adaptability is particularly useful for reliability assessment of marine propulsion systems
in MASS, where evolving operational conditions and interdependencies are common.
However, Bayesian Networks struggle when dealing with very small probabilities and face
limitations on the types of statistical dependencies and distributions they can accommodate.
Moreover, as the number of variables and potential states increases, the computational
complexity can grow exponentially, making the model harder to manage and slower to
compute [19].

Human Factor methodologies focus on the role and influence of human operators
within semi-autonomous or supervisory control frameworks. They aim to assess workload,
decision-making processes, situational awareness, and how human error might impact
system reliability. This perspective is crucial because, despite the autonomy of MASS,
human oversight and interaction remain integral. However, capturing human behavior
quantitatively is inherently challenging due to its variability and context dependence. Often,
assessments rely on qualitative or semi-quantitative data, which introduces subjectivity
and may limit the precision of risk evaluations.

Mean Time to Failure (MTTF) and Mean Time to Repair (MTTR) feed into reliabil-
ity assessment methods like RBD, FTA, and FMEA. Measures such as MTTF and MTTR
are classic reliability metrics offering straightforward insights into system performance
and maintainability. These metrics are particularly useful for procurement decisions and
maintenance scheduling by indicating expected operational durations and repair efforts.
Nevertheless, MTTR can be misleading since actual system downtime often depends on
detection time and response delays, which these measures do not account for. Additionally,
such metrics do not differentiate between failure severities or modes, potentially oversim-
plifying complex reliability landscapes [20]. Human-System Interaction (HSI) analysis
examines how operators engage with autonomous technologies, identifying potential mis-
matches that could cause failures. This method is vital for ensuring seamless integration of
humans and machines, minimizing risk arising from interface design or unexpected opera-
tor responses. However, evaluating HSI rigorously demands extensive empirical data and
user testing, which may not always be feasible during early design phases. Furthermore,
the lack of standardized metrics makes consistent assessment difficult, especially in novel
MASS applications.

Sensitivity Analysis serves as a valuable tool for understanding which variables most
significantly influence system performance or risk. By systematically varying input param-
eters, analysts can identify critical factors that warrant focus attention or control. While this
aids prioritization, sensitivity analysis may oversimplify relationships in systems where
variables interact nonlinearly or dynamically. Its effectiveness also hinges on the accuracy
and completeness of input data, which can be limited for emerging technologies like MASS.
System Theoretic Process Analysis (STPA) offers a holistic approach by incorporating both
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safety and security concerns within complex socio-technical systems. It identifies unsafe
control actions and traces their potential consequences through system losses and hazards.
This comprehensive view suits MASS well, given their complex interactions between hard-
ware, software, and human operators. However, STPA typically yields qualitative insights
rather than quantifiable risk measures. It relies heavily on expert knowledge and can be
resource-intensive to apply thoroughly [21].

Extended Fuzzy Fault Tree Analysis (EFFTA) enhances traditional fault tree analysis
by integrating fuzzy logic to handle uncertainty and imprecise data. This is particularly
helpful during early development stages of MASS, where empirical failure data is sparse.
By allowing linguistic variables and subjective assessments, EFFTA can rank failure modes
under uncertainty. The downside is that defining appropriate fuzzy sets and rules requires
expertise, and the results can be sensitive to subjective inputs. Interpretation of fuzzy
outputs may also be less straightforward than crisp probabilities [10].

The Multinomial Process Tree (MPT) method is useful for modeling sequences of
probabilistic events and allocating resources to reduce risks effectively. It helps predict how
disruptions propagate and can guide preventive measures. However, MPT is less suited for
systems with complex two-way or simultaneous interactions, which limits its applicability
for highly interconnected MASS scenarios. The computational effort also grows with system
complexity [16]. Finally, Fault Tree Analysis (FTA) remains a fundamental technique due to
its structured approach in identifying failure paths and critical system components. It is
widely understood and can provide both qualitative and quantitative insights. However,
FTA traditionally assumes static system structures and may not capture dynamic or time-
dependent behaviors effectively. Furthermore, while it can incorporate human-related
failures, it may not fully account for the nuanced interactions between human operators
and autonomous systems that are characteristic of MASS operations.

These methodologies present a spectrum of tools that complement each other, each
addressing different aspects of reliability and risk assessment. Bayesian Networks and
Fault Tree Analysis offer strong quantitative frameworks but face scalability and dynamic
modeling challenges. Human Factors and Human-System Interaction approaches empha-
size the crucial human element but are often qualitative and context-specific. Emerging
hybrid methods like STPA and Extended Fuzzy Fault Trees offer promising ways to inte-
grate complexity and uncertainty but require specialized expertise and resources. Effective
reliability assessment of marine propulsion systems in MASS likely requires combining
multiple approaches to capture technical, human, and systemic factors comprehensively.

4. Practical Applicability of Identified Reliability Assessment
Methodologies for MASS Propulsion Systems

Reliability assessment techniques such as FTA, FMEA, and Bayesian Networks (BNs)
are highly applicable to MASS due to the complex integration of mechanical, electrical, and
software systems.

FTA enables the identification of critical combinations of failures that could lead
to propulsion system malfunctions, supporting compliance with safety standards and
regulatory requirements for autonomous vessels. By clearly visualizing failure pathways,
FTA allows designers to implement redundancy, select more robust components, and
incorporate fail-safe mechanisms in high-risk areas. It also helps prioritize subsystems that
most significantly affect overall reliability, facilitating targeted preventive maintenance and
enhancing operational safety.

FMEA allows for the early detection of potential failure modes in propulsion systems,
ensuring that critical components are robust and reliable before deployment. By assigning
Risk Priority Numbers (RPNs) to each failure mode, operators can focus on the most severe
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or likely failures. This approach enables maintenance teams to develop targeted inspection
schedules and implement predictive maintenance strategies, concentrating resources on
the components that have the greatest impact on system reliability and vessel safety.

BNs provide a dynamic and probabilistic framework for assessing propulsion system
reliability. They allow real-time evaluation of failure probabilities by integrating sensor data,
system diagnostics, and environmental conditions. BNs also support predictive decision-
making for autonomous operations, enabling on-board algorithms to adjust speed, activate
redundancy, or take preventive actions in high-risk scenarios. Their ability to incorporate
incomplete or uncertain information from multiple sources makes them particularly well-
suited for complex, real-world maritime environments.

The application of these reliability assessment methodologies enhances safety, re-
duces the likelihood of accidents, and supports cost-effective maintenance by prioritizing
high-risk components. They also facilitate regulatory compliance through comprehen-
sive documentation and justification for autonomous system certification. Collectively,
these approaches improve the operational resilience of MASS, enabling vessels to maintain
functionality even under uncertain or adverse conditions.

5. Conclusions
This study presents a comprehensive reliability assessment of marine propulsion

systems in MASS using bibliometric analysis. Research articles were collected from the
Web of Science (WoS) and Scopus databases. The study investigates the countries involved,
key publication sources, influential papers and authors, research tools employed, and
the frequency of important keywords. Although the earliest publication in this field
dates back to 1974, the topic remained relatively underexplored until recent years. A
significant increase in research activity has occurred between 2017 and 2021. Prior to 2007,
only a small number of relevant papers had been published. Norway emerged as the
leading contributor to this field, followed by the United States. Bibliographic coupling at
the organizational level indicates that the Department of Marine Technology in Norway
has had the most significant influence on this research area. Among the sources, Safety
Science is the most frequently cited and influential journal, followed by Ocean Engineering,
Safety and Reliability: Safe Societies, and Applied Sciences. In terms of bibliographic
coupling of documents, paper [9] is identified as the most influential, followed by paper [18].
Regarding authorship, author [22] stands out as the most influential, having published
11 papers, while author [23] follows with 5 publications. The co-occurrence analysis of
author keywords highlights that autonomous ships, reliability, marine vehicle, safety,
reliability engineering, and Bayesian network are among the most commonly used and
significant terms in this research domain. In terms of methodological tools, BNs, FTA, and
FMEA are the most frequently applied. Among these, Bayesian networks are the most
widely used due to their strong capability in handling uncertainty and complex system
interactions. Future studies could expand this scope by incorporating advanced approaches
such as Prognostics and Health Management (PHM), Condition-Based Maintenance (CBM),
and Digital Twin technologies, alongside emerging techniques including machine learning,
data-driven analytics, and hybrid physical data-driven modeling frameworks. Additionally,
incorporating industry perspectives or case studies would further enhance the practical
relevance of the findings.
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Appendix A

Table A1. Number of articles selected for this study.

Number Title Reference

1 An RCM approach for assessing reliability challenges and maintenance needs of
unmanned cargo ships [3]

2 A multinomial process tree for reliability assessment of machinery in autonomous ships [4]

3 Comments to Wróbel and Montewka on collision avoidance of autonomous ships and
human failure events [23]

4 Research on Unmanned Ship Control System Based on Fuzzy PID [24]

5 Risks and benefits of crew reduction and/or removal with increased automation on the
ship operator: A licensed deck officer’s perspective [15]

6 Identification of the relationship between maritime autonomous surface ships and the
operator’s mental workload [25]

7 Development of Autonomous Recovery System for Pipeline of Naval Ships by Using a
Multi-Stage Control Algorithm [26]

8 Online Fault Detection in Autonomous Ferries: Using Fault-Type Independent Spectral
Anomaly Detection [27]

9 Operator focused automation of ROV operations [28]

10 A method and application platform of testing technology for unmanned ship [29]

11 A generic approach to analysing failures in human—System interaction in autonomy [30]

12 A Delphi-AHP study on STCW leadership competence in the age of autonomous
maritime operations [31]

13 Ship main engine lubricating oil system’s reliability analysis by using Bayesian
network approach [5]

14 Risk Management of Autonomous Marine Systems and Operations [22]

15 The ocean-going autonomous ship—Challenges and threats [32]

16 Enabling Technologies for Maritime Autonomous Surface Ships [33]

17 Collision avoidance on maritime autonomous surface ships: Operators’ tasks and
human failure events [9]

18 Hybrid Approach to Estimate a Collision-Free Velocity for Autonomous
Surface Vehicles [34]

19 Reliable and cost-effective communication at high seas, for a safe operation of
autonomous ship [35]

20 Hydrodynamic design of a morphic autonomous underwater vehicle using
neural networks [36]

21 High reliability management and control operator risks in autonomous marine systems
and operations [14]
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Number Title Reference

22 Application of reliability, availability and maintenance principles and tools for
ship design [20]

23 Toward an Autonomous Communications Relay for Deep-Water Scientific
AUV Operations [37]

24 Assessing ship risk model applicability to Marine Autonomous Surface Ships [18]

25 Intact stability and seakeeping characteristics of autonomous surface vehicle (asv)
using swath hullform to support bathymetry survey activities on the coastal area [38]

26 Toward a reliable main engine lubricating oil system for a safe operation of
autonomous ship [6]

27 Task human reliability analysis for a safe operation of autonomous ship [7]

28 On factors affecting autonomous ship operators’ performance in a Shore Control Center [12]

29 Accounting for human failure in autonomous ship operations [11]

30 Risk from cyberattacks on autonomous ships [39]

31 At least as safe as manned shipping? Autonomous shipping, at least as safe as manned
shipping? autonomous shipping, safety and “human error” [40]

32 A risk model for autonomous marine systems and operation focusing on
human-autonomy collaboration [13]

33 Integrated 5G satellite-terrestrial systems: Use cases for road safety and
autonomous ships [41]

34 Toward reliable maritime communication for a safe operation of autonomous ship [7]

35 Fail silent and robust power management architectures to enable autonomous driving
embedded systems [42]

36 Locata network design and reliability analysis for Harbour positioning [43]

37 Neural anti-collision system for Autonomous Surface Vehicle [44]

38 Reliability assessment of an autonomous underwater vehicle propulsion by using
electrical multi-phase drive [45]

39 Autonomous mobile inspection system for detecting hidden voids in LNG carrier
triplex bonding layers [46]

40 An autonomous structural health monitoring solution [47]

41 Design of an autonomous surface vehicle used for monitoring the marine environment [48]

42 Research on computer vision-based for UAV autonomous landing on a ship [49]

43 Predicting risk in missions under sea ice with autonomous underwater vehicles [50]

44 Autonomous straightening and traversing of shipboard helicopters [51]

45 From autonomous underwater vehicles (AUV’s) to supervised underwater
vehicles (SUV’s) [52]

46 A study on advanced man-machine interface system for autonomous nuclear
power plants [53]

47 Reconfigurable control of an autonomous underwater vehicle [54]

48 Towards supervisory risk control of autonomous ships [17]

49 Information Exchange System for Efficient Operations of Autonomous Ship [55]

50 On the use of leading safety indicators in maritime and their feasibility for Maritime
Autonomous Surface Ships [56]

51 The Impact of Autonomous Ships on Safety at Sea—A Statistical Analysis [57]
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Number Title Reference

52 Communication architecture for autonomous passenger ship [58]

53 Human-system concurrent task analysis for maritime autonomous surface ship
operation and safety [23]

54 A probabilistic model of human error assessment for autonomous cargo ships focusing
on human-autonomy collaboration [19]

55 Risk assessment of the operations of maritime autonomous surface ships [58]

56 A novel risk assessment process: Application to an autonomous inland waterways ship [59]

57 Assessing autonomous ship navigation using bridge simulators enhanced by
cycle-consistent adversarial networks [60]

58 Ontology-Based Fault Tree Analysis Algorithms in a Fuzzy Environment for
Autonomous Ships [61]

59 A Comprehensive Survey of Prognostics and Health Management Based on Deep
Learning for Autonomous Ships [62]

60 Towards the development of a system-theoretic model for safety assessment of
autonomous merchant vessels [63]

61 Intent inference of ship maneuvering for automatic ship collision avoidance [64]

62 Risk assessment of collisions of an autonomous passenger ferry [65]

63 A concept of critical safety area applicable for an obstacle-avoidance process for
manned and autonomous ships [66]

64 CFD Simulation of the Safety of Unmanned Ship Berthing under the Influence of
Various Factors [67]

65 AIS-based multiple vessel collision and grounding risk identification based on adaptive
safety domain [68]

66 A systemic hazard analysis and management process for the concept design phase of an
autonomous vessel [69]

67 Risk-based regulation and certification of autonomous transport systems [70]

68 A Formation Autonomous Navigation System for Unmanned Surface Vehicles with
Distributed Control Strategy [71]

69 Adaptive steering control for an azimuth thrusters-based autonomous vessel [72]

70 Towards the assessment of the potential impact of unmanned vessels on maritime
transportation safety [73]

71 Risk-aware Path Planning for Autonomous Underwater Vehicles using Predictive
Ocean Models [74]

72 Orientation-Aware Ship Detection via a Rotation Feature Decoupling Supported Deep
Learning Approach [75]

73 Review of Condition Monitoring and Fault Diagnosis for Marine Power Systems [76]
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