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As marine fuels transition toward zero carbon dioxide emissions, hydrogen emerges as a promising alternative due 
to its near-zero emissions and high energy density. However, hydrogen’s high flammability presents a significant risk of fire-
related accidents onboard ships. Among the various operations involving hydrogen in the maritime sector, bunkering is one 
of the most critical. This process carries risks such as leakage, pressure failures, and human errors, which can lead to severe 
consequences. This study analyzes the safety of the liquefied hydrogen bunkering process. Fault Tree Analysis (FTA) was 
used to identify failures within the bunkering system, employing a top-down approach that traces failures from the top event 
to the basic events. Fuzzy Set Theory was applied to quantify risk by aggregating linguistic variables from five experts to 
estimate the probabilities of basic events. Bayesian Networks (BN) were then used to establish causal relationships between 
factors and identify the minimum cut sets leading to the top event of bunkering failure. Rate of Variation (RoV) analysis of 
the posterior probabilities of basic events revealed that human error, particularly due to task execution problems and human-
machine interface issues, is the most significant factor influencing bunkering failures. The findings highlight critical areas 
that require attention to enhance the safety of liquefied hydrogen bunkering operations in the maritime sector, especially for 
relevant stakeholders. 
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1. INTRODUCTION  

The global drive for sustainable energy solutions has heightened interest in hydrogen as a clean marine fuel. With 
its high gravimetric energy density and potential to significantly reduce greenhouse gas emissions, hydrogen is increasingly 
viewed as a viable option for the shipping sector in meeting the International Maritime Organization’s 2050 decarbonization 
targets (Hosseini & Butler, 2020; Joung et al., 2020). Previous maritime research has examined hydrogen safety at the 
systems level, including onboard storage and fuel supply, ventilation strategies, emergency response, and lessons 
transferable from LNG. These studies have clarified generic hazards, flammability, low ignition energy, cryogenic exposure, 
and organizational factors such as procedures and training (Tsunemi et al., 2019; Hansen, 2020). Liquefied hydrogen (LH₂) 
in particular enables more efficient storage and transport than gaseous hydrogen, supporting its adoption for maritime 
applications (Nerheim et al., 2021). However, the safety of storage, transportation, and handling must be carefully addressed 
to protect port workers, nearby communities, and the environment. The hydrogen liquefaction process is energy-intensive, 
requiring substantial resources and infrastructure, while transporting and storing LH₂ introduces further logistical and 
operational complexities due to hydrogen’s small molecular size and high reactivity, which necessitate specialized equipment 
and procedures (Aziz, 2021). Compared to other alternative marine fuels, hydrogen presents a distinct risk profile: LNG 
shares cryogenic hazards but differs in dispersion and ignition behavior, ammonia offers dense hydrogen carriage but poses 
acute toxicity concerns, and methanol is easier to store but has low flash points and CO₂ emissions (Abdin et al., 2022; Alavi-
Borazjani et al., 2025; Majumdar et al., 2021; Visser et al., 2020). Broader analyses also highlight that while ammonia and 
methanol are easier to store at ambient conditions, their toxicity and carbon intensity limit their long-term viability, placing 
hydrogen in a unique position: environmentally attractive but operationally demanding (Cava et al., 2025; Giannis et al., 
2023). These contrasts emphasize the need for tailored safety frameworks specific to hydrogen-powered ships. 

Building on the recognition of hydrogen’s distinct risk profile, researchers have applied various safety analysis 
methods in maritime contexts. H. Zhang & Jiang (2023) used a Formal Safety Assessment framework with a fuzzy 
comprehensive evaluation model to quantify fire risks in shipboard hydrogen storage systems. Sumon et al. (2024) utilized 
Systems-Theoretic Process Analysis to identify unsafe control actions and loss scenarios in hydrogen-driven autonomous 
vessels, and G. Li et al. (2025) developed a Noisy-OR Bayesian network to estimate leakage probabilities in hydrogen fuel 
systems. For concept design, risk assessment has been conducted using HyRAM to address risks related to passenger ship 
safety, based on IGF code requirements (Aarskog et al., 2020). Regarding general risk assessment, an updated FMEA 
method, integrated with hydrogen databases and accident information, has been used to assess the safety of nine 
subsystems. The results indicated that the most significant risks are associated with storage tank failures and fuel cell system 
malfunctions (Ventikos et al., 2023). In summary, existing research demonstrates the utility of causal modelling and 
probabilistic reasoning in addressing hydrogen-related risks. 

Beyond vessel operations, bunkering has emerged as a distinct area of concern, introducing transient and interface-
specific risks during port-to-ship transfer. Studies on hydrogen bunkering safety have examined transfer equipment, 
operational procedures, emergency shutdown systems, detection and zoning, and boil-off gas management (Skiba, 2024). 
These analyses highlight the importance of robust safety protocols and risk management strategies to address hydrogen’s 
wide flammability range and low ignition energy. However, many investigations treat hydrogen alongside other fuels or focus 
on compressed H₂ rather than LH₂. As a result, LH₂-specific failure modes, extreme cryogenic temperatures (≈ –253 °C), 
rapid phase change, material embrittlement, and dispersion in partially enclosed spaces, are not consistently represented 
at the system level (Adams et al., 2024; Al Ghafri et al., 2022). Compared to ammonia and methanol, which are easier to 
store at ambient conditions but limited by toxicity and emissions, LH₂ requires specialized insulation, boil-off gas handling, 
and material compatibility measures (Kang et al., 2023; Mekonnin et al., 2025; H. Wang & Miller, 2016). Effective mitigation 
strategies such as advanced leak detection, fire suppression, and automated emergency shutdown systems are therefore 
recognized as essential to safe bunkering operations (Calabrese et al., 2024; Genovese et al., 2024). In terms of risk 
assessment of hydrogen bunkering, Schiaroli et al. (2024) conducted a preliminary risk analysis to identify the most safety-
critical components of LH₂ facilities. Campari et al. (2024) proposed a risk-based inspection framework specifically designed 
for LH₂ bunkering, emphasizing the prioritization of safety-critical components under cryogenic conditions. While progress 
has been made, bunkering-focused studies remain fragmented and often lack integration of engineering, operational, and 
human factors. 

One of the most prominent methods to analyses the risk of LH2 bunkering is by applying structured probabilistic 
and logic-based approaches to hydrogen safety, including FTA, BN, and Fuzzy Bayesian Networks (FBN). The integrated 
method is suitable due to its capability to assess failure event within the system and the probabilistic inference update from 
the BN. In parallel, FBNs have been recognized as a suitable extension of BN for incorporating imprecise and incomplete 
information, thereby enabling the integration of linguistic expert judgment in safety assessments (Wan et al., 2019; Q. Zhou 
et al., 2018). The FTA-BN in LH2 bunkering has been employed to analyses the performance assessment of safety barriers 
such as release prevention barriers, release detection barriers, and ignition prevention barriers (Tamburini et al., 2024). To 
complement the study, the system resilience in escalation scenarios has also been conducted by employing FTA and 
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Dynamic Bayesian Network (DBN) (Tamburini et al., 2025). However, these studies have not explored dynamic or contextual 
variables such as weather conditions, human factors, and mechanical problems of purging and insulation. Consequently, a 
comprehensive, system-level applications of FTA and FBN to port-to-ship LH₂ bunkering remain scarce. 

Despite growing attention to hydrogen safety in shipping, system-level analyses dedicated specifically to port-to-
ship LH₂ bunkering remain scarce. Existing studies are often either fuel-generic or component-focused, overlooking the 
transient and interface-specific risks that arise during bunkering operations, such as the combined role of shore- and ship-
side barriers. Moreover, while FTA has been used to identify failure pathways and BN/FBN to quantify uncertainty, their 
integrated application to capture dynamic variables, including weather conditions, human factors, and operational deviations, 
has not yet been established. This leaves a critical gap for a comprehensive probabilistic framework that addresses the 
unique hazards and uncertainties of LH₂ bunkering and supports risk-informed decision-making for safe maritime 
decarbonization. 

2. MATERIAL AND METHODS 

This section outlines the overall process of the study, which consists of three main methodological stages. First, the 
general framework of the study is presented, describing the sequential steps adopted in the analysis. Next, the hydrogen 
port-to-ship bunkering process is explained using the current implementation at the Kobe LH₂ port-to-ship facility as a 
reference case. Finally, the primary analytical methods employed in this study, FTA, FST, and BN, are described in detail. 

2.1. General Framework of the Study 

This study consists of three main steps: the risk identification of LH2 bunkering, the quantification process of the 
risk, and the BN model analysis to assess the potential risk, as illustrated in Figure 1. The risk identification comprises a 
literature review process, brainstorming based on expert judgment, and an industry report to generate the FTA and convert 
it to the BN model. The quantification phase focuses on determining the value of probability based on expert linguistic 
judgment using Fuzzy set theory (FST). The last step is the analysis of BN, starting with model validation, calculating the 
variation rate, and sensitivity analysis to assess the most significant risk influencing the failure of LH2 bunkering. 

 

Figure 1. General framework of this study 

2.2. Hydrogen Port-to-Ship Bunkering 

The transportation of hydrogen by ship is becoming increasingly important as global demand for clean energy rises 
and the maritime sector pursues decarbonization. It is essential to distinguish between hydrogen bunkering, which refers to 
supplying hydrogen as fuel for ship propulsion, and hydrogen loading or offloading, which refers to the transfer of hydrogen 
as cargo for distribution to other markets. This study specifically addresses hydrogen port-to-ship bunkering as a fuel supply 
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operation, rather than hydrogen handling as cargo. Innovative technologies and infrastructure are being developed to enable 
the safe and efficient transport of hydrogen, including port-to-ship bunkering. This process involves transferring hydrogen, 
often in liquid form, from storage facilities at ports to ships, which can be complex due to hydrogen’s properties and the 
required infrastructure. The development of hydrogen bunkering facilities is crucial for supporting the maritime industry’s 
decarbonization goals, in line with the IMO commitment to achieving net-zero greenhouse gas emissions by 2050 
(Semchukova et al., 2024). 

The real-world application of hydrogen port-to-ship bunkering is still limited; the Kobe LH2 port-to-ship facility is the 
first of its kind globally. As shown in Figure 2, Kobe LH2 has adapted the port-to-ship system for LH2 distribution, with 
systems for regasifying LH2 and direct delivery by trucks. Researchers may learn from the LNG port-to-ship bunkering 
process. The port-to-ship bunkering process involves supplying fuel directly from a port facility to a ship, which is one of 
three common methods for liquid gas bunkering, alongside ship-to-ship and truck-to-ship methods. The port-to-ship method 
is characterized by its infrastructure requirements and operational efficiency, which are essential for supporting the growing 
demand for LH2 as a new energy source. However, hydrogen’s high flammability requires rigorous safety protocols. Risk 
assessments, such as those conducted for the Port of Kobe’s LH2 terminal, identify critical components and model potential 
accidents, including fires and explosions, to establish safe separation distances and operational procedures (Schiaroli et al., 
2024). Figure 3 shows the detailed components used during the port-to-ship bunkering process, which will be translated into 
the FTA model.  

 

Figure 2. Layout of Kobe LH2 port-to-ship facility (Schiaroli et al., 2024)  ), LH2 ST = LH2 Storage Tank, BOG = Boil-of-Gas 

Safety zones for hydrogen bunkering operations are crucial. Studies have shown that even in worst-case scenarios, 
such as hose ruptures, the risks can be managed within acceptable limits, ensuring the safety of both the port and 
surrounding areas (Jeon et al., 2023). Therefore, establishing comprehensive safety measures is vital to mitigate potential 
hazards associated with hydrogen handling, ensuring that the transition to this cleaner energy source can proceed without 
compromising public safety or environmental integrity. 

 

Figure 3. Simplified port-to-ship loading-unloading connection, ESD = Emergency Shut Down, ERC = Emergency Release 
Coupling, PSV = Pressure Safety Valve 
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Existing literature highlights hydrogen port-to-ship bunkering compared with alternative fuels such as LNG and 
ammonia, emphasizing distinct infrastructure and safety challenges. While LNG benefits from a relatively mature bunkering 
infrastructure and established cryogenic handling practices, hydrogen requires more stringent material specifications and 
advanced leak prevention measures due to its small molecular size and wide flammability range (Barthélémy, 2012). 
Although ammonia offers a higher volumetric energy density, its toxicity presents major operational risks, whereas 
hydrogen’s low volumetric energy density necessitates larger storage volumes and more robust containment systems, 
directly affecting port and ship design (Preuster et al., 2017; Usman, 2022). 

Regulatory frameworks and pilot projects are evolving to support hydrogen bunkering adoption. The International 
Maritime Organization (IMO) and the International Code of Safety for Ships Using Gases or Other Low-Flashpoint Fuels (IGF 
Code) are expanding their provisions to incorporate hydrogen-specific requirements, while classification societies are 
developing prescriptive and performance-based rules for bunkering operations (Butt & Markmiller, 2025; Gabov & Lizikova, 
2022). Demonstration projects in Kobe, Rotterdam, Antwerp, and Australia are providing empirical evidence on safety 
protocols and operational feasibility, informing regulatory development and building industry confidence in hydrogen as a 
marine fuel (Naquash et al., 2023; Visser et al., 2020). These initiatives underscore the importance of integrating empirical 
data with theoretical assessments to establish globally consistent standards for hydrogen bunkering.  

2.3. Fault Tree Analysis  

FTA is a top-down, deductive approach to risk analysis that focuses on identifying potential causes of a specific 
undesirable event, known as the “top event.” FTA is a logical, structured method for identifying and evaluating the potential 
causes of a specific undesirable event (Cem et al., 2019). The process typically involves the following steps: 

1. Defining the top event: the undesirable event that is the focus of the analysis. 
2. Identifying the immediate causes: the events or conditions that directly contribute to the top event. 
3. Identifying the basic events: the lowest-level events or failures that can lead to the immediate causes. 

The causal relationships between these events are then represented graphically in a fault tree, using standardized 
symbols and logic gates (Bobbio et al., 2001). By constructing a fault tree and analyzing the probabilities of the basic events, 
the overall risk of the top event can be quantified and mitigation strategies developed. 

FTA has been widely applied across industries, including the maritime sector, to assess and mitigate risks in 
complex operations (Akyuz et al., 2020; Kuzu et al., 2019). Its systematic approach to identifying potential causes of 
undesirable events and quantifying their probabilities makes it particularly valuable for hydrogen bunkering, where the 
handling and storage of hydrogen introduce unique safety challenges. By applying FTA to hydrogen bunkering operations, 
ship operators and port authorities can better evaluate risks, design effective mitigation strategies, and enhance the overall 
safety of hydrogen-powered maritime operations (Atehnjia et al., 2018; Töz et al., 2022). 

However, when applied to LH2 bunkering, traditional FTA faces limitations due to a lack of operational data and the 
inability to capture dependencies and update beliefs as evidence changes. To address these challenges, researchers have 
integrated FTA with advanced methods such as BN, FST, and dynamic risk assessment frameworks (Aliabadi et al., 2020; 
Villa et al., 2016). These hybrid approaches improve flexibility by incorporating expert judgement, probabilistic reasoning, 
and real-time monitoring, enabling both diagnostic and prognostic analysis of risks (Kharchenko et al., 2013; Meel & Seider, 
2007). Such advancements make FTA more suitable for hydrogen bunkering operations, providing a robust methodological 
foundation to assess uncertainties, anticipate cascading failures, and support proactive safety management in the maritime 
sector (Aliabadi et al., 2024; Birch et al., 2023).  

2.4. Fuzzy Set Theory Approach 

This section outlines the details of the FST approach employed in this study, which comprises a linguistic term, the 
equation for the aggregation process, and conversion to a defuzzification value. 

2.4.1. Fuzzy Set Theory  

The objective of FST is to address the uncertainty between Boolean values (Zadeh, 1965). In this study, fuzzy theory 
is applied to convert experts' linguistic judgments into numerical probabilities. The experts' linguistic opinions were translated 
into corresponding fuzzy numbers based on Hsu and Chen (1996). According to Chen and Hwang (1992), there are up to 
eight scales of fuzzy numbers. However, considering the experts' capabilities and the optimal load on human memory for a 
particular question, the six-point scale, which includes five choices (Very Low, Low, Medium, High, and Very High), was used 
(Nicolis & Tsuda, 1985), as shown in Table 1. Fuzzy membership functions, such as triangular and trapezoidal functions, are 
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commonly used to map linguistic terms to numerical values. Although triangular fuzzy numbers are widely used in the 
maritime and hydrogen industries, this study chose trapezoidal fuzzy numbers, as they provide a better fit for modelling the 
uncertainty and variability inherent in the data (G. Li et al., 2025). The membership function of fuzzy trapezoidal numbers is 
explained in the equation below: 

𝜇𝜇𝐴𝐴′(𝑥𝑥) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 < 𝑎𝑎1
𝑥𝑥−𝑎𝑎1
𝑎𝑎2−𝑎𝑎1

, 𝑎𝑎1 ≤ 𝑥𝑥 ≤ 𝑎𝑎2
1, 𝑎𝑎2 ≤ 𝑥𝑥 ≤ 𝑎𝑎3

𝑥𝑥−𝑎𝑎4
𝑎𝑎3−𝑎𝑎4

, 𝑎𝑎3 ≤ 𝑥𝑥 ≤ 𝑎𝑎4
0, 𝑥𝑥 < 𝑎𝑎4

 (1) 

Linguistic term Fuzzy numbers 

Very low (VL) (0, 0, 0.1, 0.2) 

Low (L) (0.1, 0.25, 0.25, 0.4) 

Medium (M) (0.3, 0.5, 0.5, 0.7) 

High (H) (0.6, 0.75, 0.75, 0.9) 

Very high (VH) (0.8, 0.9, 1, 1) 

 

Table 1. Linguistic terms and trapezoidal fuzzy numbers of possibilities (W. J. Wang, 1997) 

2.4.2. Aggregation Process  

There are five steps to convert linguistic judgement into fuzzy numbers based on the Similarity Agreement Method 
(SAM) developed by Hsu and Chen (1996). Each expert’s linguistic value will correspond to a fuzzy membership member of 
a trapezoidal; for example, 𝐴̃𝐴 = (𝑎𝑎1, 𝑎𝑎2, 𝑎𝑎3,𝑎𝑎4) and 𝐵𝐵� = (𝑏𝑏1, 𝑏𝑏2, 𝑏𝑏3, 𝑏𝑏4) based on Lavasani et al. (2015) 

2.4.2.1. Determine the degree of similarity 

Degree of agreement 𝑆𝑆𝑢𝑢𝑢𝑢(𝑅𝑅𝑢𝑢,𝑅𝑅𝑣𝑣) was estimated between each pair of experts (𝐸𝐸𝑢𝑢) and (𝐸𝐸𝑣𝑣) with the function of S: 

𝑆𝑆�𝐴̃𝐴,𝐵𝐵�� = 1 − 1
4
∑ |𝑎𝑎𝑖𝑖 − 𝑏𝑏𝑖𝑖|4
𝑖𝑖=1  (2) 

2.4.2.2. Calculation of average agreement 

The average agreement was calculated based on the degree of similarity between experts. Therefore, each expert 
has their own average agreement value according to other experts 𝐴𝐴𝐴𝐴(𝐸𝐸𝑢𝑢). The value of M is the number of experts involved. 

𝐴𝐴𝐴𝐴(𝐸𝐸𝑢𝑢) = 1
𝑀𝑀−1

∑ 𝑆𝑆(𝑅𝑅�𝑢𝑢,𝑀𝑀
𝑣𝑣=1
𝑢𝑢≠𝑣𝑣

𝑅𝑅�𝑣𝑣) (3) 

2.4.2.3. Calculation of Relative Agreement (RA) degree 

The relative agreement (RA) is calculated to determine the degree of expert compared to the total average 
agreement of all experts, which can be defined by: 

𝑅𝑅𝑅𝑅(𝐸𝐸𝑢𝑢) = 𝐴𝐴𝐴𝐴(𝐸𝐸𝑢𝑢)
∑ 𝐴𝐴𝐴𝐴(𝐸𝐸𝑢𝑢)𝑀𝑀
𝑢𝑢=1

  (4) 

2.4.2.4. Determine the expert weighting 

The expert weighting is a normalized score, where each expert’s score is divided by the total score of all experts.  
The 𝑤𝑤(𝐸𝐸𝑢𝑢) can be determined by comparing the value of an expert’s professional position, age, experience, education, and 
subject relevance to all experts. The 𝑤𝑤(𝐸𝐸𝑢𝑢) can be calculated by: 

𝑤𝑤(𝐸𝐸𝑢𝑢) = ∑ 𝑆𝑆𝑖𝑖𝑖𝑖𝑛𝑛
𝑘𝑘=1

∑ ∑ 𝑆𝑆𝑗𝑗𝑗𝑗𝑛𝑛
𝑘𝑘=1

𝑀𝑀
𝑗𝑗=1

  (5) 

Where  𝑆𝑆𝑖𝑖𝑖𝑖  is the score of experts 𝑖𝑖 for criterion 𝑘𝑘, 𝑛𝑛 is the number of criteria, and 𝑀𝑀 is the number of experts 
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2.4.2.5. Determine the Consensus Coefficient (CC) degree. 

The consensus coefficient (CC) can be determined based on the relative agreement (RA), expert weighting (𝑤𝑤(𝐸𝐸𝑢𝑢)) 
and Relaxation factors (β). The value of β shows the importance of expert weighting (𝑤𝑤(𝐸𝐸𝑢𝑢))  to the RA. In this calculation, 

the value of β is 0.5 since the experts are from different backgrounds. The CC can be calculated by equation: 

𝐶𝐶𝐶𝐶(𝐸𝐸𝑢𝑢) = 𝛽𝛽 ∙ 𝑤𝑤(𝐸𝐸𝑢𝑢) + (1 − 𝛽𝛽) ∙  𝑅𝑅𝑅𝑅(𝐸𝐸𝑢𝑢) (6) 

2.4.2.6. Calculation of aggregated results from the expert’s judgment 

The value of the aggregated results of the expert’s judgment (𝑅𝑅�𝐴𝐴𝐴𝐴) can be calculated by the equation: 

𝑅𝑅�𝐴𝐴𝐴𝐴 = 𝐶𝐶𝐶𝐶(𝐸𝐸1) × 𝑅𝑅�1 + 𝐶𝐶𝐶𝐶(𝐸𝐸2) × 𝑅𝑅�2 + ⋯+ 𝐶𝐶𝐶𝐶(𝐸𝐸𝑀𝑀) × 𝑅𝑅�𝑀𝑀 (7) 

2.4.3. Deffuzification, Fuzzy Possibility and Failure Probability 

The defuzzification process should be conducted to quantify the value of fuzzy membership. The method is based 
on the Centre of Area (CoA) method proposed by Sugeno (1999). The defuzzification equation will vary based on the fuzzy 
shape. For the trapezoidal fuzzy number A� = (a1, a2, a3, a4) the Defuzzification Possibilities (DFP) value can be obtained by: 

𝐷𝐷𝐷𝐷𝐷𝐷 = 1
3

(𝑎𝑎4+𝑎𝑎3)2−𝑎𝑎4𝑎𝑎3−(𝑎𝑎1+𝑎𝑎2)2+𝑎𝑎1𝑎𝑎2
(𝑎𝑎4+𝑎𝑎3−𝑎𝑎1−𝑎𝑎2)

 (8) 

After the DFP value was obtained, to convert the DFP into failure probability (FP) of equipment, human-related 
error, and failure within the system, the function proposed by Onisawa (1988) was used. The function is empirically generated 
by addressing human sensation in logarithmic physical value. 

𝐹𝐹𝐹𝐹 = �
1
10𝐾𝐾

,𝐷𝐷𝐷𝐷𝐷𝐷 ≠ 0 
0,𝐷𝐷𝐷𝐷𝐷𝐷 = 0  

,𝐾𝐾 = ��1−𝐷𝐷𝐷𝐷𝐷𝐷
𝐷𝐷𝐷𝐷𝐷𝐷

��
1/3

× 2.301 (9) 

2.5. Bayesian Network 

BN is a widely used method for quantifying risk analysis (Hänninen, 2014). By analyzing causal relationships 
between factors, BN is suitable for investigating safety issues within complex systems, such as the maritime and aviation 
sectors (Animah, 2024; Waskito et al., 2024; C. Yang & Mott, 2020). The main feature of BN is the concept of conditional 
probability, which refers to the likelihood of certain conditions occurring due to the influence of causal factors. Conditional 
probability is essential for the quantitative analysis of BN. The following formula can be used to calculate conditional 
probability: 

𝑃𝑃�𝐴𝐴𝑖𝑖�𝐵𝐵𝑗𝑗� = 𝑃𝑃(𝐴𝐴𝑖𝑖)𝑃𝑃(𝐵𝐵𝑗𝑗|𝐴𝐴𝑖𝑖)
∑ 𝑃𝑃(𝐴𝐴𝑖𝑖)𝑃𝑃(𝐵𝐵𝑗𝑗|𝐴𝐴𝑖𝑖)𝑛𝑛
𝑖𝑖=1

 (10) 

where 𝐵𝐵𝑗𝑗 is a child node, 𝐴𝐴𝑖𝑖 is the parent node, 𝑃𝑃�𝐴𝐴𝑖𝑖�𝐵𝐵𝑗𝑗� is the posterior probability of 𝐴𝐴𝑖𝑖 when the 𝐵𝐵𝑗𝑗 happen. 

Another advantage of BN is that it allows probabilistic updating by modifying the observed probability node in the 
model (Y. Zhou et al., 2022). Therefore, it can predict the probability of failure in hydrogen bunkering when certain conditions 
happen (with the modified probability of 100%). 

2.5.1. Modelling of BN from FTA  

This study aimed to evaluate the safety risks associated with port-to-ship liquefied hydrogen (LH2) bunkering by 
integrating FTA and FBN. The primary objective was to identify, quantify, and assess potential failure modes that could lead 
to hazardous incidents during the bunkering process. This research offers a more comprehensive risk assessment 
framework by utilizing FTA as a structured risk identification tool and integrating it with FBN to incorporate uncertainty. 

Applying FTA as a risk identification tool provided a structured and hierarchical approach, enabling the 
decomposition of major risks into specific contributing factors. However, its ability to fully capture all potential risks in LH2 
bunkering requires further examination. The three main intermediate events – hydrogen leakage, human error, and 
overpressure – represent broad categories encompassing multiple sub-events. While this generalization allows for organized 



 

Trans. marit. sci. 2026; 01 ~ Waskito et al.: Evaluating the Safety of Port … 8 

analysis, it may overlook specific failure mechanisms, such as material degradation, valve malfunctions, or emergency 
response inefficiencies. 

Additionally, FTA is a static model and does not inherently account for time-dependent risks such as infrastructure 
ageing, regulatory changes, or operational variability. As hydrogen bunkering involves complex interdependencies between 
mechanical systems, human operations, and environmental conditions, a purely FTA-based approach may not fully 
characterize all possible failure scenarios. 

Despite these limitations, integrating FTA with FBN helps mitigate some of these constraints. The probabilistic 
nature of FBN allows for a more flexible and data-driven risk assessment, accommodating uncertainties and dependencies 
between various failure events. Therefore, while FTA serves as an effective foundation for identifying major risk factors, its 
combination with FBN enhances the safety assessment framework’s overall accuracy and predictive capability. 

The process of converting FTA into BN has been widely proposed by several authors (Sakar et al., 2021; Zhao et 
al., 2022), particularly in the maritime industry. In contrast to Zhao et al. (2021), who used Boolean Algebra for the conversion 
to Conditional Probability Tables (CPT) based on the FTA gates, this study introduces a novel adaptation. Instead of directly 
applying Boolean Algebra, the Defuzzification Possibilities (DFP) value was utilized within the Noisy-OR gate model. The DFP 
value, which represents a more nuanced approach to handling uncertainty, was integrated into the Noisy-OR gate to better 
generate the Conditional Probability Tables (CPT). This adaptation enhances the model by incorporating fuzzy logic 
principles, allowing for a more refined and flexible representation of the probabilities involved, especially when dealing with 
imprecise or incomplete information. The detailed framework is shown in Figure 4. 

 

Figure 4. Conversion process from FTA to BN 

2.5.2. Noisy-OR gate to Generate CPT  

The Noisy-OR Gate model represents the internal relationship between multiple parent nodes and their 
corresponding child node for the OR Gates in the FTA model (G. Li et al., 2025). The parent and child nodes each have two 
states (Yes or No), based on the assumption that the network is binary. A child node B has n parents, 𝐴𝐴1,𝐴𝐴2, … ,𝐴𝐴𝑖𝑖 , … . ,𝐴𝐴𝑛𝑛 . 
The probability of B under the condition of 𝐴𝐴1 can be formulated by 

𝑃𝑃(𝐵𝐵 ← 𝐴𝐴1) = 𝑃𝑃(𝐵𝐵|𝐴𝐴1, 𝐴̅𝐴2, … . , 𝐴̅𝐴𝑖𝑖 , … . , 𝐴̅𝐴𝑛𝑛)  (11) 

Where 𝐴𝐴2��� is the condition when the state of 𝐴𝐴2 is on “No” condition. The CPT of B if 𝐴𝐴2 occurs can be determined 
by: 

1 − 𝑃𝑃(𝐵𝐵 ← 𝐴𝐴) = ∏ (1 − 𝑃𝑃(𝐵𝐵 ← 𝐴𝐴1))𝐴𝐴𝑖𝑖∈𝐴𝐴   (12) 

The value of  𝑃𝑃(𝐵𝐵 ← 𝐴𝐴1) can be obtained from the value of DFP from expert elicitation. 
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The Noisy-OR Gate was used for a specific reason. According to the literature, if the gate is OR, the conditional 
probability table (CPT) will be binary; however, this does not reflect the natural cause, as there is a possibility that the 
intermediate event (IE) will not occur even if all basic events happen (Zhao et al., 2022), particularly in high-safety contexts 
such as the maritime sector. Therefore, to improve the model’s reliability, the CPT was generated using expert judgement 
rather than Boolean values (Qiao et al., 2020b). 

Additionally, in this case, there is a small possibility that the IE or top event (TE) can occur when the relevant basic 
events are inactive, due to real-world uncertainty. Consequently, a LEAK value of 0.01 was used in the CPT for this condition. 
The assumption for this small baseline is to account for incomplete knowledge, data limitations, or unmodelled events 
(Waskito et al., 2025). By assigning a leak probability of 0.01, the model avoids the unrealistic assumption that the TE is 
impossible when all basic events are inactive, which is the assumption for the OR-Gate with Boolean values. Similar practice 
has been reported in several studies employing fault tree analysis ( FTA) to Bayesian networks (BN), where a designated 
leak value has been used to ensure that the CPT remains robust (X. Li et al., 2025; Z. Wang et al., 2025). 

2.5.3. Sensitivity Analysis  

In the context of BN, sensitivity analysis was conducted to examine causal relationships between nodes and validate 
the model. The objective was to identify the nodes that exert the most significant influence on the target nodes (Jiang et al., 
2020). In this analysis, the sensitivity analysis method used the sensitivity tornado embedded in the GENIE software. The 
target node must be selected before the sensitivity analysis, and the output is the sensitivity tornado chart and the color of 
the nodes. The red color means the node has the most significant impact on the targeted node. 

2.5.4. Rate of Variation 

This study presents the fuzzy ratio of variation (RoV), quantifying the relationship between prior and posterior 
probabilities to identify the primary events (human factors) that contribute most significantly to the accident scenario. The 
fuzzy RoV for each primary event is determined using the equation below (Zarei, 2019): 

𝑅𝑅𝑅𝑅𝑅𝑅 (𝐴𝐴𝑖𝑖) = 𝜋𝜋(𝐴𝐴𝑖𝑖)−𝜃𝜃(𝐴𝐴𝑖𝑖)
𝜃𝜃(𝐴𝐴𝑖𝑖)

 (13) 

where 𝜋𝜋(𝐴𝐴𝑖𝑖) is the posterior probability while 𝜃𝜃(𝐴𝐴𝑖𝑖) is the prior probability of 𝐴𝐴𝑖𝑖 after the analysis of the BN. 

3. RESULTS 

This section presents the main results of the safety analysis for the port-to-ship LH2 bunkering process. First, the 
FTA model is developed to identify critical BE and IE to bunkering failure. The subsequent subsection quantifies the 
probability using FST based on expert linguistic judgment. The obtained values are then integrated into the BN model derived 
from the FTA structure. The posterior probabilities from the BN are evaluated to determine the likelihood of the TE under 
different scenarios. Model validation is conducted to ensure consistency and logical propagation within the network. Finally, 
the RoV, sensitivity analysis, and minimum cut set identification are performed to determine the most influential causal factors 
and critical failures in LH2 bunkering operations. 

3.1. FTA Modelling 

Figure 5 presents the detailed FTA model for hydrogen bunkering failure. In total, there are 25 BE and 13 IE that 
comprise this FTA model. The details of the BEs in this study are provided in Table 5, while the IEs are listed in Appendix A. 
The FTA model was generated based on several studies, including Borgheipour et al. (2021) for hydrogen tank leakage, 
Zhang et al. (2024) for hydrogen station leakage, Aliabadi et al. (2020) for leakage from hydrogen gasholders, Bulat et al. 
(2024) for the influence of human factors in hydrogen storage, and EMSA (2022), which conducted a risk analysis of 
hydrogen-fueled ships. 

There are three main intermediate events: Hydrogen Leakage (IE10), Human Error (IE11), and Overpressure (IE12), 
as shown in Figure 5. Hydrogen leakage is one of the most frequent failures in the bunkering process and should therefore 
be included as an intermediate event. Human error is categorized as an intermediate event because it can directly affect 
bunkering performance, rather than being included in specific intermediate or basic events. There are four basic events 
related to human error, represented by the preconditions of unsafe acts (BE11, BE13, and BE14) and unsafe acts (BE12), 
according to the Human Factors and Classification Systems (HFACS) (Shappell & Wiegmann, 2003). Pressure failure is 
classified as an intermediate event because a key factor in the bunkering process is maintaining pressure between the port 
tank, hose, and receiving tank to ensure sufficient flow during hydrogen transfer. 
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In the proposed FTA model for hydrogen bunkering failure, most gates linking BEs to IEs are represented as OR-
gates. However, certain pressure-related failures, such as mechanical failure, purging gas failure, and thermal expansion, 
are modelled using AND-gates, as the occurrence of a single BE is insufficient to initiate the corresponding IE. For example, 
IE6 (Mechanical Failure) requires the simultaneous occurrence of four BEs. A single event, such as BE18 (Power 
Interruption), cannot independently trigger IE6 without the concurrent occurrence of the remaining BEs. 

 

 

 

Figure 5. The Fault Tree of failure of LH2 bunkering from port-to-ship  
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3.2. Calculation of Basic Event Probability by Fuzzy Set Theory 

3.2.1. Experts data 

In this study, five experts were selected to provide judgments for the modelling of FTA and to offer expert linguistic 
expertise for hydrogen bunkering safety. The selection deliberately included individuals from diverse backgrounds to ensure 
that various dimensions of knowledge were represented and that the limitations of each perspective could be complemented 
by others. Two experts were hydrogen researchers, contributing in-depth technical understanding of hydrogen properties 
and associated risks, although they had limited direct maritime operational experience. One expert represented maritime 
safety academia, contributing theoretical knowledge, methodological rigor, and an understanding of regulatory and safety 
frameworks. Additionally, two experts from the LNG industry were included, providing practical insights from established 
bunkering operations relevant to hydrogen due to the similarity of handling processes. This varied composition was chosen 
to balance research-based insights with operational experience, thereby enhancing the robustness, credibility, and 
applicability of the expert judgments used in the model. Table 2 presents the expert scores based on the specified indicators, 
offering a detailed assessment of each factor according to the expert evaluations, which are based on relevant studies in the 
maritime sector (Bulat et al., 2024; Qiao et al., 2020b, 2020a). There is one novel indicator that is rarely used in scoring 
experts: subject relevance. It is essential to score the experts based on their relevance to the subject, particularly in this 
study involving several experts from hydrogen technology, academia, and the LNG industry. 

Indicator Classification Score 

Professional Position 

Principal academic, researcher, or Ship’s Captain, CEO 5 

Senior academic, 1st Officer, or Chief Engineer, Manager 4 

Junior Academic, 2nd - 3rd Officer, Marine Superintendent 3 

Engineer 2 

Technician 1 

Experience 

>30 years 5 

20 to 30 years 4 

10 to 20 years 3 

6 to 9 years 2 

1 to 5 years 1 

Education Level 

Ph.D 5 

Master 4 

BS.E 3 

Junior college 2 

School Level 1 

Subject Relevancy 

Expert or working in Hydrogen facilities or hydrogen ships (maritime) 5 

Working or Research on Hydrogen  4 

Experienced in maritime activities as officers (non-hydrogen) 3 

Researcher in the maritime sector 2 

Engineering in General 1 

Age 

>50 5 

40 to 49 4 

30 to 39 3 

25 to 29 2 

<25 1 

Table 2. Expert score based on the indicator 

Table 3 displays the expert weighting based on their individual scores, reflecting the relative importance assigned 
by each expert to the various indicators. This table highlights how each expert’s assessment contributes to the overall 
evaluation, with the weights calculated to ensure that the experts' perspectives are appropriately represented in the final 
analysis. 
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Expert 
Professional 

Position 
Experience 

Education 
Level 

Subject 
Relevancy 

Age 
Expert 

Weighting 
(w(Ei)) 

Expert 1 
(Hydrogen 

Researcher) 
5 3 5 4 5 0.231 

Expert 2 (Principal 
Academic in 

Maritime) 
5 4 5 2 4 0.210 

Expert 3 (LNG 
Industry) 

3 3 4 3 3 0.168 

Expert 4 
(Hydrogen 

Researcher) 
4 2 5 4 4 0.2 

Expert 5 (LNG 
Industry) 

4 4 3 3 4 0.189 

Table 3. Expert weighting based on their individual score 

3.2.2. Results of expert elicitation  

Table 4 presents the detailed values of the expert linguistic assessments, while the results of the fuzzy agreement 
analysis are shown in Figure 6. The similarity degree matrix (Figure 6a) highlights the pairwise alignment between experts. 
The strongest agreement was observed between Expert 2 and Expert 5 (S = 1.0), while the weakest was between Expert 3 
and Expert 4 (S = 0.15), indicating variability in expert judgments. Figure 6b illustrates the distribution of average agreement 
degree (AA), relative agreement degree (RA), and consensus coefficient (CC) across the five experts. Experts 2 and 5 
achieved the highest values across all indices, suggesting stronger consistency and influence in shaping the overall 
consensus, whereas Expert 4 exhibited the lowest values, reflecting a more divergent perspective. The aggregated results 
(Figure 6c) show a clear increasing trend from RAG1 (0.309) to RAG4 (0.574), confirming the progressive convergence of 
expert opinions during the fuzzy aggregation process. From these aggregated values, the defuzzification possibility was 
determined as FP = 0.441, which was subsequently used to calculate the failure probability of the basic event BE2, yielding 
P(BE2) = 0.003236. These outcomes demonstrate the robustness of the fuzzy consensus framework in quantifying expert 
judgment and translating it into probabilistic safety assessment. 

Expert Linguistic Term Fuzzy Number 

Expert 1 High (H) (0.6, 0.75, 0.75,0.9) 

Expert 2 Low (L) (0.1,0.25,0.25,0.4) 

Expert 3 Very Low (VL) (0,0,0.1,0.2) 

Expert 4 Very High (VH) (0.8,0.9,1,1) 

Expert 5 Low (L) (0.1,0.25,0.25,0.4) 

Table 4. The expert linguistics for BE2 and its fuzzy membership degree 
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(a)        (b) 

 

(c) 

Figure 6. (a) Similarity degree matrix between experts (E1–E5). (b) Average agreement degree (AA), relative agreement 
degree (RA), and consensus coefficient (CC) per expert. (c) Aggregated results (RAG1–RAG4) showing convergence of 

expert opinions.  

Table 5 summarizes the expert elicitation results for 25 basic events (BEs) associated with port-to-ship liquefied 
hydrogen bunkering. Expert judgments were expressed using linguistic variables (e.g., Very Low, Low, Medium, High, Very 
High), which were then transformed into fuzzy numbers. Through aggregation and defuzzification, these qualitative 
assessments were transformed into quantitative possibility values (DFP) that can be directly used in probabilistic safety 
modeling frameworks such as FTA and BN. 

The results show that human-related factors are among the most critical contributors. For example, BE14 (Human-
Machine Interface Problem) has the highest defuzzified probability (0.651), followed by BE11 (Inadequate Personnel Skills) 
and BE12 (Task Execution Problem), both at 0.614. These findings emphasize the significant impact of human reliability on 
hydrogen bunkering safety. In contrast, technical issues such as BE25 (Improper Insulation, DFP = 0.292) and BE20 
(Pressure Relief Valve Failure, DFP = 0.300) are considered less probable, though still relevant within the overall fault tree 
structure. This distribution of values highlights the importance of addressing both technical and human factors to ensure a 
comprehensive risk assessment. 
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Identifier Basic Events 
Expert 

1 
Expert 

2 
Expert 

3 
Expert 

4 
Expert 

5 
Aggregated Fuzzy Number DFP 

BE1 
Hose Rupture (Material 

Degradation) 
L L L L L 0.100 0.250 0.250 0.400 0.250 

BE2 Hose Design Error H L VL VH L 0.309 0.423 0.458 0.574 0.441 

BE3 Hose Vibration L L L L H 0.179 0.329 0.329 0.479 0.329 

BE4 Valve Fatigue and Strength Loss L VL L L L 0.081 0.202 0.221 0.361 0.217 

BE5 Valve Corrosion M L L M H 0.276 0.447 0.447 0.619 0.447 

BE6 Improper Valve Connection H VL M L H 0.328 0.460 0.479 0.629 0.475 

BE7 Strong Wind M VL M M M 0.248 0.413 0.430 0.613 0.427 

BE8 High Waves M VL H M M 0.299 0.455 0.473 0.647 0.470 

BE9 Improper Loading M L M L H 0.272 0.443 0.443 0.614 0.443 

BE10 Collision/contact H VL L M L 0.217 0.347 0.367 0.517 0.364 

BE11 Inadequate Personnel Skills H L M H H 0.455 0.614 0.614 0.773 0.614 

BE12 Task Execution Problem H L M H H 0.455 0.614 0.614 0.773 0.614 

BE13 Fatigue H M L M H 0.390 0.561 0.561 0.732 0.561 

BE14 Human-Machine Interface Problem H M H M H 0.481 0.651 0.651 0.821 0.651 

BE15 Regulator Setting Failure H L M L L 0.232 0.391 0.391 0.551 0.391 

BE16 Pressure Regulator Malfunction H L L L L 0.189 0.339 0.339 0.489 0.339 

BE17 Emergency Safety Devices Failure M L L L M 0.180 0.350 0.350 0.521 0.350 

BE18 Power Interruptions M L M L M 0.221 0.401 0.401 0.581 0.401 

BE19 Pump Malfunctions M L L L M 0.180 0.350 0.350 0.521 0.350 

BE20 Pressure Relief Valve Failure M L L L L 0.140 0.300 0.300 0.460 0.300 

BE21 Purging Procedure Failure H L M L L 0.232 0.391 0.391 0.551 0.391 

BE22 Inadequate Volume and Flow Rate M L M L L 0.178 0.348 0.348 0.517 0.348 

BE23 Inappropriate Purging Gas M L M L L 0.178 0.348 0.348 0.517 0.348 

BE24 
Sudden Hydrogen Temperature 

Increase 
M L M L L 0.178 0.348 0.348 0.517 0.348 

BE25 Improper Insulation L L M L L 0.134 0.292 0.292 0.450 0.292 

Table 5. Experts’ linguistic value and Defuzzification possibilities for each basic event 

3.3. BN Modelling from FTA 

3.3.1. CPT from Fuzzy set  

Table 6 shows the DFP value of BE1, BE2, and BE3 to IE1. The aggregation process was similar for converting the 
fuzzy linguistic value for the basic event, except for converting DFP to the Failure probability. The value of CPT as an input 
in BN was based on the DFP and equations 11 and 12. For example, the calculation value of basic events (BE1, BE2, and 
BE3) to IE1 will be explained below, and the detailed CPT is stated in Table 7. 

Aggregation from expert judgment on the previous table 

𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵1) = 0.5013 𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵2) = 0.640  𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵3) = 0.5026  

Conditional Probability calculation Noisy-OR model 

𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵1,𝐵𝐵𝐵𝐵2) = 1 − �1 − 𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵1)� ∗ �1 − 𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵2)� = 0.8204  

𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵1,𝐵𝐵𝐵𝐵3) = 1 − �1 − 𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵1)� ∗ �1 − 𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵3)� = 0.7520  

𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵2,𝐵𝐵𝐵𝐵3) = 1 − �1 − 𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵2)� ∗ �1 − 𝑃𝑃(𝐼𝐼𝐼𝐼1 ← 𝐵𝐵𝐵𝐵2)� = 0.8209  
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Basic or 
Intermediate 

Event 

Intermediate 
Event 

Description of Intermediate Event Ex 1 Ex 2 Ex 3 Ex 4 Ex 5 
DFP = 

P(IE=Yes|BE=Yes) 

BE1 

IE1 Hose Failure 

M L L H H 0.501 

BE2 H VH L VH L 0.640 

BE3 M M L M H 0.503 

Table 6. The DFP number from the BE1, BE2, and BE3 to IE1 

Table 7 presents the Conditional Probability Table (CPT) for IE1 (the initiating event) and Basic Events 1 (BE1), 2 
(BE2), and 3 (BE3). CPT shows the conditional probabilities that describe the likelihood of various outcomes based on the 
occurrence or non-occurrence of these basic events. Specifically, it outlines how the probability of IE1, the initiating event, 
is influenced by the presence or absence of BE1, BE2, and BE3. The values in the CPT are derived from expert judgments 
and previous calculations, reflecting the interdependencies between the initiating event and the basic events. 

Basic Events Conditional Cases 

BE1 Yes No 

BE2 Yes No Yes No 

BE3 Yes No Yes No Yes No Yes No 

P(IE1=Yes) 0.9107 0.8204 0.7519 0.5013 0.8209 0.6400 0.5026 0.01 

P(IE1=No) 0.0892 0.1795 0.2480 0.4986 0.1790 0.3599 0.4973 0.99 

Table 7. The Conditional Probability Table (CPT) for IE 1 and BE1, BE2, and BE3 

3.4. Evaluation of Posterior Probability 

Figure 7 presents the posterior probability values derived from the FTA-BN model for LH₂ bunkering operations 
from port to ship. The probability of the top event, TE1 (Bunkering Failure), is 8.08%, indicating that under normal operating 
conditions with the given prior probabilities, the likelihood of bunkering failure is 0.0808. Among the intermediate events 
(IEs), the highest posterior probability corresponds to IE11 (Human Error) at 3.76%, followed by IE10 at 3.68%. This highlights 
the dominant contribution of human-related errors in the bunkering process. Conversely, several IEs (IE6, IE7, and IE9) 
exhibit posterior probabilities of only 1%. This outcome arises from their representation through an AND-gate in the fault 
tree, combined with a LEAK probability of 0.01. In such configurations, the occurrence of a single basic event failure is 
insufficient to trigger the intermediate event, thereby limiting its probability to 0.01. At the basic event (BE) level, the highest 
prior probability is associated with BE14  

 

Figure 7. The posterior probability results from converting FTA to BN 
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3.5. Model Validation  

Validation is a critical step in BN modeling to ensure the model’s reliability and consistency with the causal 
mechanisms underlying maritime operations. The model should accurately reflect the logical propagation of probabilities 
across different event levels. For example, in real maritime operations, an increase in the probability of a BE is expected to 
result in a corresponding increase in the probability of the associated IE, and ultimately the TE. This behavior confirms that 
the model preserves the causal structure of the system. Furthermore, validation provides confidence that the BN not only 
represents mathematical correlations but also captures meaningful cause-and-effect relationships that align with expert 
knowledge and operational experience. By performing such validation, the model can be considered credible and applicable 
for safety analysis in maritime contexts. 

In the maritime sector and BN modeling, the three-method axiom is one of the most applicable methods due to its 
robustness and suitability for systems lacking real accident data (P. Li et al., 2024; Pristrom et al., 2016). The first axiom 
requires that an increasing number of parent nodes should also be reflected in the corresponding child node. For the second 
axiom, the proliferation of the posterior probability of the child node should be consistent from the least probable to the most 
probable failure (100%). Figure 8 shows the variation of the TE1 value based on different probabilities of its IE. The value of 
TE1 increases with higher values of its child nodes (IE10, IE11, IE12). Moreover, according to the graph, there are no 
fluctuations in the chart. Consequently, the model satisfies the requirements for Axioms 1 and 2. 

For axiom 3, the requirement is that the summative effect of the parent nodes should be greater than the individual 
effect of each parent node on the child node. Table 8 shows that when the evidence (100%) value was entered for IE1, IE2, 
IE3, and IE4 individually, the posterior probability of IE10 is 65.67%, 57.46%, 46.03%, and 46.44%, respectively. When the 
evidence for those IEs is entered simultaneously, the posterior probability of IE10 increases to 95.41%, satisfying axiom 3. 
Table 8 also shows a similar scenario for child node IE11 and its parent nodes. The same process was performed for every 
child node in the FTA-BN model, and the results meet the requirement for axiom 3. 

 

Figure 8. Axiom test for the BN model 

Child Nodes 

Parent Nodes 
Occurred 

(100% 
Probability) 

Posterior 
Probability of 

Child node (TE1) 
(%) 

Child Nodes 

Parent Nodes 
Occurred 

(100% 
Probability) 

Posterior 
Probability of 

Child node (TE1) 
(%) 

IE10 
(Hydrogen 
Bunkering 

Failure) 

IE1 65.67 

IE11 (Human 
Error) 

BE11 67.31 

IE2 57.46 BE12 70.52 

IE3 46.03 BE13 62.93 

IE4 46.44 B14 67.51 

All parent nodes 95.41 All parent nodes 98.74 

Table 8. Axiom 3 test results for IE10 and IE11 
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3.6. Rate of Variation (RoV) and Ranking 

RoV analysis aims to determine which BE has the most significant difference after the BN analysis. The analysis 
was conducted by applying the top-event (TE1) probability to the worst-case value, 100% probability. Thus, the value of 
posterior probability can be obtained. Table 9 shows that BE14 and BE12 have the highest values, with 8.42E-02 and 6.92E-
02, while BE1 and BE4 have the lowest posterior probability, with 5.93E-4 and 3.30E-04.  

Identifier Basic Events Prior Probability Posterior Probability 

BE1 Hose Rupture (Material Degradation) 4.80E-04 1.66E-03 

BE2 Hose Design Error 3.24E-03 1.34E-02 

BE3 Hose Vibration 1.20E-03 4.17E-03 

BE4 Valve Fatigue and Strength Loss 2.98E-04 7.88E-04 

BE5 Valve Corrosion 3.39E-03 9.82E-03 

BE6 Improper Valve Connection 4.19E-03 1.26E-02 

BE7 Strong Wind 2.90E-03 7.49E-03 

BE8 High Waves 4.02E-03 1.12E-02 

BE9 Improper Loading 3.29E-03 8.34E-03 

BE10 Collision/contact 1.69E-03 4.60E-03 

BE11 Inadequate Personnel Skills 1.07E-02 6.64E-02 

BE12 Task Execution Problem 1.07E-02 6.92E-02 

BE13 Fatigue 7.57E-03 4.43E-02 

BE14 Human-Machine Interface Problem 1.35E-02 8.42E-02 

BE15 Regulator Setting Failure 2.16E-03 7.31E-03 

BE16 Pressure Regulator Malfunction 1.34E-03 4.53E-03 

BE17 Emergency Safety Devices Failure 1.49E-03 1.49E-03 

BE18 Power Interruptions 2.34E-03 2.34E-03 

BE19 Pump Malfunctions 1.49E-03 1.49E-03 

BE20 Pressure Relief Valve Failure 8.85E-04 8.85E-04 

BE21 Purging Procedure Failure 2.16E-03 5.89E-03 

BE22 Inadequate Volume and Flow Rate 1.45E-03 1.45E-03 

BE23 Inappropriate Purging Gas 1.45E-03 1.45E-03 

BE24 Sudden Hydrogen Temperature Increase 1.45E-03 1.46E-03 

BE25 Improper Insulation 8.09E-04 8.11E-04 

Table 9. Posterior Probability of the basic event after the probability of the top event is set to failure 

Figure 9 presents the results of the RoV calculation based on equation 13. BE12 (Task Execution Problem) has the 
highest RoV value at 5.48, followed by BE11 (Inadequate Personnel Skills) with a value of 5.22. Figure 9 also shows that the 
basic events related to human error (BE11–BE14) have the highest RoV values compared to other BEs. This indicates that 
failures involving humans can significantly increase the probability of TE1 occurring. As a result, these findings suggest the 
need to improve human capabilities, such as through training and human-centered design, to reduce the significant impact 
of human factors on accidents. 

In contrast, several basic events do not directly contribute to the RoV of TE1. These events are linked to their 
respective intermediate events through AND-gates, meaning that their individual failure alone is not sufficient to cause 
hydrogen bunkering failure. Instead, they must occur together with other contributing basic events to affect the top event. 
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Figure 9. The Rate of Variation (RoV) of each basic event 

3.7. Sensitivity Analysis  

The sensitivity analysis was conducted using the NETICA sensitivity tornado, with the target node set as the Top 
event of hydrogen bunkering failure. According to Figure 10, the current probability of TE1 is 0.0808, with a reachable range 
between 0.0783 and 0.0832 when the parent nodes are varied within 10% of their current values. The bars in Figure 10 
indicate how the probability of the Top event (TE1 = Yes) changes when the probability of a given parent node is adjusted 
within the specified range. Longer bars indicate a stronger influence on the target nodes. Among the contributing factors, 
the most influential IEs are IE10, IE11, and IE12, as shown by their dominant position in the tornado diagram. In terms of BE, 
the most significant basic event contributing to the inability of LH2 bunkering is BE14, followed by BE12, along with other 
human-related error events. These findings corroborate the results from RoV analysis, which show that human errors are 
the primary determinants of bunkering safety risk. The sensitivity analysis also supports these results, as indicated by the 
color of the node in Figure 11. The red node, BE11-BE14, has a more significant impact on the target node, TE1. The tornado 
diagram thus provides strong evidence that the BN model preserves the expected causal structure, validating its application 
for safety assessment in LH₂ bunkering operations. 

 

Figure 10. The result of sensitivity tornado with Top Event failure as the target 
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Figure 11. The sensitivity analysis by colour and line influences from BE to TEMinimum Cut Sets  

Selecting the minimum cut set determines which single basic event will cause failure (Zhao et al., 2022). The 
influence is indicated by the thickness of the line, as shown in Figure 11. Thicker lines represent a greater influence on the 
intermediate and top event nodes (Zhao et al., 2021). The minimum cut set is selected from three intermediate events. For 
IE10 (Hydrogen Leakage), the minimum cut set is the Basic Event BE2 (Hose Degradation Error); for IE11 (Human Error), it 
is BE12 (Task execution problem); and for IE12 (Pressure Failure), it is Regulator Setting Failure (BE15), as shown in Table 
10. 

Intermediate Event Minimum cut sets 

Hydrogen Leakage BE2IE1IE10TE1 

Human Error BE12IE11TE1 

Pressure Failure BE15IE5E12TE1 

Table 10. The minimum cut set based on its intermediate event 

4. DISCUSSION  

The conversion of FTA to a BN was performed to clarify the interdependence among failure events within the FTA. 
BN further enhances FTA by enabling probabilistic inference, allowing prediction of how changes in the likelihood of basic 
events affect the top event, thus addressing FTA’s limitations. Additionally, sensitivity analysis within BN can be used to 
identify the minimum cut sets of the FTA, strengthening the risk assessment process. 

The findings successfully addressed the research question regarding critical risks in LH2 bunkering. The FTA model 
identified three key intermediate events: hydrogen leakage, human error, and overpressure, which were further analyzed 
through expert judgment and FST to quantify their likelihood and impact. the model was also validated using sensitivity 
analysis, ensuring that the most influential risk factors were adequately captured. Therefore, the study fulfilled its purpose 
by systematically assessing safety risks and highlighting the most critical failure modes in LH2 bunkering operations. 

In this study, failure probabilities were derived from expert judgment rather than equipment failure data, as available 
data primarily pertained to other fuels, such as LNG and methanol, which have different properties from LH2. By 
incorporating insights from five experts with diverse backgrounds, including researchers in the hydrogen industry, maritime 
safety researchers, and experts in the LNG industry, the accuracy and reliability of probability estimations were improved, 
leading to a more informed risk assessment. However, this diversity results in significant differences between experts’ 
linguistic judgments, as seen in the assessments of Experts 3 and 4 for the failure probability of BE2 (Hose Design Error). 
Expert 3, from the LNG industry, believes the probability of a design error leading to hose failure is very low. In contrast, 
Expert 4, a hydrogen researcher with minimal real-world maritime experience, considers the design error likely to cause 
hose failure. These differences stem from each expert’s background and practical exposure to specific contexts. Importantly, 
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both perspectives are valid, reflecting complementary dimensions of knowledge: one grounded in established operational 
practice and the other in precautionary, research-based risk perception. 

The findings of this study are consistent with relevant research that used FTA-Fuzzy BN for hydrogen storage, 
bunkering, and refueling stations. Human factors emerge as the most critical contributors to top-event failures, consistent 
with previous studies such as Wang and Gao (2023) and Zhang et al. (2024), which highlight issues like inadequate skills 
and task complexity. However, compared to similar studies on maritime LH2 bunkering, notable differences appear in the 
highest RoV of basic events. Studies by Tamburini et al. (2025, 2024) reported that equipment failures, such as pressure 
shock in the hose, ESD sensor, and ignition source failures, influence the most basic events. These discrepancies are due 
to differences in study objectives. Tamburini et al. (2024) focused on determining the performance of safety barriers, while 
Tamburini et al. (2025) examined safety resilience. Moreover, these studies do not integrate human factors into the FTA and 
FBN. 

Human-related errors are the primary contributors to failures in LH2 bunkering, exhibiting the highest prior 
probability and sensitivity according to BN analysis. The most influential basic event is BE 12 (Task Execution Problem), 
mainly due to the novelty of hydrogen technology, which seafarers have not previously operated. When confronted with 
unfamiliar challenges, such as hydrogen systems and automation, seafarers experience increased cognitive load, particularly 
in updating their mental models, processing information, and translating it into effective action planning (Sezer et al., 2024), 
which is informed by human experience and knowledge integrated into the system (France, 2017). As the hydrogen 
bunkering system is considered new, there is a high likelihood that seafarers will face significant difficulties when executing 
tasks. Therefore, adequate training and simulation are necessary before seafarers perform these tasks. 

This study considers the probability and significance of components contributing to bunkering failure, such as hose, 
valve, and ESD, as non-influential factors. This is because these components and equipment are specifically designed for 
hydrogen transport. Moreover, the low involvement of component failures, especially regarding ESD, pump malfunctions, 
and pressure relief valves, is due to the AND-Gate logic, which requires all contributing factors to be present for the 
intermediate event to occur. This concept limits the effect of basic events related to components on the TE. Consequently, 
material failure is considered minimal with proper manufacturing, maintenance, and operation, supported by thorough design 
and testing processes. 

The results of this study were also compared with similar studies on risk analysis of LNG bunkering using FTA and 
FBN. Human error is identified as the most significant failure during bunkering operations by Vairo et al. (2021), specifically 
the inability to recognize sensor information. However, studies by Vairo et al. (2022, 2021) stated that component failures 
have the highest basic event probability, and Fan et al. (2023) found that excessive ship motion during LNG bunkering is the 
most influential factor. The difference in results is because human error was not incorporated into their FTA, and the 
importance of operational and human error has not been explored in LNG bunkering risk analysis studies (Peng et al., 2021). 

This study has three key limitations. First, the FTA model adopts a general approach, focusing on factors such as 
leakage, human error, and pressure. Detailed component-level failures should be included for a more comprehensive failure 
analysis. Additionally, the human error basic events are broadly categorized; refining them using HFACS, particularly for 
unsafe acts, would improve the precision of human error assessment. Moreover, organizational factors such as training, 
drills, and operating procedures should be considered in human-related error analysis. Second, the study relies on expert 
linguistic judgment for probability estimation. Future research should incorporate near-miss or accident data, particularly 
from hydrogen-related industries or storage tanks, to enhance analytical accuracy. Third, this study focuses solely on 
bunkering failures without addressing post-failure consequences, such as fire incidents or the safe dispersion of leaked 
hydrogen. Therefore, integrating FTA with Event Tree Analysis (ETA) to develop a bow-tie model should be considered in 
future research. 

5. CONCLUSION  

The bunkering process of liquefied hydrogen from port to ship is a critical operation; therefore, mapping failure 
events using FTA and modelling with FBN is necessary. FTA was integrated with FBN by quantifying each basic event based 
on expert assessment and ranking them using valuation rates and sensitivity analysis of the Bayesian Network. Hydrogen 
leakage, human error, and overpressure were identified as intermediate events (main failures) in FTA based on a literature 
review of port-to-ship LH2 bunkering operations. Key findings of this study include: 

1. Human factors are critical, with the highest prior probability of failure occurring in basic events related to human 
activity (Task Execution, followed by Human-Machine Interface Problems, Inadequate skilled personnel, and 
fatigue). 
2. Sensitivity and variation rate analysis show that human-related errors are the most significant contributors to 
hydrogen bunkering failure. 
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3. Basic events related to pressure failure have minor significance in the occurrence of the top event. 
4. The probability of basic events involving hydrogen leakage is lower than other intermediate events; however, 
failure of components such as the hose, valve, and manifold increases the probability of top event failure. 

Given the paramount importance of human error in hydrogen bunkering failures, stakeholders such as shipping 
companies and bunkering operators should provide proper training and simulation for the novel technology, combined with 
an adequate understanding of automation processes. This approach can reduce the probability of failure due to human error 
in the foreseeable future. 
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APPENDIX 

The details of the Intermediate events 

Identifier Intermediate Events 

IE1 Hose Failure 

IE2 Valve/ Connector Failure 

IE3 Adverse weather 

IE4 Dropped Object 

IE5 Uncontrollable Transfer Rate 

IE6 Mechanical Failure 

IE7 Purging Gas Failure 

IE8 Improper Purging 

IE9 Thermal Expansion 

IE10 Hydrogen Leakage 

IE11 Human Error 

IE12 Pressure Failure 

IE13 Failure of Bunkering Pump Operation 
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