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Abstract
This paper proposes a Bayesian Network-based framework for risk assessment and probability estimation of vessel-platform allision accidents, 
using a novel technique that derives probabilities from incidental data. A dataset of 557 allision incidents collected from multiple open source 
agencies is analysed to identify causation patterns. Basic causes could only be determined for 375 incidents, with supply vessels involved in 
61% of cases. Statistical analysis revealed that vessel type and the month of occurrences are significantly associated, and most incidents arose 
during cargo transfer operations. Fixed installation accounted for the majority of allisions with moving vessels, and human error emerged as the 
leading contributor (30%). Building on these insights, a Bayesian Network model is developed incorporating 42 identified causes, three causal 
factors and four consequence levels. Using a recent probabilistic approach, probabilities of basic causes are derived from annual allision 
occurrence rates. The BN model is then applied to predict annual allision probabilities and to conduct sensitivity analyses. Results show that 
weather-related causes and misalignment errors exert the strongest influences on accident probabilities. The methodology is transparent and 
holistic in providing better discernment of the causation probability of allision accidents.

Keywords  Vessel–platform allision accidents; Bayesian networks; Causal factors; Basic causes; Sensitivity analysis

1  Introduction

Accident scenarios such as fires and explosions, hazard‐
ous material releases, vessel collisions, ship allisions and 
crane accidents are persistent safety concerns in offshore 
and maritime industries. These events have repeatedly 
caused fatalities, structural damage to the facility and envi‐
ronmental consequences (EMSA, 2023; HSE, 2023; Havtil, 
2023; USCG, 2023). Disasters like the Piper Alpha, the BP 
Deepwater Horizon and the Cidade de São Mateus FPSO 
have compelled the offshore industry to adopt structured 
approaches to risk assessment and management (UK Oil 
and Gas, 2010; Norazahar et al., 2014; Bhardwaj et al., 
2021). A thorough understanding of both the causes and 
occurrence probabilities of accidents is fundamental to 
enhancing the safety performance of offshore installations
(Bhardwaj et al., 2017, 2022b). While probabilistic meth‐

ods are well established for high-frequency, high-impact 
events like fires and explosions (Bhardwaj et al., 2021; 
Khakzad and Reniers, 2018; Spouge, 2017; Wang et al., 
2018), allision remain underexplored despite being low 
frequency but high consequence events. Between 2013 
and 2020, allision incidents accounted for 15% of all 
recorded accidents in China’s coastal waters, making it the 
second most frequent accident category (Liu et al., 2021).

An allision occurs when a moving vessel strikes a fixed 
or floating structure such as an offshore platform, FPSO, 
bridge pier or wind turbine. This differs from a collision, 
which involves two moving vessels (UK Oil and Gas, 
2010; Zhao et al., 1994. Due to their high frequency and 
severe consequences, ship collisions are among the most 
thoroughly investigated types of maritime accidents. (Gra‐
ziano et al., 2016; Silveira et al., 2013), subsequently quan‐
tified through a range of frequency estimation models inte‐
grating statistical datasets and experts’ elicitation (Čorić 
et al., 2021) and, thus, not subject to analysis in the present 
study. This paper focuses on allision accidents, which are 
rare yet significant for seagoing vessels and stationary plat‐
forms. The allision is sometimes known as “contact (with 
fixed and floating structure)” and “collision” in ship acci‐
dent databases such as European Maritime Safety Agency 
(EMSA, 2023), Marine Accident Investigation Branch, 
(MAIB, 2023) and United States Coast Guard, (USCG, 
2023); however, “allision” is the terminology uses is pri‐
marily based on the authors preference. Regulators such as 
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the Norwegian Ocean Industry Authority (Havtil, 2023)
and the Health and Safety Executive (HSE, 2023) UK clas‐
sifies allision as a major accident hazard requiring targeted 
risk assessment.

Subsequently, researchers and industrials have put effort 
into understanding and modelling allision scenarios to pre‐
vent and mitigate them. UK Oil and Gas Industry Associa‐
tion (UK Oil and Gas, 2010) provides guidelines for con‐
tingency plans and measures to avoid allision incidents. 
More emphasis is placed on the use of collision detection 
systems.

Formal risk assessment of allision has been attempted 
for more than three decades (Xiao et al., 2022). Earlier, 
Zhao et al. (1994) developed a human error focused proba‐
bilistic framework, where causation probabilities are calcu‐
lated through fuzzy methods. Other probabilistic allision 
models, such as Ship Offshore Platform Collision Risk 
Assessment (SOCRA), have been designed to integrate 
scenarios involving both ramming and drifting collisions 
(van der Tak and Glansdorp, 1995). COLLIDE model con‐
siders navigation errors arising from equipment faults, 
weather effects and human factors (Haugen, 1994). More 
commercial software, such as CRASH by DNV, COL‐
RISK by Anatec, and MANS from MSCN (Netherlands), 
exists that utilises shipping traffic databases for probabilis‐
tic modelling of allision (Geijerstam and Svensson, 2008; 
UK Oil and Gas, 2010). These software are susceptible to 
model assumptions, which require significant upgrading 
with the advancement of technology (Geijerstam and 
Svensson, 2008; Hassel et al., 2021; Mujeeb-Ahmed et al., 
2018). In general, such models provided a baseline but 
were limited in scope and increasingly outdated.

Recent contributions have applied modern probabilistic 
tools, simulations and data-driven approaches. Bayazit and 
Kaptan (2024) analysed 112 allisions using the well-known 
human factor taxonomy for classification. Later, Kaptan 
and Bayazit (2024) adopted a data-driven BN approach 
and identified ship type, wind, and ship age as the most 
influential factors in predicting the severity of accidents in 
port areas. While these studies are comprehensive, their 
findings primarily focus on the probability of allision dur‐
ing port manoeuvres. Ceylan et al. (2021) also used a 
human factors-oriented approach, applying the System 
Theoretic Accident Model and Process to ship allision 
accidents. Using a real-time case study of an allision in 
narrow waters, they emphasised that such accidents are 
system-based, dynamic and complex. Hörteborn et al. (2025) 
developed a Monte Carlo-based ship bridge simulator 
showing its value for early design phases. Son and Carlo 
studied ship allision with offshore wind turbines, suggest‐
ing a minimum safe route width of 8 943 m, considering 
future traffic demands.

Different perspectives and techniques in the literature 
have analysed allision scenarios. For example, the Auto‐

matic Identification System (AIS) that provides ship trajec‐
tory data, and has been employed extensively for the prob‐
abilistic allision assessment (Hassel et al., 2021; Mujeeb-
Ahmed et al., 2018). Hörteborn and Ringsberg (2021) anal‐
ysed bridge allision probability using ship maneuvering 
information and AIS data to identify accident scenarios. 
However, these models, being simulation-based, generally 
target a specific extreme event and therefore leave multi‐
ple key risk factors insufficiently considered or unad‐
dressed. That said, there are alternative models that proba‐
bilistically evaluate particular scenarios or isolated risk ele‐
ments. For example, Chen and Moan (2004) focused on 
FPSO and tanker allision events during offloading opera‐
tions, analyzed through drive-off frequency assessment.

Another common approach to modeling allision scenar‐
ios involves using the likelihood of a vessel being on a col‐
lision course combined with the causation probability 
(probability that the vessel stays on a collision course) 
(Chen and Moan, 2004; Haugen, 1991; Haugen and Moan, 
1992). These probabilistic accident models emphasise the 
spatial distribution of maritime traffic and the locations of 
offshore installations (Xiao et al., 2022).

Geometric representations and dynamic characteristics 
due to the use of current traffic data are the advantages 
that make these models very practical. However, their 
main limitation lies in the simplistic estimation of causa‐
tion factors and probabilities, as observed in studies such 
as Hörteborn and Ringsberg (2021) and Pedersen (2002) .

These studies highlight the important shift from determin‐
istic to probabilistic and data-driven approaches; however, 
several limitations remain to be addressed. For instance, 
most probabilistic models often treat human error, environ‐
mental conditions and ship/traffic characteristics in isolation. 
Integrated frameworks that can capture interdependencies 
remain scarce (Xiao et al., 2022). It is clear that Software-
based, geometric and AIS-based models emphasise the final 
allision probability rather than inherent causal factors.

Xiao et al. (2022) have presented a comprehensive review, 
revealing that almost all allision risk models overlook key 
risk factors necessary for a holistic representation of such 
scenarios. They further emphasized the need for an in-depth 
analysis of causal factors, particularly human elements and 
weather influences to more accurately predict incident 
probabilities. Challenges such as larger vessels, denser off‐
shore wind farms and climate weather variability are rarely 
explicitly addressed, leaving gaps in inadequate assess‐
ment (Son and Cho, 2024). Eliminating the probability 
of allision is challenging, as procedural violations often 
become normalized within routine operations and are diffi‐
cult to incorporate effectively into an organization’s safety 
management system (Oltedal, 2012). Industrialists require 
tangible information, including the probability of acci‐
dents and their basic causes, to allocate investments in 
safety management.
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Since allision accidents are less frequent than collisions, 
and incident databases are incomplete or inconsistent. This 
results in uncertain prior probabilistic models and general 
adaptability across regions (Zhen et al., 2023).

Recent developments have introduced more flexible tools 
like Bayesian networks (BNs) for portraying causal frame‐
works and characterising probabilistic dependencies among 
the variables. Bayesian networks are more flexible and 
sophisticated than traditional causal analysis techniques. 
Therefore, BNs have been used in many sectors as a tool 
for risk modelling and analysis with uncertainty (Amin 
et al., 2018; Cai et al., 2012; Khakzad et al., 2011, 2013). 
BNs have a profound application among the approaches 
used for maritime accident analysis as they can easily rep‐
resent dependencies among the events (Zhang et al., 2013; 
Zhang et al., 2016). Fan et al. (2020) collected maritime 
accident data from the Marine Accident Investigation 
Branch (MAIB) and the Transportation Safety Board of 
Canada (TSB) between 2012 and 2017, and developed a 
data-driven BN that emphasised the importance of the 
human factor in addition to other risk-influencing factors 
on accident type. In a similar approach, Liu et al. (2021) 
have trained BN with machine learning algorithms to 
develop a maritime accident model. They have gathered 
accident data on China’s coastal area to analyse the impact 
of risk-influencing factors on accident severity.

These BN models have generally addressed maritime 
accidents in aggregate rather than focusing on specific 
types. a major challenge with BN is the high uncertainty in 
prior and conditional probabilities. To address this, expert 
elicitation is often combined with historical data (Zhang 
et al., 2013; Zhang et al., 2016). However, reliance on 
expert opinion introduces subjectivity. This limitation can 
be reduced by carefully integrating reliable historical data 
(Hassel et al., 2021).

To bridge the above-stated gaps, this study integrates 
several causal factors in a single BN model. The main 
intricacy of the use of BN is estimating prior probabilities 
of the parent nodes (Li et al., 2014). Therefore, this study 
adopts a novel probabilistic technique for prior distribu‐
tion, reducing subjectivity (Bhardwaj et al., 2024). The 
methodology proposes a balance of the use of historical 
data in probabilistic modelling to strengthen both reliabil‐
ity and interpretability.

2  Methodology

This section presents the proposed probabilistic frame‐
work for ship allision accidents with offshore installations. 
Figure 1 shows the methodology outline with the main steps 
explained as follows. The probability of accident occur‐
rence can be estimated using probability methods and 
historical data (HSE Books, 2017; Yin et al., 2021). The 

offshore industry is responsible for recording major acci‐
dents, minor incidents, and precursor events to the national 
authorities so that they can adopt safety measures (BSEE 
(Bureau of Safety and Environmental Enforcement), 2023; 
eMARS, 2023). However, offshore accident data suffer 
from scarcity and underreporting of incidents; thus, any 
adopted methodology should address these issues (Zhen 
et al., 2023). Offshore scenarios involve different risk 
factors to the initiating events than onshore scenarios; 
thus, the accidents have distinct characteristics (Almeida 
and Vinnem, 2020; Bhardwaj et al., 2018, 2022a; Song  
et al., 2016).

The first step consists of collecting allision incidental 
data from offshore databases and investigation reports from 
the literature. Secondly, the data is interpreted in two ways: 
the data is thoroughly analysed to reveal significant insights 
about the circumstances. This leads to the development of 
a causal framework among the main event (allision), inter‐
mediate events and last identified causes (basic causes).

This information is further utilised to develop a causal 
network using a BN model. The different nodes can be 
positioned with identified basic causes, intermediate causes 
and main allision events. Connections are established to rep‐
resent causal relationships as per the data analysis.

From the analysis of the data, the frequency of each basic 
cause can be calculated from the number of occurrences in 
the database. A recent approach (Bhardwaj et al., 2024) This 
paper utilises prior frequencies in the posterior probability of 
basic causes. Once the BN is characterised with prior proba‐
bilities and conditional probabilities, it can be used to per‐
form probabilistic analyses such as allision probability pre‐
diction and sensitivity analysis of basic causes. A brief intro‐
duction to the probability estimation approach and Bayesian 
theory is provided in the following subsections.

Figure 1　Proposed methodology
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2.1  Estimation of the prior probability

In the previous study (Bhardwaj et al., 2024), an approach 
for prior probabilities of allision is proposed, which has 
two major steps: 1) ranking of allision basic causes from 
incident data collection 2) posterior probability estimation 
of basic causes of allision accidents.

As per the relative frequency, each basic cause is ranked 
from least to highest observed. This approach has the 
added advantage of identifying and placing more causes as 
per the expert’s experience. A method known as the Deck 
of Card Method (DCM) (Corrente et al., 2021a; Figueira 
and Roy, 2002) is employed to assign normalized weights 
to these fundamental causes. This method introduces a 
novel framework that converts accident occurrences into 
occurrence rates of the basic causes, utilizing normalized 
weights derived from the DCM. The annual frequency of 
accidents is converted into occurrence rates of each basic 
cause. Finally, Hierarchical Bayesian Analysis (Kelly and 
Smith, 2009) is carried out to estimate the probability of 
the basic causes based on the posterior mean of their annual 
occurrence rates.

Due to space limitations, this approach is not discussed 
in details here; further information can be gathered from 
(Bhardwaj et al., 2024). For completeness, a generic appli‐
cation of the method is provided in Appendix A.

2.2  Bayesian network

Formal risk assessment involves probabilistic tech‐
niques that develop causal relationships among leading 
events and their precursors. Fault tree analysis, event tree 
analysis, bow-tie method, and reliability block diagrams 
are examples of commonly used methods in the offshore 
sector. Moreover, international standards (IEC 31010, 2019) 
emphasise hazard identification as the primary step in acci‐
dent scenario modelling. This study adopts a Bayesian 
Network (BN) model to describe allision accidents in the 
offshore sector. The Bayesian Network (BN) is a probabi‐
listic framework for making inferences under uncertain 
information and is capable of analysing complex interrela‐
tions and dependencies among model parameters. Com‐
pared to traditional methods, BN is acknowledged for its 
capability of assimilating empirical data with expert elici‐
tation and presenting causal relationships while showing 
graphical means.

A Bayesian Network (BN) is a directed acyclic graph 
(DAG) consisting of nodes and arcs that form a probabilis‐
tic framework. The nodes represent basic random vari‐
ables, while the arcs illustrate the dependencies among them 
by linking child nodes to their parent nodes. These connec‐
tions in a BN define the probabilistic relationships between 
basic and dependent variables.

The basic structure of a BN network provides a qualita‐
tive description of the problem. The Conditional Probabil‐

ity Tables (CPTs) of discrete variables define the quantita‐
tive relationships among the variables. A CPT offers a 
comprehensive representation of the probabilistic interac‐
tions, capturing all potential dependencies between parent 
and child nodes. The Bayesian Network is fundamentally 
based on Bayes’ theorem, expressed as

p (θ | y ) ∝ p ( y |θ ) p (θ ) (1)

Here, y denotes the observed data, and θ represents the 
model parameter capable of generating that data. p ( ) |  

denotes the probability density function under given condi‐
tions. Specifically, p (θ ) is the prior probability, p ( )y |θ  is 

the likelihood function, and p ( )θ | y  is the posterior distri‐

bution. A BN expresses the joint probability distribution 
over a set of discrete random variables Y where Y can be 
represented as

Y = (Y1, Y2, Y3, ⋯, Yn ) (2)

where n is the total number of discrete random variables. 
The joint probability distribution of Y (as shown in Eq. 2) 
can be obtained by multiplying all prior probabilities and 
their corresponding conditional probability distributions.

P ( y1, y2, y3, ⋯, yn ) = ∏i = 1

n P ( yi /pa ( yi ) ) (3)

where the term P ( yi /pa ( yi ) ) is the conditional probabil‐
ity of yi given its parent variables ( pa ( yi ) ).

The first use of BN is qualitative, describing the logical 
structure of the events. Then, a quantitative analysis is con‐
ducted to estimate the probability of the top event occurring, 
which requires predicting the probability of the occurrence 
of the basic causes. To achieve this objective, relevant data 
is collected as described in the following subsections.

3  Results

This section presents the results of applying the proposed 
methodology to estimate the allision accident probability.

3.1  Analysis of the incidental data

Information on offshore accidents and incidents can be 
obtained from research studies, official and industrial reports, 
news articles, and accident databases (Christou and Kon‐
stantinidou, 2012). The collected information may provide 
significant insights into the causal evolution of an accident. 
Aiming to collect and analyse some data as described below.

3.1.1 Data collection
The information from (Norwegian Ocean Industry Author‐

ity (Havtil), 2023) and (BSEE (Bureau of Safety and Envi‐
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ronmental Enforcement), 2023) databases is collected to 
comprehend the trend of reporting for allision incidents in 
the offshore sector. Moreover, broad ship accident data 
from (EMSA (European Maritime Safety Agency), 2023; 
MAIB (Marine Accident Investigation Branch), 2023; 
USCG (United States Coast Guard), 2023) has also been 
studied. These publicly available reports reveal primary 
accident indicators, such as the number of occurrences, 
ships lost, and casualties, with respect to time and ship 
type. However, these reports often overlook in-depth 
causal factors (immediate causes) and basic causes of the 
accidents, which are often not described. In addition, 
extensive information from the literature review of scien‐
tific papers (discussed in the Introduction section) is col‐
lected to understand and characterise allision accidents.

This paper utilises two comprehensive allision incident 
data sets from UK Continental Shelf (UKCS) (Robson, 
2003; Loughney et al., 2019) as primary information for 
frequency analysis. The HSE is a pioneer organisation and 
authority based in the UK responsible for health and 
safety-related issues onshore and offshore.

These data sets are consulted since they provide more lay‐
ers of investigation that can lead to better and more credi‐
ble accident scenarios. This section aims to provide com‐
plete statistics on allision incidents involving offshore oil 
and gas platforms on the UKCS between 1975 and 2016. 
It should be noted that the available data are limited and 
cover only a small share of global accidents.

3.1.2 Vessel types involved in allisions
The data sets are scrutinized for the vessel type involved 

in the allision incidents. Figure 2 shows that supply ves‐
sels account for 61% of involvement in allision incidents, 
followed by standby vessels (15%) and other vessels (15%). 
Earlier studies also identified that allision risk is more 
apparent on general supply (cargo) vessels (Liu et al., 
2021). The types of other vessels are further displayed by 
their distribution as driver support (6%), Anchor handler 
(3%), Merchant tanker (2%) and Tug (2%). The remaining 
vessel types have a distribution of around 1% each.

This section further uses the chi-square test to check the 

dependence between the month of the year and vessel type. 
The chi-square test distinguishes the observed and expected 
frequencies by statistical difference. The independence test 
using chi-square is applied to the statistical dependence 
between these two variables. First, two hypotheses (Hnull 
and H) are adopted as Hnull There is no significant relation‐
ship between the month of year and the type of vessel. H 

There is a significant relationship between the month of 
year and the type of vessel.

The chi-square statistic ( χ2) was calculated as 75.21 based 
on the observed and expected frequencies. The critical value 
of χ2 at a 95% significance level was determined to be 
60.48. Since the calculated χ2 exceeds the critical value, 
the null hypothesis (Hnull) is rejected. This indicates that 
the occurrence of allisions involving different vessel types 
is statistically dependent on the month of the year.

3.1.3 Vessel’s operating circumstances
The basic operating circumstances during the allision 

incidents are shown in Figure 3. It is evident from the figure 
that most of the incidents occur during cargo transfer 
(23%), approaching installation (18.5%) and cargo unload‐
ing (11%). Other important operations, according to their 
distribution in allision events are Close Support (5%), 
Diving Operations (4%), Anchor Handling (3%), Cargo 
Unloading–Containers (2%) and Cargo Loading (2%).

3.1.4 Installation types involved in allision
Furthermore, the database is scrutinised for offshore 

installations involved in incidents related to allisions with 

Table 1　Number of allision incidents against months of year and 
type of vessels

Months 
of year

January

February

March

April

May

June

July

August

September

October

November

December

Type of vessels

Supply 
vessels

50

47

41

32

35

24

30

29

31

43

37

44

Stand-by 
vessels

11

4

7

7

11

3

15

10

15

12

8

4

Other 
attendant

7

6

5

10

14

4

17

8

12

9

9

6

Passing 
vessels

1

1

1

0

1

2

2

2

0

0

0

0

Unspecified
 vessels

8

3

4

0

0

4

4

0

0

3

0

3

Figure 2　Distribution of vessel types involved in allision
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vessels. The results of this analysis are presented in Figure 4 
for the involved installation. Notably, fixed installations 
(fixed steel, fixed concrete, jacket, and tension leg) account 
for a significant share of incidents, followed by floating 
installations. Further, the breakdown of the floating instal‐
lations is provided in the figure. Semi-submersible drilling 
units are involved in 27% of the incidents followed by 
Semi-submersible crane support 4% and Floating produc‐
tion units 4%.

3.1.5 Distribution of incidents by severity
Different databases classify the severity of incidents in 

different ways. This study organizes incidents into groups 
for analysis, mainly using the HSE taxonomy described in 
the reports (Robson, 2003; Loughney et al., 2019). The 
impact of allision on offshore installation (damage) is 
acknowledged as severe, moderate, minor and none.

Though 3% of incidents are heightened to serrious acci‐

dents and 10% are moderate, yet the major concern is that 
53% of them are minor incidents. 15% of causes remained 
unknown and thus unspecified in the database (Figure 5).

3.1.6 Causal factors of allisions
The analysis of results in terms of causal factors of alli‐

sion incidents is shown in Figure 6, which displays their 
distribution in the dataset. Human errors contribute to most 
accidents (30%), while equipment failures account for 22% 
and external factors for 15%. This study aims to identify 
the causes of these incidents; however, the limited informa‐
tion in the data means that 33% of the immediate causes 
remain unknown. This is a common issue with the analysis 
of incidental data, as a significant portion of incidents 
remains unanalyzed due to a lack of reporting, inadequate 
understanding of the incident, or insufficient resources.

3.1.7 Basic causes of allisions
Risk assessment can be effectively carried out if a good 

understanding of the basic causes leading to an accident is 
achieved. The thorough analysis of compiled data pro‐
duces a generic causation structure, exposing the next 
layer of hazard identification. It is improvised to break down 
further possible weather elements that are vital for allision 
scenarios. As discussed in section 3.1.1, other databases 
were consulted, which identified that heavy rain, thick fog, 
extreme waves and wind conditions are the main weather 
conditions causing allision. The quantitative details are 
derived from expert elicitation from the author’s previous 
study (Bhardwaj et al., 2024).

Figure 3　Distribution of vessel’s operating circumstances

Figure 4　 Distribution of allision incident with type of offshore 
installations

Figure 5　Distribution of offshore installation damage class

Figure 6　Causal factor of allisions
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Of the 557 allision incidents analyzed, basic causes were 
identified for 375 (Figure 6). These have been slightly 
revised according to the authors’ interpretation. However, 
the basic causes reflect only the final recorded factors and 
may not represent the underlying root causes that contrib‐
uted to the events.

First, in Figure 7, the distribution of basic causes for 
equipment failure are depicted. Engine failures are mostly 
due to control equipment failures, constituting 21%, while 
engine power failures include 10% of overall equipment 
failures. Failures of Dynamic Positioning (DP) equipment 
include control failures (6%), computer failures (1.6%), 
electrical failures (1.6%), and remote-control failures 
(0.8%). Other critical equipment requiring particular atten‐
tion due to their susceptibility to failure includes thrusters, 
steering systems, mooring equipment, and electrical or 
power-related components. Other causes, such as propel‐
ler, crane, and rudder failures, each account for approxi‐
mately 0.8%.

The other two crucial causal factors, external factors 
and human errors, are analysed for the basic causes. In 
both cases, a large share of basic causes has been found to 
be associated with a single cause. Therefore, these are clas‐
sified further by experts. Figure 8 presents the basic causes, 
split into two frames, distributed based on observed data 
(Data) and expert elicitation (Expert).

As shown in Figure 8(a), external factors are the primary 
cause of events resulting from adverse weather conditions 
(82%), followed by anchors being dragged (16%) and 
obscured vision (2%).

The distribution of common human errors involved in 
allision incidents is depicted in Figure 8(b). Three-fourths 
of the errors come under misjudgments, while other signif‐
icant ones are operator error (11%) and watchkeeping failure 
(9%). Following the above scheme, misjudgments are further 
classified as lack of awareness, lack of knowledge, miscal‐
culation and improper communication. Future research 
will extend the current framework to more precisely iden‐
tify the nature of errors and root causes through a second‐
ary level of analysis.

3.2  Estimation of the prior probabilities of basic 
causes

This section primarily builds upon the results from the 
previous study, focusing on the key inputs for the present 
approach. As summarized in Section 2.1 and further detailed 
in Bhardwaj et al. (2024), the main input for the calculation 
of prior probabilities is annual allision frequency data.

From the analysis conducted in section 3.1, the basic 
causes are ranked from most important to least important 
based on the occurrence in the dataset. Table 3 presents the 
rankings of basic causes.

For the sake of simplicity in the analysis, a smaller set 
of annual allision frequency data is gathered from the HSE 
(Loughney et al., 2019), as shown in Table 2. It is to be 

Figure 8　Basic causes

Figure 7　Basic causes of equipment failure
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noted that the last 16-year evidential data is used here to 
keep calculations simple and as adopted in Bhardwaj et al. 
(2024). The annual occurrence rate is found by comparing 
the number of allision incidents reported with the number 
of installations operating in that year.

Based on the rationale that the annual allision occur‐
rence rate (Nt) can be distributed among all identified basic 
causes (h = 1, 2, …, 42), the corresponding annual contrib‐
uting occurrence rates (λ t

h, h = 1, 2, … , 42, t = 1, 2, … , 
16 ) are defined as follows

λ t
1 + λ t

2 + λ t
3 + …λ t

42 = N t (4)

The equation above applies to time t and can be expressed 
in normalized form as follows

λ t
1

N t
+
λ t

2

N t
+
λ t

3

N t
+ … λ t

42

N t
= 1 (5)

The left-hand ratio is independent of time and reflects 
the normalized contribution of each basic cause to the overall 
occurrence of the final event. There can be multiple ways 
to deduce these weights, such as through the results of sim‐
ple statistical analysis. Nonetheless, this study builds upon 
the expert-based methodology employing the DCM, as 
detailed in the preceding research (Bhardwaj et al., 2024), 
which implies

w (l1 ) + w (l2 ) + w (l3 ) + …w (l42 ) =

λ t
1

N t
+
λ t

2

N t
+
λ t

3

N t
+ … λ t

42

N t
= 1 (6)

where w ( lh ) is the weight deduced from DCM for a basic 
cause ( lh ).

For the given weights w ( lh ) from the previous study 
(Bhardwaj et al., 2024), and the annual occurrence rates 
( N t ) from Table 2, occurrence rate contributed by each 
cause for each year can be determined as follows λ t

h =
w ( lh ) × N t. Some steps of the estimations of this section 
are shown in Appendix A.

Across 16 years, contributing occurrence rates for each 
basic cause were calculated and analyzed using Hierarchi‐
cal Bayesian Analysis (HBA). The analysis resulted in pos‐
terior predictive distributions of the basic event occurrence 
frequencies, which can be regarded as prior probabilities 
of their occurrence. The complete results are presented in 
the last column of Table 3. Thereby, the prior probabilities 
of basic causes are calculated using evidential data, DCM 
and HBA.

3.3  BN allision model

The initial process in section 3.1 identifies basic causal 
factors that are included in the risk assessment of allision 
accidents. The purpose is to construct a hierarchical repre‐
sentation of the risk-influencing factors underlying allision 
accident scenarios. The information is used to relate the 
allision, the intermediate and the basic causes. After under‐
standing the incident’s causation, a directed acyclic graph 
(DAG) BN model is structured based on the structure and 
relationship among the contributory parameters. The BN 
model in this study is built using GeNIe (Langseth et al., 
2009; Langseth and Portinale, 2007) software developed 
by the Decision Systems Laboratory at the University of 
Pittsburgh.

Figure 9 presents the probabilistic allision model. Fur‐
thermore, consequences are also modelled. The framework 
consists of 42 root nodes indicating the basic causes of the 
allision accident. In the investigation reports, the basic 
cause is recorded as the last identified factor. While this 
may not always be the actual root cause, it may still be 
influenced by deeper contributory factors. For the purpose 
of this study, the final listed cause is assumed to be the 
basic cause.

Intermediate nodes represent the principal causal factors 
and intermediate causes. Figure 9 shows the BN allision 
model with green nodes identified by expert knowledge. It 
is important to highlight that the model incorporates only 
the factors that were actually observed in accident reports, 
along with those considered most probable based on 
expert judgement.

After establishing the qualitative framework, the model 
must be quantified by defining states and assigning proba‐
bilities. Each node in the Bayesian Network is given two 
states “T” for True (present) and “F” for False (absent) to 
indicate whether a particular causal factor exists.

Table 2　Number of allision incidents and installations from 2000 
to 2015, according to Loughney et al. (2019)

t

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

Year

2000

2001

2002

2003

2004

2005

2006

2007

2008

2009

2010

2011

2012

2013

2014

2015

Number of allision 
incidents ( At )

18

12

10

6

4

7

8

12

8

4

5

7

4

6

4

3

Number of 
installations ( I t )

300

307

308

311

313

314

315

331

337

338

332

332

335

337

340

331

Annual occurrence 
rate ( N t )

0.060

0.039

0.032

0.019

0.013

0.022

0.025

0.036

0.024

0.012

0.015

0.021

0.012

0.018

0.012

0.009
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The prior probabilities applied in the model were obtained 
from the evaluation detailed earlier and are presented in 
Table 3. For the node D.P. Operator Error, the probability 
of occurrence is 2.24 × 10−4, which is fed to BN as T =
2.24 × 10−4 and F = 1 − 2.24 × 10−4. Similarly, all root 
nodes are assigned probabilities of occurrence and non-
occurrence of associated basic cause.

A key aspect of this BN model is the computation of 
conditional probability tables (CPTs). To minimise com‐
plexity, Noisy-OR gates (Langseth et al., 2009; Langseth 
and Portinale, 2007) are applied at the intermediate nodes, 
while a simple OR gate is used for the final event, allision.

If interdependencies among failure causes need to be 
represented, more advanced CPT formulations such as those 
presented in Adedigba et al. (2016) may be consulted. 
This study focuses on constructing a practical allision sce‐
nario using realistic, although limited, data. The authors 
do not claim absolute numerical precision; the model can 
be refined as more data become available, serving both 
qualitative and quantitative purposes.

The probability of allision is estimated as 3.40 × 10−3, 
while the probabilities of various consequence classes are 
calculated as 7.48 × 10−3 for None, 2.13 × 10−3 for Minor 
4.11 × 10−4 for Moderate and 1.05 × 10−4 for Severe.

3.4  Sensitivity analysis model

A key component of BN analysis is identifying the most 
influential input parameters through sensitivity analysis. 
Its purpose is to evaluate how variations in the input 
parameters affect a selected model output. This step is 
essential in risk assessment, as it helps determine model 
robustness and supports model validation (Tarantola et al., 
2007). The simplest form of sensitivity is expressed as the 
partial derivative of an output with respect to an input 
parameter, which represents a local sensitivity measure, since 
it is evaluated at a specific point within the input space.

Another important approach for assessing model proper‐
ties and robustness is sensitivity to evidence. This method 
examines changes in the posterior probability distribution 
of the BN under different conditions, typically using entropy 
or mutual information (also termed variance reduction for 
continuous variables). Based on this approach, a sensitiv‐
ity metric is adopted in this study as follows.

The change in the probability of basic events (variable 
Yi) from prior to posterior is measured when the target 
node (final event) is fixed to a 100% occurrence. This vari‐
ation is expressed as a change ratio (CRYi

) given by:

CRYi
= ( Pr (100%) − Prior probability of Yi

Prior probability of Yi ) (7)

Where Pr (100%) is the probability of Yi after setting the 
final event to 100%.

The overall influence of variable Yi on the final event is 

Table 3　Probability for basic causes from Bhardwaj et al. (2024)

Basic causes

D.P. Operator error

Untangling nets

Anchor chain broke

Clutch failure

Crane failure

D.P. Remote control failure

Propeller failure

Rudder misaligned

Steering control failure

Thruster electrical failure

Obscured vision

Error in mooring procedure

Autopilot failure

Bow thruster failure

D.P. Computer failure

Manoeuvring error

Poor visibility

D.P. Electrical failure

Engine failure

Thruster control failure

D.P. Thruster failure

Electrical faults

Power failure

Steering failure

Total power loss

D.P. Control failure

Heavy rain

Mooring failure

Thruster failure

Thick fog

Anchor dragged

Engine power failure

Lack of awareness

Watchkeeping failure

Lack of knowledge

Extreme waves

Other DP failure

Operator error

Engine control failure

Wind conditions

Miscalculation

Improper communication

Ranking

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

32

33

34

35

36

37

38

39

40

41

42

Probability × 10−4

2.27

2.40

2.61

2.83

2.98

3.07

3.19

3.40

3.54

3.68

3.77

3.91

4.11

4.17

4.32

4.47

4.67

4.80

4.99

5.29

5.42

5.51

5.71

5.92

5.99

6.21

6.33

6.62

6.76

6.96

7.25

7.32

7.47

7.61

7.67

7.88

7.99

8.16

8.38

8.67

8.99

9.47
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quantified by a global sensitivity index, calculated from 

the change ratio as follows:

SYi
=

CRYi

∑
i = 1

m ( )CRYi

2

(8)

A sensitivity analysis is also performed to investigate 

how the root node probability would affect the final node. 
The final event “Allision” is set to True = 100%, indicat‐
ing its occurrence, and the basic causes now correspond to 
the posterior probabilities. Figure 10 shows the BN when 
the allision event is set to 100%. The posterior probability 
values are used to calculate the sensitivity factors SYi

 of the 

variables as per Eqs. (7) and (8). The results of the sensi‐
tivity analysis are presented in Table 4.

Figure 9　BN model for allision accident (consequences are represented by blue nodes, immediate causes by orange nodes, and 
assumed factors by green nodes)

Figure 10　BN when evidence is set to allision (The relative importance of the causes is illustrated using varying intensities of 
red, with deeper shades representing higher significance)
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A sensitivity analysis is provided in Figure 10, which 
shows the node changes maximum in the sensitivity analysis. 
The colour changes indicate more visual relative sensitivity.

The causes related to weather, such as heavy rain, 
extreme waves, wind conditions, and thick fog, have the 
greatest effect, making the allision probability worse by a 
power of two.

The second group of causes that significantly influence 
the allision probability are miscalculation, improper com‐
munication, lack of knowledge and awareness. These 
causes have a significantly greater influence on the final 
event compared to other causes, as indicated by the dark 
red nodes in Figure 10 and the sensitivity values in Table 4. 
Other important causes are engine control failure, anchor 
dragged, engine power failure, other DP failure and opera‐
tor error. The information provided in this section may be 
useful for decision-makers to prioritize their resources.

4 Conclusions

This study proposes an integrated approach for risk 
assessment and probabilistic modelling of allision acci‐
dents of vessels with offshore installations.

The methodology consists of data collection and analy‐
sis, development of a causal framework, and estimation of 
prior probabilities as the main steps. Data is collected from 
UK Health and Safety Executives describing allision acci‐
dents around the UK continental shelf. Further sources of 
allision accidents are consulted to understand the causa‐
tion phenomenon. The following are some key findings 
from the statistical analysis of the data.

• Supply vessels account for 61% of involvement in alli‐
sion incidents;

• allision happening in a type of vessel is specific to the 
month of the year;

• most of the incidents are developed during cargo trans‐
fer (23%), approaching installation (18.5%) and cargo 
unloading (11%);

• fixed installations account for 48% of incidents while 
Semi-submersible drilling units are involved in 27% of the 
incidents;

• 3% of incidents are escalated to severe accidents, 10% 
are moderate and 53% of them are minor incidents.

The result of causal analysis revealed that the main con‐
tributors to accidents are human errors (30%), followed by 
equipment failures (22%) and external factors (15%). The 
next layer of analysis identified the basic causes and last 
identified causes in the datasets.

By the application of Bayesian networks, the causal net‐
work is framed, representing the main event as an allision 
accident, intermediate causes and basic causes. The issue 
of prior probabilities of basic causes is addressed using a 
novel technique that synthesises historical data and an 

Table 4　Number of allision incidents and installations

Basic causes

D.P. Operator error

Untangling nets

Anchor chain broke

Clutch failure

Crane failure

D.P. Remote control 
Failure

Propeller failure

Rudder misaligned

Steering control failure

Thruster electrical failure

Obscured vision

Error in mooring procedure

Autopilot failure

Bow thruster failure

D.P. Computer failure

Manoeuvring error

Poor visibility

D.P. Electrical failure

Engine failure

Thruster control failure

D.P. Thruster failure

Electrical faults

Power failure

Steering failure

Total power loss

D.P. Control failure

Heavy rain

Mooring failure

Thruster failure

Thick fog

Anchor dragged

Engine power failure

Lack of awareness

Watchkeeping failure

Lack of knowledge

Extreme waves

Other DP failure

Operator error

Engine control failure

Wind conditions

Miscalculation

Improper communication

*Pr (BC)| Pr (allision) = 
100%) × 10−3

0.62

0.66

0.87

0.94

0.98

0.99

1.05

1.12

1.17

1.22

2.98

1.74

2.31

2.35

2.42

2.76

2.89

3.78

3.98

4.21

5.56

5.65

5.87

6.08

8.94

10.62

75.73

14.30

14.61

83.30

34.20

22.63

81.13

20.62

83.42

94.21

32.25

26.42

50.94

103.45

97.94

103.29

Sensitivity 
factors in %

0.13

0.13

0.18

0.18

0.18

0.17

0.18

0.18

0.18

0.18

0.53

0.26

0.35

0.35

0.35

0.40

0.40

0.52

0.53

0.53

0.70

0.70

0.70

0.70

1.05

1.22

8.95

1.56

1.56

8.95

3.49

2.26

8.14

1.97

8.14

8.95

2.96

2.37

4.52

8.95

8.14

8.14

* Pr (BC)| Pr (allision) = 100%) – Probability of basic causes when 
“Allision” is set to True = 100%
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expert’s subjective knowledge.
Some insights for the allision risk model are provided 

via probabilistic analysis. Finally, a sensitivity analysis is 
conducted, which suggests that weather-related causes, 
such as heavy rain, extreme waves, wind conditions, and 
thick fog, have the greatest effect on allision probability.

This study addresses data scarcity and reporting bias by 
developing a BN model that also incorporates conse‐
quence nodes. Despite its value, limitations remain: human 
error is dominant yet still underrepresented, and the model 
requires more data for robust representation. Moreover, 
BNs are not universally transferable and must be cali‐
brated to regional conditions. Future work will integrate 
temporal variability, AIS data, near-miss reports, and simu‐
lation outputs to mitigate underreporting, while hybrid BN 
models combined with human reliability analysis will be 
explored to enhance predictive capacity and practical 
applicability.

The present methodology provides much detailed infor‐
mation about allision scenarios for the stakeholders in the 
offshore sector, which is useful in policy-making to ensure 
safety.

Appendix A　

1 Application of DCM

There are 42 identified basic causes, which are ranked 
in consecutive levels l1 to l42 (where l1 corresponds to the 
least important cause and vice versa) based on the num‐
ber of occurrences in databases. The number of blank 
cards is placed between two consecutive levels (say “1” 
between l1 and l2 … . say “6” between l41 and l42) in the 
comparison table, while rest of the entries are filled using 
the consistency condition (Corrente et al., 2021b). The 
end result of this analysis yields the relative weight of ba‐
sic causes- w (l2 ), w (l3 ) … w (l42 ) which are estimated as 

0.010 3, 0.011 2, … 0.040 9, respectively.

2 Estimation of the occurrence rate of basic 
causes (λt

h, h = 1 to 42 basic causes)

If N t be the annual occurrence rate of allision, the an‐

nual contributing occurrence rates can be calculated for 
each cause per year as λ t

h = w (lh ) × N t.

3 Estimation of probability of occurrence using 
HBA

The probability of a basic cause (θ t ) can be derived 
from contributing occurrence rates (λ t

h, h = 1 to 42 basic 
causes, t = 1 to 16 years) observed against time using the 
HBA. The θ t is considered to follow a gamma distribution 
with α and β being its hyperparameters, that is θ t ~ gamma 
(α, β). Furthermore, hyperparameters are also assumed dif‐
fusive gamma distribution as α ~ gamma (0.000 1, 0.000 1) 
and β ~ gamma (0.000 1, 0.000 1).

Assuming the basic causes to be an event-based process 
and thus, the contributing occurrence rates in each time in‐
terval (year) follow a Poisson distribution as λt~ Poisson 
(θ t, t). The corresponding values of λt for each basic cause 
are listed in Table A2.

The corresponding estimations are done in OpenBugs 
which uses Markov Chain Monte Carlo simulations. Fig‐
ure A2 illustrates the posterior distribution θ̄ inferred as 
probability density function of a sample basic cause– Un‐
tangling nets (i.e. h = 2).

Table A1　Comparison table

l1

l2

l3

.

.

l41

l42

l1 l2

1

l3

4

2

l4

7

5

2

.

.

.

.

l42

102

100

97

6

Table A2　 Annual contributing occurrence rates for all the basic 
causes

t

1

2

3

.

.

.

.

.

15

16

λt
1

5.84 × 10−4

3.80 × 10−4

3.16 × 10−4

1.14 × 10−4

8.82 × 10−5

λt
2

6.20 × 10−4

4.04 × 10−4

3.35 × 10−4

1.22 × 10−4

9.36 × 10−5

λt
3

6.74 × 10−4

4.39 × 10−4

3.65 × 10−4

1.32 × 10−4

1.02 × 10−4

…… λt
42

2.45 × 10−3

1.60 × 10−3

1.33 × 10−3

4.81 × 10−4

3.70 × 10−4

Figure A1　Posterior distribution (θ̄2) of basic cause–Untangling nets
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0.031 2
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0.037 2

0.038 7
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