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Abstract
This paper investigates the reliability of internal marine combustion engines using an integrated approach that combines Fault Tree Analysis 
(FTA) and Bayesian Networks (BN). FTA provides a structured, top-down method for identifying critical failure modes and their root causes, 
while BN introduces flexibility in probabilistic reasoning, enabling dynamic updates based on new evidence. This dual methodology overcomes 
the limitations of static FTA models, offering a comprehensive framework for system reliability analysis. Critical failures, including External 
Leakage (ELU), Failure to Start (FTS), and Overheating (OHE), were identified as key risks. By incorporating redundancy into high-risk 
components such as pumps and batteries, the likelihood of these failures was significantly reduced. For instance, redundant pumps reduced the 
probability of ELU by 31.88%, while additional batteries decreased the occurrence of FTS by 36.45%. The results underscore the practical 
benefits of combining FTA and BN for enhancing system reliability, particularly in maritime applications where operational safety and 
efficiency are critical. This research provides valuable insights for maintenance planning and highlights the importance of redundancy in critical 
systems, especially as the industry transitions toward more autonomous vessels.
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1  Introduction

The reliability of ship machinery is essential to ensure 
safe and efficient maritime operations. Reliable machinery 
reduces downtime, minimizes the risk of accidents, and 
ensures that vessels meet their performance and safety 
standards. Reliability tools like Fault Tree Analysis (FTA), 
Event Tree Analysis (ETA), and Reliability Block Dia‐
grams (RBD) assess failure risks by analysing both quanti‐
tative and qualitative machinery data. Methods such as 

Failure Mode, Effects, and Criticality Analysis (FMECA) 
and Fuzzy Multi-Criteria Decision-Making Approaches 
(FCDMA) have been applied to identify critical compo‐
nents and support maintenance decisions (Daya and Laza‐
kis, 2023a). Other tools, including Bayesian belief net‐
works, Monte Carlo simulations, and Markov chains, are 
used to model maintenance planning for complex systems 
with stochastic failures (Daya and Lazakis, 2023b).

System reliability analysis has long supported mainte‐
nance planning, evolving from simple machine breakdowns 
to condition monitoring and predictive analysis (Lazakis 
et al., 2016). Advances in reliability analysis have shaped 
modern maintenance strategies, helping prioritize actions 
based on how component failures affect equipment avail‐
ability (Iheukwumere-Esotu and Yunusa-Kaltungo, 2021). 
In industries where human safety and environmental pro‐
tection are paramount, risk and criticality play a central 
role in maintenance planning (DE Jonge et al., 2017). The 
adoption of new technologies, such as onboard diagnos‐
tics, intelligent sensors, and Internet of Things (IoT), allows 
ship operators to implement remote monitoring and digital 
twin technologies. These innovations enable real-time con‐
dition monitoring, reduce crew levels, lower maintenance 
costs, and improve environmentally friendly operations.

Aided by rapid development of various technologies 
such as artificial intelligence, robotics, sensors, and advanced 
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control systems to navigate, communicate, and make deci‐
sions Maritime Autonomous Surface Ships (MASS) have 
become an important research topic (Jovanović et al., 
2024). Compared with conventional ships, MASS have 
high embodied intelligence and smart technologies that 
offer advantages such as lower crew expenses, reduced 
chance of human error, and so on (Antão and Guedes 
Soares, 2019; Goerlandt, 2020; Utne et al., 2019).

It is still unknown whether MASS can operate safetly 
without human intervention (Burmeister et al., 2014; Papad‐
imitriou et al., 2020). Although smart technologies will be 
included in MASS in the future, there are still significant 
concerns for the system’s reliability due to removing 
humans from ship operations. It is not clearly defined yet 
how the failures are managed as quickly as possible with‐
out human interaction (Karatuğ et al., 2022).

1.1  Maintenance of marine systems

Maintenance is one of the crucial factors in sustaining 
efficient and uninterrupted cruises performed by marine 
vessels (Pintelon and Parodi-Herz, 2008). It enables the 
operation of the systems or equipment at the desired level 
and improves their condition in case of failures. Perform‐
ing an influential maintenance process throughout the sys‐
tem can significantly contribute to the management from 
the perspective of the reduction of damages caused by fail‐
ures, saving from production and operation costs, safety 
hazards for seafarers, and protection of the environment 
(Barata et al., 2002; Lazakis and Ölçer, 2016). Moreover, 
it allows for increasing reliability, availability, and opera‐
tional efficiency of the systems and equipment (Karatuğ 
and Arslanoğlu, 2022).

Maintenance activities of the ship machinery systems 
are mostly made by the marine operators onboard or a spe‐
cialized third-party company. In the maritime industry, 
maintenance has evolved by corrective (CM), preventive 
(PM), and predictive (PrM) (Cullum et al., 2018). Current 
practices onboard rely on a planned maintenance system. 
In this regard, maintenance management plans of a ship 
are performed according to maintenance schedules created 
based on the experience of experts in the technical depart‐
ment, requirements of legal or class, and recommendations 
of manufacturers. Although this approach is the most fre‐
quent strategy used within the shipping industry, thanks 
to recent technological developments, it has been noticed 
that it has some drawbacks such as loss from the useful 
life of the equipment and more maintenance costs (Tan 
et al., 2020).

Maintenance of ship machinery systems is complicated 
since various systems and equipment are linked. The corre‐
lation between the subsystems can cause huge fault dam‐
age to the system (Kowalski et al., 2017). Islam et al. 
(2018) developed a Bayesian network (BN) model to assess 
human error probability (HEP) during maintenance activi‐

ties, emphasizing both internal (e. g., training, fatigue) 
and external factors (e. g., weather, ship motion). This 
study provided a framework to dynamically update human 
error probabilities based on real-time data, offering a signifi‐
cant advancement in risk management strategies. Islam 
et al. (2019) further explored the reliability of fuel oil sys‐
tems in marine propulsion engines, identifying critical fail‐
ure-prone components such as fuel injectors and high-pres‐
sure pipes. The study collected failure data through struc‐
tured surveys and statistical analyses, highlighting the 
inadequacies in traditional maintenance schedules and 
advocating for condition-based approaches to mitigate 
risks. Furthermore, the challenges in maintaining overall 
engine reliability were examined by Anantharaman et al. 
(2019). They identified key subsystems, including lubricat‐
ing oil and cooling water systems, as frequent sources of 
failure. Their research underlined the need for enhanced 
data collection and analysis to develop robust reliability 
assessment models. These models would enable better main‐
tenance planning and reduce engine-related accidents.

1.2  Maintenance and MASS

In term of maintenance of the MASS, Karatuğ et al. 
(2022) proposed that different types of maintenance strate‐
gies need to be adopted in the future based on the auton‐
omy level and crew present onboard. Accordingly, it is 
seen that the combination of the predictive and preventive 
approaches is promising for the MASS due to achieve 
advantages from both strategies. Hence, the reliability level 
of ship machinery systems can be sustained at high levels.

Eriksen et al. (2021) developed a reliability-centered 
maintenance strategy for unmanned ships and practiced it 
along the main engine freshwater cooling system. They 
found that a redundant system design reduces risks within 
the system on unmanned ships but it is still challenging. 
Daya and Lazakis (2023b) analysed the reliability and avail‐
ability of four diesel generators by combining dynamic FTA, 
Bayesian Belief Network (BBN), and FMECA. They found 
that the lubricating system has the highest reliability while 
the cooling system has the lowest. Moreover, they built on 
a smart maintenance framework integrated with Artificial 
Neural Networks (ANN) by improving their analysis (Daya 
and Lazakis, 2024). In Lazakis et al. (2018), an intelligent 
maintenance strategy was proposed for predicting the 
upcoming values of all main engine cylinder exhaust gas 
temperatures. As a base for the strategy, reliability tools 
such as FTA and Failure Mode Effect Analysis (FMEA) 
were used to determine critical parameters.

Some reliability analyses were performed for the systems 
belonging to the ship engine room such as the cooling 
water system (Allal et al., 2017) and lubricating oil system 
(Allal et al., 2018). The reliability levels of the systems 
were revealed in two different scenarios which are conven‐
tional system design and system design with redundancy. 
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The analyses present major recommendations regarding 
autonomous ships. Gao et al. (2021) modelled the overall 
reliability of unmanned surface vessels to identify the criti‐
cal subsystems and components. In this regard, importance 
measures and sensitivity analyses were performed using 
the Dynamic Bayesian Network (DBN). Liang et al. (2017) 
proposed a framework for the maintenance of ship machin‐
ery systems to evaluate reliability by merging the BN and 
the Monte Carlo simulation method.

Han et al. (2024) proposed a maintenance model related 
to ship machinery systems of the MASS based on the 
DBN. The model is applied to cooling systems and it is 
found that planned maintenance costs may be decreased by 
redundancy and enhanced detection facilities. Abeei et al. 
performed some reliability analysis regarding the MASS. 
In Abaei et al. (2021) analysis, it was aimed to enhance 
system reliability based on the model using a Multinomial 
Process Tree method. In the other paper Abaei et al. (2022), 
the effect of redundancy on unmanned ships was demon‐
strated by estimating the availability of unmanned ships 
using the Random Process Tree and Probabilistic Bayesian 
Network. BahooToroody et al. (2022) established a proba‐
bilistic model to estimate the reliability of different degrees 
of autonomous ship machinery systems with a methodology 
that includes the Markov Chain method, Monte Carlo sim‐
ulation, and Bayesian Interface.

1.3  Reliability analysis of marine systems

FTA has been widely applied in the maritime industry to 
assess and improve the reliability and safety of various 
ship systems and operations. Its structured approach helps 
identify potential failure points and assess the risk of unde‐
sired events in complex maritime environments. FTA is 
used to evaluate the reliability of critical shipboard machin‐
ery, such as propulsion systems, engines, and power gener‐
ation systems. By modeling potential failures in machinery 
components (e.g., pumps, compressors, and control units), 
it helps identify weak points that could lead to system fail‐
ure (Laskowski, 2015; Lazakis et al., 2018). It supports 
maintenance planning by estimating the likelihood of 
machinery breakdowns, helping to minimize downtime 
and improve operational efficiency (Basurko and Uriondo, 
2015; Meneghetti and De Zan, 2016). FTA is applied to 
assess the dependability of navigation systems, including 
radar, GPS, and electronic chart display and information 
systems (ECDIS). By mapping potential failures in these 
systems, FTA can help improve ship navigational safety 
and reduce the risk of accidents like groundings or colli‐
sions (Fan et al., 2022; Yan et al., 2020). However, tradi‐
tional FTA does not incorporate time-dependent failures 
or sequence dependencies, leading to static assessments. 
The introduction of dynamic fault tree analysis (DFTA) 
overcomes these limitations by integrating time-sequential 
analysis and repair mechanisms (Akyuz et al., 2020; Guan 

et al., 2016).
ETA, an inductive method, complements FTA by analyz‐

ing the outcomes of initiating events. It is particularly suited 
for assessing cascading failures and decision pathways in 
risk management scenarios. However, ETA often relies 
heavily on accurate probability data and can be limited in 
modeling interdependencies among system components 
(Akyuz et al., 2020; Hosseini et al., 2020). FMECA extends 
FMEA by introducing a criticality assessment to prioritize 
risks based on their severity and probability. This tool is 
particularly valuable in preventive maintenance and identi‐
fying high-risk components. However, it is labor-intensive 
and subjective, as its effectiveness heavily depends on 
expert judgment (Zaman et al., 2014). RBD provides a 
graphical approach to assess system reliability by visualiz‐
ing the interdependencies among components in terms of 
serial or parallel arrangements. While it offers a straight‐
forward mechanism for modular analysis, it often oversim‐
plifies the actual interrelations in dynamic or redundant 
systems, which can lead to inaccuracies in complex scenar‐
ios (Jakkula et al., 2021).

Integrative approaches that combine these methods 
are increasingly prevalent in maritime risk analysis. For 
instance, combining FTA with fuzzy logic has been applied 
to account for uncertainties in expert judgments, particu‐
larly in maritime scenarios like cargo liquefaction (Akyuz 
et al., 2020). Similarly, integrating RBD and BN has shown 
promise in providing a more comprehensive analysis of 
system reliability under dynamic conditions (Laskowski, 
2015).

BNs in maritime applications are utilized for risk assess‐
ment and management (Zhou and Yuen, 2024), allowing 
for the identification of potential hazards (Bai et al., 2023) 
and their impacts on maritime operations (Basnet et al., 
2023; Iaiani et al., 2023). They assist in fault diagnosis by 
analyzing sensor data to determine the most likely causes 
of equipment failures, enhancing maintenance strategies 
(Cheliotis et al., 2022). Additionally, BN optimize naviga‐
tion and route planning by evaluating various factors such 
as weather conditions and vessel performance to improve 
safety and efficiency (Li et al., 2023; Zhang et al., 2024). 
Furthermore, BN are applied for investigeting reliability 
and safety of autonomous shipping (Guo and Utne, 2022; 
Johansen and Utne, 2022; Lee et al., 2023; Maidana et al., 
2023; Yang et al., 2023).

1.4  Aim and contributions of the paper

Based on the literature review presented in Sections 
above, knowledge gaps are identified as follows:

• Although the impact of redundancy is evaluated within 
a couple of papers, there is still a lack of knowledge on the 
examination of reliability corresponding to systems related 
to the ship’s main engine as a whole.

• To the best of the authors’ knowledge, there are no stud‐
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ies that adress specific failures of ship main engine and 
their connection with specific equipment. However, these 
aspects are very important since the goal to increase ship 
autonomy appears simultaneously with target of increase 
of ship reliability, so it is important to understand what are 
the weak points of main engine.

The aim of this paper is to utilize FTA and BN to assess 
reliability of ship main engine.

The contributions of this paper are summarized as 
follows:

• Indentification of critical failures and failure mecha‐
nisms of ship main engine.

• Identification of weak points of ship main engine.
• Evaluation of the impact of redundancy on the overall 

reliability of a ship’s main engine.
In addition, the results of the analysis are essential for 

the relevant literature and the maritime sector to provide 
general ideas regarding the possible failures of the ship’s 
main engine and its reliable operation within the more 
autonomous ship design. The proposed methodology is 
able to guide future redundancy and maintenance planning 
for more reliable ship operations.

2  Methodology

Methodology for system reliability assessment, integrat‐
ing FTA and BN, is illustrated in Figure 1. The process 
begins with selecting the system, defining its boundaries, 
specifying subsystems and components, identifying failure 
modes, and obtaining reliability data. These inputs are uti‐
lized to construct an FTA, which organizes primary events, 
intermediate events, and a top event through the applica‐
tion of Boolean gates and associated occurrence probabili‐
ties. Subsequently, the FTA structure is mapped into BN, 
wherein primary events are represented as root nodes, 
intermediate events as intermediate nodes, and the top event 
as a leaf node. The probabilities derived from the FTA are 

incorporated into the BN as prior probabilities and condi‐
tional probability tables, facilitating a dynamic and proba‐
bilistic analysis of system reliability and interdependencies.

2.1  Fault tree analysis

FTA is a widely adopted method for modeling the de‐
pendability of large systems. It is a deductive approach 
that uses Boolean logic to graphically represent the combi‐
nations of equipment failures, human errors, and external 
factors that contribute to specific system failures. By using 
a fault tree diagram, the causes of an event can be identi‐
fied, and, with known failure rates, the probability of the 
undesired event (top event) can be calculated for both 
qualitative and quantitative analysis. FTA assumes all 
events are binary (either functioning or not), that events 
are statistically independent, and that their relationships 
can be modeled using logical AND and OR gates. More 
complex gates are created through combinations of these ba‐
sic gates. The different pages may be linked together by 
transfer gate. Although FTA effectively represents the 
causes of system failures and accounts for multiple simulta‐
neous faults, it does not capture the sequential order of com‐
ponent failures leading to a system failure. FTA diagrams 
used in this paper are inustrated on Figure 1.

2.2  Bayesian networks

A BN is a directed acyclic graph (DAG), which means 
it does not contain any cycles, ensuring that one cannot 
return to a previous position. The network consists of nodes 
and directed arcs, also known as edges. Each node repre‐
sents a specific state or condition, while an arc indicates a 
direct influence between nodes. The directed nature of the 
arcs allows them to represent cause-and-effect relation‐
ships. In the context of system reliability modeling, the 
nodes of the BN represent the states of different items, and 
the arcs illustrate how these states influence one another. A 
BN describes how one node directly affects other nodes. 

Figure 1　Methodology
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Typically, the nodes (and variables) in a BN are not inde‐
pendent, so it is necessary to use conditional probabilities. 
This influence is represented by a conditional probability 
table (CPT). CPT is a crucial component of a BN that quan‐
tifies the relationships between nodes. Each node in the BN 
can have a CPT that describes the probabilities of the 
node’s possible states given the states of its parent nodes 
(Rausand, 2004).

In a Bayesian model, the nodes represent random vari‐
ables, while the arcs indicate the relationships or depen‐
dencies between them. Each node can include descriptions 
of the variables through probability distribution functions, 
probability tables, or deterministic equations from parent 
nodes. Specifically, prior probability tables are used for 
root nodes, conditional probability tables apply to parent 
nodes. The links between nodes signify the influence or 
causal relationships among the variables. The primary goal 
of Bayesian networks is to determine the probability distri‐
bution of a set of variables based on prior knowledge of 
certain variables and observations of others. Figure 2 illus‐
trates BN with two variables A and B. Both variables 
have two states respectively (a1 and a2); (b1 and b2). 
The a priori probability of node A is given by P(A =  a1) 
and P(A = a2).

A Conditional Probability Table (CPT) will be associ‐
ated with node B, that is to say P ( )|B A . It is defined as 

the matrix (1):

P (B|A) =
é

ë

ê
êê
ê
ê
ê ù

û

ú
úú
ú
ú
úP ( )|B = b1 A = a1 P ( )|B = b1 A = a2

P ( )|B = b2 A = a1 P ( )|B = b2 A = a2
(1)

This probability is computed by the Bayes Theorem 
which gives the name of BNs written as:

P ( |A B) =
P ( )A, B

P ( )B
=

P ( )B P ( )B, A

P ( )B
(2)

The semantics of Bayesian networks allows assessing 
also the joint probability as (3):

P ( X1, X2, ⋯, Xn ) =∏
i

n ( )|Xi pa ( )Xi (3)

where ( )X1, X2, ⋯, Xn  are the variables and pa ( )Xi  are the 

parents.
Knowledge represented by BNs can be obtained from 

experience feedback, observations, expert’s judgements, 
manufacturer’s documents. BNs allow merging data from 
different sources and of diverse nature in one model.

2.3  Converting an FTA into a BN

While it is possible to construct a BN directly from sys‐
tem analysis, converting a FTA into a BN leverages the 
familiarity that most analysts have with FTs to create an 
initial version of the BN for the system in question. This 
conversion process is straightforward, and any analyses con‐
ducted using FTAs can also be executed using BN infer‐
ence (Jones et al., 2010). However, as previously noted, 
BNs provide additional benefits, such as the ability to incor‐
porate local dependencies, multistate variables, and uncer‐
tainties, along with dependencies among elements that can 
be added to the BN post-conversion. Figure 3 illustrates 
the simplified process of transforming FTAs into BNs. The 
first step in converting a FTA into a BN is to create a corre‐
sponding node for each event and base element (primary 
event/component) in the FTA. If a base element appears 
multiple times in the FTA, only one node should be created 
in the BN. The second step involves connecting the nodes 
in the same manner as the gates in the FTA. The third step 
is to construct a conditional probability table (CPT) for 
each node based on the logic gates in the FTA. In Figure 4, 
the CPT is assigned to nodes connected by AND and OR 
gates, which represent deterministic relationships; thus, 
the entries are either 0 or 1, with 1 indicating a failure and 
0 indicating operational status.

Mapping FTA in BN to perform risk assessment analy‐
sis has been carried out for various problems. Sakar et al. 
(2021) analyse grounding accident risks by applying a com‐
bined FTA and BN model, contributing to the literature by 
using this dynamic risk assessment methodology to evalu‐
ate the relationships and impacts of contributing factors. 
Sokukcu and Sakar (2022) conducted a probabilistic risk 
analysis of collision incidents by integrating FTA with BN 
analysis, enhanced by fuzzy theory to address uncertainty 
and simulate risks through probability updating and sensi‐
tivity analysis. A BN model is utilized to overcome the 
limitations of FTA, including issues with conditional depen‐

Figure 2　FTA diagrams used in this paper

Figure 3　Example of Bayesian network
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dencies and its rigidity, in the analysis of pilot transfer 
accidents (Sakar and Sokukcu, 2023). Roozbahani and 
Ghanian (2024) demonstrated that the integrated approach 
effectively addresses limitations of FTA and BN models, 
offering valuable advantages to decision-makers in water 
supply and resource management by incorporating social, 
political, environmental, technical, and economic factors, 
and serving as a flexible tool for various water transfer 
projects.

3  Case study

Reliability data can generally be obtained from: field, 
testing, manufacturers, generic reliability databases, expert 
judgment, reliability prediction models, research reports 
and papers (Rausand, 2004). In this paper, reliability data 
is obtained from The Offshore and Onshore Reliability 
Data (OREDA) (OREDA, 2015). OREDA is generic reli‐
ability database commercially available as handbooks and 
computerized database. OREDA is often claimed to be the 
highest quality source of reliability data available and has 
been a model for other databases (Rausand, 2004). ORE‐
DA classifies failure modes in three categories:

1. Critical–A failure that causes immediate and complete 
loss of a system’s capability of providing its output.

2. Degraded–A failure that is not critical, but that pre‐
vents the system from providing its output within specifi‐
cations. Such a failure would usually, but not necessarily, 
be gradual or partial, and may develop into a critical fail‐
ure in time.

3. Incipient–A failure that does not immediately cause 
loss of a system’s capability of providing its output, but 
which, if not attended to, could result in a critical or degraded 
failure in the near future.

In this paper, the combustion engine is analysed. The 
boundary definition applies to combustion engines (diesel/
gas) driving equipment such as compressors, generators 
and pumps. The combustion engines are further subdivided 

into Subunits and Maintainable Items. Included within the 
boundary is the starting system and auxiliaries related to 
the engine, as shown in Figure 5.

Combustion engine is devided into six subsystems: start‐
ing system, engine, lubrications system, cooling system, 
control and monitoring system, and muscellaneous, which 
are further subdevide into equipment units and subunits. 
The failure rate function expresses how likely it is that an 
item that has survived up to time t, will fail during next 
unit of time. The life of the technical item can generally be 
split into three different phases: early failure phase, useful 
phase, and wear-out phase, Figure 6.

It is assumed that failure rate remains constant in useful 
phase. The main part of the failure events in OREDA 
(2015) come from the useful life phase, where failure rate 
is constant.

Acording to, these failure modes are identified for com‐
bustion engine:

1. AIR–Abnormal instrument reading,
2. BRD–Breakdown,
3. External leakage–Fuel–ELF,
4. External leakage–Utility medium–ELU,
5. Erratic output–ERO,
6. Fail to start on demand–FTS,
7. High output–HIO,
8. Internal leakage–INL,
9. Low output–LOO,
10. Noise–NOI,
11. Overheating–OHE,
12. Other–OTH,
13. Paremetar deviation–PDE,
14. Plugged/Choked–PLU,
15. Minor in-service problems–SER,
16. Structural deficiency–STD,
17. Fail to stop on demand–STP,
18. Unknown–UNK,
19. Spurious stop -UST,
20. Vibration–VIB.

Figure 4　Converting an FTA into a BN (Martins et al., 2014)
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4  Results

In the FTA construction, the following assumptions were 
considered:

• The components present binary failure modes (works/
fails),

• Relationship between events and causes are represented 
through logical AND and OR gates,

• Failures are statisticly independent.
Considering failure modes and failure mechanisms FTA 

of critical failure is constructed and shown on Figures 7‒11. 
Occurrence probabilities are obtained from OREDA (2015) 
and assigned to each primary event, as given in Table 1.

Using the algorithm described in Section 2.3, the BN is 
constructed for the critical failure, as illustrated in Figure 12. 
Once developed, BN is analysed using Netica (Netica 
Applications, 7.01).

The prior probability of the leaf node in the BN is calcu‐
lated to be P ( )CF = 0.345. It is worth noting that during 
predictive analysis when calculating the scenario occur‐
rence probability (deductive reasoning), the BN provides 
similar results to those of the traditional FT as long as pri‐
mary events are independent of each other. However, one 
of the unique characteristics of BN is its ability to use abduc‐
tive reasoning, which is aimed at updating the probability 
of the primary events given the occurrence of the accident 
precursors. Table 2 provides prior and posterior occur‐
rences for all events. The prior probability refers to the 
probability of an event or hypothesis before any new evi‐
dence or data is considered. The posterior probability is the 
updated probability of an event or hypothesis after taking 
into account new evidence. prior probabilities represent 
initial beliefs, and posterior probabilities reflect updated 
beliefs after evidence is incorporated. Six failure events 
can lead to critical failure: ELU, FTS, STP, HIO, OHE, 

Figure 5　Boundary definition of ship engine

Figure 6　Bath-tub shape of the failure rate
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and NOI. It is shown that failure mode ELU and FTS have 
the greatest impact on the occurrence of critical failure. 
Leakage and general mechanical failure contribute the 
most to ELU occurrence.

Figure 13 represents FTA constructed for failure mode 

ELU (External leakage–Utility medium) with regards to 
failure mechanism and maintainble item. Occurrence prob‐
abilities obtained from OREDA are assigned to each pri‐
mary event in Table 3. Piping and pumps have the gratest 
faulire rate.

Figure 8　FTA representing critical failure, GT1

Figure 9　FTA representing critical failure, GT2

Figure 10　FTA representing critical failure, GT5

Figure 7　FTA representing critical failure
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Table 1　Different events related to critical failure and their occurrence probabilities–FTA

Number

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

31

32

33

34

35

36

Component

Clearence/Alignment failure

Corrosion

Deformation

Instrument failure–general

Leakage

Looseness

Mechanical failure–general

Wear

External leakage–utility medium

Clearence/Alignment failure

Contamination

Earth/isolation fault

Out of adjusment

Instrument failure–general

Mechanical failure–general

Material failure–general

Fail to start on demand

Control failure

Instrument failure–general

Mechanical failure–general

Fail to stop on demand

Control failure

Out of adjusment

Mechanical failure–general

High output

Breakage

Looseness

Material failure–general

Overheating

Vibration

Overheating

Deformation

Control failure

Leakage

Mechanical failure–general

Wear

Noise

Symbol

CAF

COR

DEF

IFG

LE

LO

MCG

W

ELU

CAF

CON

EIF

OOA

IFG

MCG

MFG

FTS

CF

IFG

MCG

STP

CF

OOA

MCG

HIO

BR

LO

MFG

OHEI

V

OHE

DEF

CF

LE

MCG

W

NOI

Probability

0.013 4

0.006 7

0.006 7

0.006 7

0.087 2

0.020 1

0.047 0

0.068 0

OR-gate

0.006 7

0.006 7

0.006 7

0.013 4

0.006 7

0.013 4

0.013 4

OR-gate

0.006 7

0.006 7

0.006 7

OR-gate

0.006 7

0.006 7

0.006 7

OR-gate

0.006 7

0.006 7

0.006 7

0.013 4

0.006 7

OR-gate

0.006 7

0.006 7

0.013 4

0.020 1

0.006 7

OR-gate

Figure 11　FTA representing critical failure, GT6
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Figure 12　BN representing critical failure

Table 2　Comparison between prior and posterior probabilities–critical failure

Number

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

Component

Clearence/Alignment failure

Corrosion

Deformation

Instrument failure–general

Leakage

Looseness

Mechanical failure–general

Wear

External leakage–utility medium

Clearence/Alignment failure

Contamination

Earth/isolation fault

Out of adjusment

Instrument failure–general

Mechanical failure–general

Material failure–general

Fail to start on demand

Control failure

Instrument failure–general

Mechanical failure–general

Fail to stop on demand

Control failure

Out of adjusment

Mechanical failure–general

Symbol

CAF

COR

DEF

IFG

LE

LO

MCG

W

ELU

CAF

CON

EIF

OOA

IFG

MCG

MFG

FTS

CF

IFG

MCG

STP

CF

OOA

MCG

Probability

Prior

0.013 4

0.006 7

0.006 7

0.006 7

0.087 2

0.020 1

0.047 0

0.068 0

0.198 0

0.006 7

0.006 7

0.006 7

0.013 4

0.006 7

0.013 4

0.013 4

0.065 1

0.006 7

0.006 7

0.006 7

0.020 0

0.006 7

0.006 7

0.006 7

Posterior

0.038 9

0.019 4

0.019 4

0.019 4

0.253 0

0.058 3

0.136 0

0.077 8

0.574 0

0.019 4

0.019 4

0.019 4

0.038 9

0.019 4

0.038 9

0.038 9

0.189 0

0.019 4

0.019 4

0.019 4

0.057 9

0.019 4

0.019 4

0.019 4
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Redundancy can be defined as provision of more than 
one means or parallel paths in as tructure for performing a 
given function such that all means must fail before causing 
system failure (Rausand, 2004). Redundant parallel pump 
and piping is added for reliability analysis in Figure 14.

BN are constracted and anayisis is performed. Figure 15 
represents BN for ELU and Figure 16 represents BN for 
ELU with redundancy. Prior and posterior probabilities 
for each event are given in Table 4. By adding one redun‐
dant pump and piping, probability of ELU occurrence is 
decreased by 31.88%.

Figure 17 represents FTA constructed for failure mode 
FTS (Fail to start on demand) with regards to failure 
mechanism and maintainble item. Occurrence probabili‐
ties obtained from OREDA are assigned to each primary 
event in Table 5.

Table 2　Comparison between prior and posterior probabilities–critical failure (continued)

Number

25

26

27

28

29

30

31

31

32

33

34

35

36

37

Component

High output

Breakage

Looseness

Material failure–general

Overheating

Vibration

Overheating

Deformation

Control failure

Leakage

Mechanical failure–general

Wear

Noise

Critical failure

Symbol

HIO

BR

LO

MFG

OHEI

V

OHE

DEF

CF

LE

MCG

W

NOI

CF

Probability

Prior

0.020 0

0.006 7

0.006 7

0.006 7

0.013 4

0.006 7

0.039 6

0.006 7

0.006 7

0.013 4

0.020 1

0.006 7

0.052 5

0.345 0

Posterior

0.057 9

0.019 4

0.019 4

0.019 4

0.038 9

0.019 4

0.115 0

0.019 4

0.019 4

0.038 9

0.058 3

0.019 4

0.152 0

1.000 0

Figure 13　External leakage–Utility medium, FTA

Table 3　Different events related to ELU and their occurrence 
probabilities

Number

1

2

3

4

5

6

7

8

9

10

Component

Subunit

Looseness

Oil

Heat exchanger

Piping

Reservoir

Leakage

Cylinder

Pump

Wear

Symbol

SU

Lo

O

HE

PI

R

LE

C

P

W

Probability

0.020 1

OR-gate

0.013 4

0.013 4

0.020 1

0.006 7

OR-gate

0.013 4

0.013 4

OR-gate
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Figure 15　BN representing ELU

Figure 16　BN representing ELU redundancy

Figure 14　External leakage–Utility medium, FTA, redundancy
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Redundant start energy (battery) is added for reliability 
analysis in Figure 18.

BN are constracted and anayisis is performed. Figure 19 
represents BN for FTS and Figure 20 represents BN for 
FTS with redundancy. Prior and posterior probabilities for 
each event are given in Table 6. By adding one battery, 
probability of FTS occurrence is decreased by 36.45%.

Figure 21 represents FTA constructed for failure mode 
OHE (Overheating) with regards to failure mechanism and 
maintainble item. Occurrence probabilities obtained from 
OREDA are assigned to each primary event in Table 7.

Redundant pump is added for reliability analysis in 
Figure 22.

BN are constracted and anayisis is performed. Figure 23 
represents BN for OHE and Figure 24 represents BN for 
OHE with redundancy. Prior and posterior probabilities for 
each event are given in Table 8. By adding one redundant 

Table 4　Prior and posterior probabilities of different events related to ELU

Number

1

2

3

4

5

6

7

8

9

10

11

12

13

Component

Subunit

Looseness

Oil

Heat exchanger

Piping

Piping

Reservoir

Leakage

Cylinder

Pump

Pump

Wear

External leakage–Utility medium

Symbol

SU

Lo

O

HE

PI

PI

R

LE

C

P

P

W

ELU

First modelling

Prior

0.020 1

0.020 1

0.013 4

0.013 4

0.020 1

‒

0.006 7

0.052 6

0.013 4

0.013 4

‒

0.026 6

0.096 3

Posterior

0.209 0

0.209 0

0.139 0

0.139 0

0.209 0

‒

0.069 6

0.546 0

0.139 0

0.139 0

‒

0.276 0

1

Redundancy

Prior

0.020 1

0.020 1

0.013 4

0.013 4

0.020 1

0.020 1

0.006 7

0.052 9

0.013 4

0.013 4

0.013 4

0.013 4

0.065 6

Posterior

0.306 0

0.306 0

0.204 0

0.204 0

0.025 7

0.025 7

0.102 0

0.511 0

0.202 0

0.013 4

0.016 0

0.204 0

1

Figure 17　Fail to start on demand, FTA

Table 5　 Different events related to FTS and their occurrence 
probabilities

Number

1

2

3

4

5

6

7

8

9

10

11

Component

Start energy (battery)

Earth/isolation fault

Start energy (battery)

Material failure‒general

Fuel pump

Contamination

Heat exchanger

Air inlet

Mechanical failure‒general

Starting unit

Out of adjusment

Symbol

SE

EIF

SE

MFG

FP

CON

HE

AI

MCG

STU

OOA

Probability

0.006 7

OR-gate

0.013 4

OR-gate

0.006 7

OR-gate

0.006 7

0.006 7

OR-gate

0.013 4

OR-gate
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pump, probability of OHE occurrence is decreased by 
42.78%.

The results underscore the effectiveness of combining 
FTA and BN for reliability analysis. Redundancy proves to 
be a critical strategy for mitigating risks, especially for 
high-impact failure modes like ELU, FTS, and OHE. 
These findings provide valuable guidance for designing 

more reliable marine systems, emphasizing the need for 
targeted interventions in critical subsystems. This is espe‐
cially important for future ship designs with higher auton‐
omy degree. Their human-free nature is a crucial challenge 
since it is impossible to intervene in any failure during the 
cruise immediately. In this regard, the proposed methodol‐
ogy can guide redundancy planning of the ship main engine 

Figure 18　Fail to start on demand, FTA, redundancy

Figure 19　BN representing FTS

Figure 20　BN representing FTS redundancy
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and corresponding subsystems by defining weak points 
from the perspective of the failure probability. Then, apply‐
ing redundant system design and comparing results with 
and without redundancy provides essential insights regard‐
ing maintenance planning. Thanks to redundant system 
design, failure probability can be decreased for weak points, 
so ships that navigate long distances can perform more sus‐
tainable operations. Otherwise, a maintenance team should 
be transferred to the ship location to fix the system and 
sustain the ship’s navigation. In this sense, investing in the 
redundant system could save costs from maintenance and 
operational expenses. In addition, maintenance planning 
for the port durations of a ship with higher autonomy 
degree can be managed by examining failure probability 
with redundant system arrangement.

Table 6　Prior and posterior probabilities of different events related to FTS

Number

1

2

3

4

5

6

7

8

9

10

11

12

13

14

Component

Start energy (battery)

Start energy (battery)

Earth/isolation failure

Start energy (battery)

Start energy (battery)

Material failure‒general

Fuel pump

Contamination

Heat exchanger

Air inlet

Mechanical failure‒general

Starting unit

Out of adjusment

Fail to start on demand

Symbol

SE

SE

EIF

SE

SE

MFG

FP

CON

HE

AI

MCG

STU

OOA

FTS

First modelling

Prior

0.006 7

‒

0.006 7

0.013 4

‒

0.013 4

0.006 7

0.006 7

0.006 7

0.006 7

0.013 4

0.013 4

0.013 4

0.052 4

Posterior

0.128

‒

0.128

0.256

‒

0.256

0.128

0.128

0.128

0.128

0.255

0.256

0.256

1

Redundancy

Prior

0.006 70

0.006 70

0.000 04

0.013 40

0.013 40

0.000 18

0.006 70

0.006 70

0.006 70

0.006 70

0.013 40

0.013 40

0.013 40

0.033 30

Posterior

0.008 0

0.008 0

0.001 3

0.018 5

0.018 5

0.005 4

0.201 0

0.201 0 

0.201 0

0.201 0

0.401 0

0.402 0

0.402 0

1

Figure 21　Overheating, FTA

Table 7　 Different events related to OTH and their occurrence 
probabilities

Number

1

2

3

4

5

6

7

8

9

10

11

Component

Subunit

Breakage

Subunit

Loosness

Pump

Material failure‒general

Heat exchanger

Exhaust

Overheating

Pump

Vibrations

Symbol

SU

BR

SU

LO

P

MFG

HE

EH

OV

P

VI

Probability

0.006 7

OR-gate

0.006 7

OR-gate

0.006 7

OR-gate

0.006 7

0.006 7

OR-gate

0.006 7

OR-gate
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Figure 22　Overheating, FTA, redundancy

Figure 23　BN representing OHE

Figure 24　BN representing OHE redundancy
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5  Conclusions

This paper investigates reliability of combustion engine 
by means of FTA and BN. Bayesian Networks offer a 
robust framework for analysing the reliability of complex 
systems, demonstrating greater adaptability and flexibility 
compared to FTA. A detailed examination of the combus‐
tion engine reveals several key factors essential to system 
reliability and safety. Critical failures such as: ELU, FTS, 
STP, HIO, OHE, and NOI have been identified as signifi‐
cant risks to the operational efficiency of thec ombustion 
engine, necessitating careful management and risk mitiga‐
tion strategies. To enhance system safety, the paper pro‐
poses the implementation of redundancy of the parts that 
have the greatest failure rate to reduce the likelihood of 
accidents of overall system.

The main conclusions of this study can be summarized 
as follows:

1) Fault trees rely on strict Boolean logic with only 
AND and OR combinations, while BNs provide greater 
flexibility by allowing multiple states per node and more 
general ways to combine influences, making them an exten‐
sion of fault trees for reliability analysis. BNs update prior 
probabilities to more specific posterior probabilities by 
incorporating new observations, offering insights that better 
reflect the characteristics of the specific accident studied.

Six failure events—ELU, FTS, STP, HIO, OHE, and 
NOI—can lead to critical failure, with ELU and FTS hav‐
ing the greatest impact, largely driven by leakage and gen‐

eral mechanical failure.
2) Probability of ELU occurrence is decreased by 31.88% 

by adding redundant pump and piping.
3) Probability of FTS occurrence is decreased by 36.45% 

by adding redundat battery.
4) Probability of OHE occurrence is decreased by 42.78% 

by adding redundant pump.
5) Adding redundancy decreases the probability of fail‐

ure occurrence but at the same time increases the cost and 
makes the system more complicated. But if the cost of fail‐
ure is high, as in case of autonomous shipping, redundancy 
is often an attractive option.

Future research needs to be focused on redundancy of 
ship machinery with respect to higher autonomy degree. 
With the increasing adoption of autonomous systems in 
marine installations, reliability and safety are highlighted 
as essential prerequisites for their successful deployment. 
In this sense it is desirable to establish relation between 
costs and redundancy in order to prove that the authono‐
mous vessels are as safe as their conventional equivalents. 
Autonomous systems must maintain a high level of reli‐
ability to ensure stable and safe operation under varying 
conditions. Additionally, it is crucial to guarantee that these 
systems can effectively detect and respond to critical situa‐
tions, such as ELU, FTS and OHE faults, in order to reduce 
the risks of significant malfunctions or operational disrup‐
tions. Ultimately, the advancement of autonomous systems 
in marine installations marks a pivotal step toward a more 
efficient, safer, and competitive maritime industry.

Table 8　Prior and posterior probabilities of different events related to OTH

Number

1

2

3

4

5

6

7

8

9

10

11

12

13

14

Component

Subunit

Breakage

Subunit

Loosness

Pump

Pump

Material failure‒general

Heat exchanger

Exhaust

Overheating

Pump

Pump

Vibrations

Overheating

Symbol

SU

BR

SU

LO

P

P

MFG

HE

EH

OV

P

P

VI

OHE

First modelling

Prior

0.006 7

0.006 7

0.006 7

0.006 7

0.006 7

‒

0.006 7

0.006 7

0.006 7

0.013 4

0.006 7

‒

0.006 7

0.039 5

Posterior

0.169

0.169

0.169

0.169

0.169

‒

0.169

0.169

0.169

0.338

0.169

‒

0.169

1

Redundancy

Prior

0.006 70

0.006 70

0.006 70

0.006 70

0.006 70

0.006 70

0.000 04

0.006 70

0.006 70

0.013 40

0.006 70

0.006 70

0.000 04

0.026 60

Posterior

0.252 0

0.252 0

0.252 0

0.252 0

0.008 3

0.008 3

0.001 7

0.252 0

0.252 0

0.502 0

0.008 3

0.008 3

0.001 7

1

255



Journal of Marine Science and Application 

Acknowledgement  This research was supported by Istanbul 
Technical University (Project No. 45698). Ivana Jovanović, PhD 
student, is supported through the “Young Researchers’ Career 
Development Project– training of doctoral students” of the Croatian 
Science Foundation.

Competing interest  The authors have no competing interests to 
declare that are relevant to the content of this article.

References

Abaei MM, Hekkenberg R, BahooToroody A (2021) A multinomial 
process tree for reliability assessment of machinery in autonomous 
ships. Reliab Eng Syst Saf 210: 107484. https://doi.org/10.1016/j.
ress.2021.107484

Abaei MM, Hekkenberg R, BahooToroody A, Banda OV, van Gelder 
P (2022) A probabilistic model to evaluate the resilience of 
unattended machinery plants in autonomous ships. Reliab Eng 
Syst Saf 219: 108176. https://doi.org/10.1016/j.ress.2021.108176

Akyuz E, Arslan O, Turan O (2020) Application of fuzzy logic to 
fault tree and event tree analysis of the risk for cargo liquefaction 
on board ship. Applied Ocean Research 101: 102238. https://doi.
org/10.1016/j.apor.2020.102238

Allal AA, Mansouri K, Mohamed Y, Qbadou M, Youssfi M (2017) 
Toward a reliable sea water central cooling system for a safe 
operation of autonomous ship. International Journal of Industrial 
Electronics and Electrical Engineering 5: 108-117

Allal AA, Mansouri K, Youssfi M, Qbadou M (2018) Toward a 
reliable main engine lubricating oil system for a safe operation of 
autonomous ship. 2nd International Conference on System 
Reliability and Safety, ICSRS 2017, 391-399. https://doi.org/
10.1109/ICSRS.2017.8272854

Anantharaman M, Islam R, Khan F, Garaniya V, Lewarn B (2019) 
Data analysis to evaluate reliability of a main engine. TransNav 
13(2): 403-407. https://doi.org/10.12716/1001.13.02.18

Antão P, Guedes Soares C (2019) Analysis of the influence of human 
errors on the occurrence of coastal ship accidents in different 
wave conditions using Bayesian Belief Networks. Accid Anal 
Prev 133: 105262. https://doi.org/10.1016/j.aap.2019.105262

BahooToroody A, Abaei MM, Valdez Banda O, Montewka J, Kujala 
P (2022) On reliability assessment of ship machinery system in 
different autonomy degree; A Bayesian-based approach. Ocean 
Engineering 254: 111252. https://doi.org/10.1016/j.oceaneng.2022. 
111252

Bai X, Ling H, Luo XF, Li YS, Yang L, Kang JC (2023) Reliability 
and availability evaluation on hydraulic system of ship 
controllable pitch propeller based on evidence theory and 
dynamic Bayesian network. Ocean Engineering 276: 114125. 
https://doi.org/10.1016/j.oceaneng.2023.114125

Barata J, Guedes Soares C, Marseguerra M, Zio E (2002) Simulation 
modelling of repairable multi-component deteriorating systems 
for ‘on condition’ maintenance optimisation. Reliab Eng Syst Saf 
76: 255-264

Basnet S, BahooToroody A, Chaal M, Lahtinen J, Bolbot V, Valdez 
Banda OA (2023) Risk analysis methodology using STPA-based 
Bayesian network- applied to remote pilotage operation. Ocean 
Engineering 270: 113569. https://doi.org/10.1016/j.oceaneng.2022. 
113569

Basurko OC, Uriondo Z (2015) Condition-based maintenance for 
medium speed diesel engines used in vessels in operation. Appl 

Therm Eng 80: 404-412. https://doi.org/10.1016/j.applthermaleng. 
2015.01.075

Burmeister HC, Bruhn WC, Rødseth ØJ, Porathe T (2014) Can 
unmanned ships improve navigational safety? Transport Research 
Arena, Paris

Cheliotis M, Lazakis I, Cheliotis A (2022) Bayesian and machine 
learning-based fault detection and diagnostics for marine 
applications. Ships and Offshore Structures 17(12): 2686-2698. 
https://doi.org/10.1080/17445302.2021.2012015

Cullum J, Binns J, Lonsdale M, Abbassi R, Garaniya V (2018) Risk-
based maintenance scheduling with application to naval vessels 
and ships. Ocean Engineering 148: 476-485. https://doi.org/
10.1016/j.oceaneng.2017.11.044

Daya AA, Lazakis I (2023a) Component criticality analysis for 
improved ship machinery reliability. Machines 11(7): 737. https://
doi.org/10.3390/machines11070737

Daya AA, Lazakis I (2023b) Developing an advanced reliability 
analysis framework for marine systems operations and 
maintenance. Ocean Engineering 272: 113766. https://doi.org/
10.1016/j.oceaneng.2023.113766

Daya AA, Lazakis I (2023c) Developing an advanced reliability 
analysis framework for marine systems operations and 
maintenance. Ocean Engineering 272: 113766. https://doi.org/
10.1016/j.oceaneng.2023.113766

Daya AA, Lazakis I (2024) Systems reliability and data driven 
analysis for marine machinery maintenance planning and 
decision making. Machines 12(5): 294. https://doi.org/10.3390/
machines12050294

DE Jonge B, Teunter R, Tinga T (2017) The influence of practical 
factors on the benefits of condition-based maintenance over time-
based maintenance. Reliab Eng Syst Saf 158: 21-30. https://doi.
org/10.1016/j.ress.2016.10.002

Eriksen S, Utne IB, Lützen M (2021) An RCM approach for 
assessing reliability challenges and maintenance needs of 
unmanned cargo ships. Reliab Eng Syst Saf 210: 107550. https://
doi.org/10.1016/j.ress.2021.107550

Fan C, Montewka J, Zhang D (2022) A risk comparison framework 
for autonomous ships navigation. Reliab Eng Syst Saf 226: 
108709. https://doi.org/10.1016/j.ress.2022.108709

Gao C, Guo Y, Zhong M, Liang X, Wang H, Yi H (2021) Reliability 
analysis based on dynamic Bayesian networks: A case study of 
an unmanned surface vessel. Ocean Engineering 240: 109970. 
https://doi.org/10.1016/j.oceaneng.2021.109970

Goerlandt F (2020) Maritime autonomous surface ships from a risk 
governance perspective: Interpretation and implications. Saf Sci 
128: 104758. https://doi.org/10.1016/j.ssci.2020.104758

Guan Y, Zhao J, Shi T, Zhu P (2016) Fault tree analysis of fire and 
explosion accidents for dual fuel (diesel/natural gas) ship engine 
rooms. Journal of Marine Science and Application 15: 331-335. 
https://doi.org/10.1007/s11804-016-1366-6

Guo C, Utne IB (2022) Development of risk indicators for losing 
navigational control of autonomous ships. Ocean Engineering 
266: 113204. https://doi.org/10.1016/j.oceaneng.2022.113204

Han Z, Zhang D, Fan L, Zhang J, Zhang M (2024) A dynamic 
Bayesian network model to evaluate the availability of machinery 
systems in maritime autonomous surface ships. Accid Anal Prev 
194: 107342. https://doi.org/10.1016/j.aap.2023.107342

Hosseini N, Givehchi S, Maknoon R (2020) Cost-based fire risk 
assessment in natural gas industry by means of fuzzy FTA and 
ETA. J Loss Prev Process Ind 63: 104025. https://doi.org/10.1016/j.
jlp.2019.104025

Iaiani M, Tugnoli A, Cozzani V, Reniers G, Yang M (2023) A 

256



I. Jovanović et al.: Combined Fault Tree Analysis and Bayesian Network for Reliability Assessment of Marine Internal Combustion Engine

Bayesian-network approach for assessing the probability of 
success of physical security attacks to offshore Oil&Gas facilities. 
Ocean Engineering 273: 114010. https://doi.org/10.1016/j.
oceaneng.2023.114010

Iheukwumere-Esotu LO, Yunusa-Kaltungo A (2021) Knowledge 
criticality assessment and codification framework for major 
maintenance activities: A case study of cement rotary kiln plant. 
Sustainability (Switzerland) 13(9): 4619. https://doi.org/10.3390/
su13094619

Islam R, Anantharaman M, Khan F, Garaniya V (2019) Reliability 
assessment of a main propulsion engine fuel oil system-what are 
the failure-prone components? TransNav 13(2): 415-420. https://
doi.org/10.12716/1001.13.02.20

Islam R, Khan F, Abbassi R, Garaniya V (2018) Human error 
probability assessment during maintenance activities of marine 
systems. Saf Health Work 9(1): 42-52. https://doi.org/10.1016/j.
shaw.2017.06.008

Jakkula B, Mandela GR, Ch SNM (2021) Reliability block diagram 
(RBD) and fault tree analysis (FTA) approaches for estimation of 
system reliability and availability–a case study. International 
Journal of Quality and Reliability Management 38(3): 682-703. 
https://doi.org/10.1108/IJQRM-05-2019-0176

Johansen T, Utne IB (2022) Supervisory risk control of autonomous 
surface ships. Ocean Engineering 251: 111045. https://doi.org/
10.1016/j.oceaneng.2022.111045

Jones B, Jenkinson I, Yang Z, Wang J (2010) The use of Bayesian 
network modelling for maintenance planning in a manufacturing 
industry. Reliab Eng Syst Saf 95(3): 267-277. https://doi.org/
10.1016/j.ress.2009.10.007

Jovanović I, Perčić M, BahooToroody A, Fan A, Vladimir N (2024) 
Review of research progress of autonomous and unmanned 
shipping and identification of future research directions. Journal 
of Marine Engineering and Technology 23: 82-97. https://doi.org/
10.1080/20464177.2024.2302249

Karatuğ Ç, Arslanoğlu Y (2022) Importance of early fault diagnosis 
for marine diesel engines: a case study on efficiency management 
and environment. Ships and Offshore Structures 17: 472-480. 
https://doi.org/10.1080/17445302.2020.1835077

Karatuğ Ç, Arslanoğlu Y, Guedes Soares C (2022) Determination of 
a maintenance strategy for machinery systems of autonomous 
ships. Ocean Engineering 266: 113013. https://doi.org/10.1016/j.
oceaneng.2022.113013

Kowalski J, Krawczyk B, Woźniak M (2017) Fault diagnosis of 
marine 4-stroke diesel engines using a one-vs-one extreme 
learning ensemble. Eng Appl Artif Intell 57: 134-141. https://doi.
org/10.1016/j.engappai.2016.10.015

Laskowski R (2015) Fault tree analysis as a tool for modelling the 
marine main engine reliability structure. Scientific Journals of the 
Maritime University of Szczecin 41(113): 71-77

Lazakis I, Dikis K, Michala AL, Theotokatos G (2016) Advanced 
ship systems condition monitoring for enhanced inspection, 
maintenance and decision making in ship operations. 
Transportation Research Procedia 14: 1679-1688. https://doi.org/
10.1016/j.trpro.2016.05.133

Lazakis I, Ölçer A (2016) Selection of the best maintenance approach 
in the maritime industry under fuzzy multiple attributive group 
decision-making environment. Proceedings of the Institution of 
Mechanical Engineers Part M: Journal of Engineering for the 
Maritime Environment 230: 297-309. https://doi.org/10.1177/
1475090215569819

Lazakis I, Raptodimos Y, Varelas T (2018) Predicting ship 
machinery system condition through analytical reliability tools 

and artificial neural networks. Ocean Engineering 152: 404-415. 
https://doi.org/10.1016/j.oceaneng.2017.11.017

Lee P, Theotokatos G, Boulougouris E, Bolbot V (2023) Risk-informed 
collision avoidance system design for maritime autonomous 
surface ships. Ocean Engineering 279: 113750. https://doi.org/
10.1016/j.oceaneng.2023.113750

Li H, Ren X, Yang Z (2023) Data-driven Bayesian network for risk 
analysis of global maritime accidents. Reliab Eng Syst Saf 230: 
108938. https://doi.org/10.1016/j.ress.2022.108938

Liang XF, Wang HD, Yi H, Li D (2017) Warship reliability 
evaluation based on dynamic Bayesian networks and numerical 
simulation. Ocean Engineering 136: 129-140. https://doi.org/
10.1016/j.oceaneng.2017.03.023

Maidana RG, Kristensen SD, Utne IB, Sørensen AJ (2023) Risk-
based path planning for preventing collisions and groundings of 
maritime autonomous surface ships. Ocean Engineering 290: 
116417. https://doi.org/10.1016/j.oceaneng.2023.116417

Martins MR, Schleder AM, Droguett EL (2014) A methodology for 
risk analysis based on hybrid Bayesian networks: Application to 
the regasification system of liquefied natural gas onboard a 
floating storage and regasification unit. Risk Analysis 34(12): 
2098-2120. https://doi.org/10.1111/risa.12245

Meneghetti A, De Zan E (2016) Technicians and interventions 
scheduling for the maintenance service of container ships. Procedia 
CIRP 47: 216-221. https://doi.org/10.1016/j.procir.2016.03.078

Netica Applications, 7.01 [WWW Document], n.d. URL https://www.
norsys.com/index.html (accessed 9.16.24)

OREDA (2015) Offshore and onshore reliability data handbook. 
Volume 2: Topside equipment (6th edition), OREDA Participants

Papadimitriou E, Schneider C, Aguinaga Tello J, Damen W, Lomba 
Vrouenraets M, ten Broeke A (2020) Transport safety and human 
factors in the era of automation: What can transport modes learn 
from each other? Accid Anal Prev 144: 105656. https://doi.org/
10.1016/j.aap.2020.105656

Pintelon L, Parodi-Herz A (2008) Maintenance: An evolutionary 
perspective. Complex System Maintenance Handbook, Springer, 
London, 21-48. https://doi.org/10.1007/978-1-84800-011-7_2

Rausand M (2004) System reliability theory. 2nd editing, John 
Wiley & Sons, Inc

Roozbahani A, Ghanian T (2024) Risk assessment of inter-basin 
water transfer plans through integration of fault tree analysis and 
bayesian network modelling approaches. J Environ Manage 356: 
120703. https://doi.org/10.1016/j.jenvman.2024.120703

Sakar C, Sokukcu M (2023) Dynamic analysis of pilot transfer 
accidents. Ocean Engineering 287: 115823. https://doi.org/10.1016/
j.oceaneng.2023.115823

Sakar C, Toz AC, Buber M, Koseoglu B (2021) risk analysis of 
grounding accidents by mapping a fault tree into a Bayesian 
network. Applied Ocean Research 113: 102764. https://doi.org/
10.1016/j.apor.2021.102764

Sokukcu M, Sakar C (2022) Risk analysis of collision accidents 
during underway STS berthing maneuver through integrating 
fault tree analysis (FTA) into Bayesian network (BN). Applied 
Ocean Research 126: 103290. https://doi.org/10.1016/j.apor. 
2022.103290

Tan YH, Tian H, Jiang RZ, Lin YJ, Zhang JD (2020) A comparative 
investigation of data-driven approaches based on one-class 
classifiers for condition monitoring of marine machinery system. 
Ocean Engineering 201: 107174. https://doi.org/10.1016/j.
oceaneng.2020.107174

Utne IB, Schjølberg I, Roe E (2019) High reliability management 
and control operator risks in autonomous marine systems and 

257



Journal of Marine Science and Application 

operations. Ocean Engineering 171: 399-416. https://doi.org/
10.1016/j.oceaneng.2018.11.034

Yan L, Tan J, Ai J, Zhang S (2020) The application of FTA and FCE 
on navigation safety assessment. IOP Conference Series: Materials 
Science and Engineering 790: 012022. https://doi.org/10.1088/
1757-899X/790/1/012022

Yang R, Bremnes JE, Utne IB (2023) Online risk modeling of 
autonomous marine systems: Case study of autonomous 
operations under sea ice. Ocean Engineering 281: 114765. https://
doi.org/10.1016/j.oceaneng.2023.114765

Zaman MB, Kobayashi E, Wakabayashi N, Khanfir S, Pitana T, 

Maimun A (2014) Fuzzy FMEA model for risk evaluation of ship 
collisions in the Malacca Strait: Based on AIS data. Journal of 
Simulation 8: 91-104. https://doi.org/10.1057/jos.2013.9

Zhang J, Jin M, Wan C, Dong Z, Wu X (2024) A Bayesian network-
based model for risk modeling and scenario deduction of 
collision accidents of inland intelligent ships. Reliab Eng Syst 
Saf 243: 109816. https://doi.org/10.1016/j.ress.2023.109816

Zhou Y, Yuen KF (2024) A Bayesian network model for container 
shipping companies’ organisational sustainability risk management. 
Transp Res D Transp Environ 126: 103999. https://doi.org/
10.1016/j.trd.2023.103999

258


