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ABSTRACT 
This dissertation applies two quantitative analysis methods to identify and assess the Risk 

Influencing Factors (RIFs) affecting ship collisions.  The first approach uses a Bayesian rule 

and the least-squares method to identify the factors that have the greatest impact on the 

collision probability based on historical data of collision accidents worldwide and 

information of the world’s merchant fleet. The results show that the most influential 

factors are the ship type and the geographic area.  

The second approach to assess collision risk influencing factors relies on the development 

of a Bayesian network (BN) model based on historical data of maritime accidents to 

characterize the collision events and their severity. A sensitivity analysis is then conducted 

to assess the contribution of the model parameters on the occurrence of the collision 

events and their consequences. The results of sensitivity analysis show that the ship type 

and length are the variables that have the greatest influence on the collisions and severity 

of the casualties. 

The effect of incomplete or missing data on Bayesian network modelling and on the 

results of the quantitative analysis is also studied. The original accident dataset (with 

missing data) and a complete data set obtained after deleting entries with unknown items 

are used independently for Bayesian network model learning and sensitivity analysis.  

Comparing the application of the two quantitative risk assessment methods, it is possible 

to identify several common risk factors on collisions. Therefore, both methods can be 

applied in a data-driven framework, providing a good basis for identification and 

assessment of risk influencing factors in other types of maritime accidents. 

 

 

 

Keywords: risk influencing factors, ship collision data, ship collision probability, Bayesian 

rule, Least-squares estimation method, Bayesian networks, statistical analysis. 
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Resumo 
Esta dissertação aplica dois métodos de análise quantitativa de riscos para identificar e 

avaliar os Fatores de Risco (RIFs) que influenciam as colisões de navios. A primeira 

abordagem usa uma regra Bayesiana e o método dos mínimos quadrados para identificar 

os fatores que têm o maior impacto na probabilidade de colisão com base em dados 

históricos de acidentes de colisão em todo o mundo e informação da frota mercante 

mundial. Os resultados mostram que os fatores mais importantes são o tipo de navio e a 

área geográfica.  

A segunda abordagem para avaliar os fatores de risco de colisão baseia-se no 

desenvolvimento de um modelo de rede Bayesiana (BN) a partir de dados históricos de 

acidentes marítimos para caracterizar os acontecimentos de colisão e sua gravidade. 

Uma análise de sensibilidade é então realizada para avaliar a contribuição dos 

parâmetros do modelo na ocorrência da colisão de navios colisão e as suas 

consequências. Os resultados da análise de sensibilidade mostram que o tipo e o 

comprimento do navio são as variáveis que têm maior influência nas colisões e na 

gravidade dos acidentes. 

O efeito de dados incompletos ou ausentes nos modelos de redes Bayesianas e nos 

resultados da análise quantitativa é também estudado. Para tal, são desenvolvidos 

modelos de redes Bayesianas e análises de sensibilidade a partir do conjunto original de 

dados de acidentes (com registos incompletos) e de um conjunto de dados completo 

obtido após a eliminação dos registos incompletos.  

Comparando a aplicação dos dois métodos de avaliação quantitativa de risco, é possível 

identificar vários fatores de risco de colisão comuns. Portanto, ambos os métodos podem 

ser aplicados no âmbito da análise de dados, fornecendo uma boa base para a 

identificação e análise dos fatores de risco em outros tipos de acidentes marítimos. 

 

 

 

 

Palavras-chave: fatores de risco, dados de colisão de navios, probabilidade de colisão de 

navios, regra Bayesiana, método dos mínimos quadrados, redes Bayesianas, análise 

estatística.  
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1. Introduction 

1.1. Context  

Maritime transportation has today significant importance in international trade and 

global economic development. It remains the backbone of globalised trade and the 

manufacturing supply chain, as more than four-fifths of world merchandise trade by 

volume is carried by sea (UNCTAD, 2019). In fact, maritime transportation is the most 

cost-effective way to carry bulk, petroleum products, manufactured cargo, containerised 

goods, etc. over a long distance (Lim, 2018). The growth of quantity, size and speed of the 

ships has introduced high hazards to the maritime transportation industry and society. 

Statistics on data from the Global Integrated Shipping Information System (GISIS) 

database, which contains information on the maritime accidents reported to IMO, shows 

that ship collision events constitute about 20% of all kinds of maritime accidents. This fact 

indicates that every year, the collision accidents cause economic losses, loss of lives, 

pollution and other adverse events.  The main concern of the port authorities, ship owners, 

ship operators and other stakeholders is whether the risk level is low enough to be 

acceptable (Zhang et al., 2019), which requires the development of comprehensive risk 

analyses. 

Since risk has become an essential element of the operational decision-making of marine 

transportation authorities, the development and application of risk analysis methods has 

become an important research topic. A proper assessment of maritime risks can provide 

useful information for decision-makers to take appropriate decisions and to understand 

the main factors that influence the decisions. However, the decision-making procedure 

always faces uncertainties which may be aleatory or epistemic or both. Since recent 

studies on maritime transportation risks are more and more popular, the knowledge-

based uncertainty has been reducing continuously. Most of the uncertainty is still 

statistical, which is caused by limited observation of accidents (or other relevant) events 

and neglecting systematic variations, e.g. climate variables.  

In the engineering field, risk analyses can be classified into qualitative or quantitative or 

the combination of two. The main objective of the qualitative risk assessment is to use 

informed but subjective judgements in assigning values for likelihood and impact on a 

qualitative scale, such as FMEA and HAZOP. In quantitative risk analyses, the probability 

of the occurrence (frequency) of accidents is typically used to express the uncertainty of 
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the events. If consequences of accidental events are also evaluated, quantitative risk 

criteria can be adopted to check if the risk level is tolerable or not. 

Recently, many researchers have studied the reliability and validity of quantitative risk 

analysis (QRA) (Goerlandt and Kujala,2011; Aven and Heide, 2009), which contribute the 

general application of QRA in the maritime sector, as reviewed by Guedes Soares and 

Teixeira, (2001). Bayesian rules and Bayesian networks are widely used in the field of 

quantitative risk assessment as well-known probability analysis methods. The 

identification and assessment of risk influencing factors (RIFs) in accidents is an essential 

element in a Bayesian network analysis (Stornes, 2015). 

1.2. Objectives and description  

The main object of this dissertation is to assess quantitatively the collision risk influencing 

factors based on historical data. Two quantitative analysis methods are used: the first 

method is based on a Bayesian rule and the least-squares method, and the second 

method is based on Bayesian network models. 

First, the Bayes’ rule is applied to compare pairwise the collision probability in different 

states of each risk indicator. Then, the least-squares estimation method is used to predict 

the regression coefficients that reflect the importance of RIFs on the collision accidents. 

This approach is developed based on statistical analyses of maritime accident data from 

the IMO’s GISIS database and of world fleet data provided by the Equasis database. 

The second approach consists of developing a Bayesian network model based on GISIS 

maritime accident data and conducting a sensitivity analysis to rank the risk factors in 

terms of their importance to collisions. 

The present dissertation contributes to the knowledge regarding collision accidents and 

the factors that influence the collision risk from a global perspective based on historical 

data on the collision accidents occurred worldwide from 2005 to 2017 and the ships at 

risk in the world fleet. 

Bayesian rule approach relies on systematic statistical analyses of accident world fleet 

data and analyses the collision probability by ship type, ship length, ship classification 

society, ship flag, ship age, and geographic area, respectively.  

The Bayesian network developed has the capability of adding new observation data and 

can account for subjective opinions from experts. The graphical characteristics of 
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Bayesian network models can make this method widely used in real-time analysis in 

decision support systems. 

The advantage of the approach adopted in this dissertation is that it is completely based 

on real historical accident data, which significantly contributes to the credibility of the 

results of the risk analyses. Also, the focus of this dissertation is on ship collision accidents 

on a global scale, not limited to a certain sea area or waterway, so the approach is more 

applicable to provide background knowledge than other local methods. 

1.3. Document structure 

The dissertation document is organised as follows. The present Chapter introduces the 

topic, the objectives, and the structure if the dissertation. Chapter 2 reviews the current 

literature related to maritime transportation risk assessment. Chapter 3 “Methodology” 

describes the applied quantitative risk assessment methods. The statistical analyses on 

collision accident data and world fleet data and some findings derived from them are 

presented in Chapter 4. In Chapter 5, a quantitative assessment of risk influencing factors 

is conducted using the methods proposed and described in Chapter 3. Chapter 6, the 

learning process of Bayesian network models based on IMO’s GISIS accident data is 

described, and the importance of each influencing factor is evaluated by sensitivity 

analyses. Finally, conclusions are drawn in Chapter 7. 
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2. Literature Review 

In this dissertation, a review of journal publications and conference papers has been 

conducted. These are papers related to general maritime risk, and quantitative 

assessment methods with focus on maritime accidents. Some of the papers used 

historical data from ship accidents to identify RIFs of maritime accidents, which are 

significantly enlightening to the present dissertation. 

The literature review is conducted by extensive literature collected from the major 

databases for engineering and science literature, such as ScienceDirect®, CNKI and 

SCOPUS. The scope of research focuses on risk analysis on maritime transportation and 

relevant literature reviews. 

The keywords for advanced search are "maritime accident", "risk analysis", "quantitative 

analysis", "QRA", "safety", "collision", "Formal Safety Assessment, "Risk influencing factor", 

and "Bayesian". Then the search results had been filtered based on abstracts and title of 

the papers. 

Formal Safety Assessment (FSA) 

The International Maritime Organization (IMO) has developed the "Guidelines for the 

Application of Formal Safety Assessment (FSA) to the IMO Rule-Making Process" (IMO, 

2007, 2013), as a structured and systematic methodology aimed at enhancing maritime 

safety, including protection of life, health, the maritime environment and property. FSA is 

basically a risk management methodology that combines qualitative and quantitative risk 

and cost-benefit assessments. Its leading role is to provide decision support for decision-

makers. 

The FSA methodology is divided into five steps. The first is the hazard identification, 

mainly from the ship itself, the operator, the navigation environment, and the 

management level, to identify the factors that affect the ship safety. Then, it quantifies 

various factors through a series of approaches such as by constructing a risk contribution 

tree, constructing and quantifying image maps. The third step is to identify risk control 

options. Then on this basis, it develops cost-benefit assessments of the risk control 

options with the goal of reducing the risk to an acceptable level range at a minimum cost. 

The last step consists of selecting the most cost-effective risk control opinions (RCOs) 
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IMO, 2013). Since the FSA method was proposed, it has been widely used in various types 

of ship safety assessments and other fields (Guedes Soares et al., 2010). 

The challenges faced by the FSA methodology are mainly reflected in the uncertainties. 

The specific manifestations are incomplete identification of hazards or incomplete 

system modelling due to lack of information, and the level of tolerable risks is difficult to 

justify. Another shortcoming of the FSA methodology is that its application in maritime 

safety is often too complex, which not only causes difficulties of project management, but 

also makes the assessment results questionable. The long-time span makes it difficult to 

guarantee the consistency of the input data and the methods used, which in turn affects 

the results of the evaluation. 

Examples of application of FSA in the context of navigation risk includes the evaluation 

of the impact of human factors on navigation risk more scientifically and how to quantify 

some qualitative influencing factors (Celik & Er,  2007).  

Accident statistics 

Maritime risks can be easily analysed when comprehensive historical accident data are 

available. The previous statistical studies on historical data typically focus on local risk 

assessment because it is easier to collect information from a local data source (Fujii & 

Shiobara, 1971; Hänninen & Kujala, 2009; Montewka et al., 2014). However, the ship 

collision is typically a rare event, which would cause a lack or incomplete information to 

conduct the analysis. As a result, new methods have been introduced in the field of risk 

analysis that complement the modelling of the collision events with extra information 

such as experts' knowledge. 

Eleftheria et al. (2016) conducted a systematic analysis of ship accidents over the past 

decade to assess the safety level of the world's merchant fleet. The results show that, 

although the frequency of ship accidents has generally increased over the past decade, 

the safety levels of various ship types have not changed significantly.  

Antão et al. (2020) have analysed ship collision accident data from the period 2006-2016 

provided by the Global Integrated Shipping Information System of the International 

Maritime Organization. In order to estimate the collision probability per ship type and 

year, information concerning the fleet at risk was also retrieved from the Equasis 

information system for the period in consideration, showing that Bulk Carriers, Container 
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ships and Ro-Ro Cargo vessels are the three ship types presenting higher probabilities of 

collision.  

Quantitative analysis 

Fault tree analysis (FTA) 

The Fault tree analysis method is one of the main analysis methods of safety engineering. 

The basic idea of fault-tree analysis (FTA) is to use AND gate and OR gate to logically 

describe in a tree structure the various factors leading to collision accidents. Then, the 

model is used to obtain which factors or the combination of multiple factors (i.e. the 

minimum cut sets) that cause collision accidents. Finally, the probability of these factors 

can be used to estimate the probability of collision. 

Antão and Guedes Soares (2006) studied the risk of collision of a RoPax vessel and found 

that the basic events related to human factors have a significant impact on collision 

accidents. The occurrence probability of these basic events increases, and the probability 

of collision accidents will also increase. 

The advantage of adopting the FTA method is that it can perform a sensibility analysis to 

find out the importance of each basic event, determine the basic events that contribute 

the most to the top event, and indicate the way for risk reduction measures of the systems. 

There are two main methods of fault tree building: a prior tree building and a posterior 

tree building. Bea (1997) established a detailed fault-tree for the Exxon Valdez accident, 

which is a posterior construction, which can provide a reference for the prior construction 

work of similar ship collision and grounding. 

However, in practice the fault tree method also has limitations. It assumes independence 

between basic events and the logic gates in the fault tree only includes occurrence and 

non-occurrence states. In reality, the relationship between the basic events is uncertain 

and may contain more states and therefore it is difficult for the Boolean logic to reflect 

this uncertain state relationship.  

Another limitation of the fault tree is that the number of basic events increases 

exponentially with the increase of the system size, which makes the development and 

solution of FTA very cumbersome. Therefore, to facilitate the calculation, it is often 

necessary to simplify the model, which will reduce its accuracy. 
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Since Bayesian network models have higher flexibility, they are commonly adopted as 

analysis method, in many studies by converting fault trees into Bayesian networks for 

calculation and analysis. 

Event-tree analysis (ETA) 

The event-tree analysis (ETA) mainly analyses the collision accident and collision 

avoidance process by dividing it into several stages and predicts the probability of failure 

of collision avoidance actions according to the probability of failure in each stage. For 

example, the literature uses event trees to simulate the process of collision accidents 

based on historical collision data, and finally determines the frequency of accidents. The 

study of Asami and Kaneko (2013) divides the process of collision avoidance into four 

stages: monitoring, cognition, decision-making, and action. It proposes natural decision-

making (model, which uses two methods, event tree and fault tree, and addresses the 

failure of collision avoidance due to human error Quantitative analysis of frequency. 

Compared with the statistical model, the method has high accuracy. 

Bayesian network (BN) 

Bayesian network is a popular method in the field of accident analysis in recent years to 

express system uncertainty and perform probabilistic reasoning. Bayesian networks use 

directed acyclic graphs to establish the interdependence between various factors that 

cause collisions. For example, for the ship-ship collision problem, BNs establish a 

relationship model between factors such as meteorological conditions, ship speed, and 

pilots' working pressure, and use Bayesian theory to represent the dependence between 

the various factors and the collision event and to calculate its probability.  

Compared to maritime transportation, it has been applied earlier in other transportation 

accidents. Ozbay & Noyan (2006) established a Bayesian network model for estimating the 

clearance times of traffic incidents. Marsh & Bearfield (2004) built a Bayesian network 

based on the combination of domain knowledge and data to analyse the causes of 

railway accidents. 

In the field of maritime risk analysis, Bayesian networks have been widely used. In the FSA 

report submitted to IMO in 2003, the Det Norske Veritas (DNV) proposed to use the 

Bayesian network in the FSA's 2nd-step risk analysis. The study established a Bayesian 

model of collision and stranding of high-speed cruise ships with a conditional probability 

table provided by experts and used the HUGIN software in the analysis.  Trucco et al. 
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(2008) combined the Human and Organisation factors (HOF) to establish a Bayesian 

network model of the Maritime Transportation System (MTS) based on a previous risk 

analysis of high-speed ships.  

Hänninen & Kujala (2012) focused on the human factors in the collision accidents in the 

Gulf of Finland and found that the course of the ship's encounter is the leading cause of 

the collision accident, followed by the pilot's lookout behaviour, situation assessment, 

collision detection, crew health and skills. Finally, they assessed the influence of certain 

variables on the final result and its degree of importance by a sensitivity analysis over the 

model. After this study, Hänninen (2014) published a comprehensive literature review on 

the application of BN models in maritime traffic and risk field, noting that the research 

interest in this field had been rapidly increasing recently. 

Antão et al. (2009) developed a model for maritime accidents by applying Bayesian belief 

networks using data from the maritime accident database of the Portuguese Maritime 

Authority. 

Absolute QRA and relative QRA 

Quantitative risk assessments can be categorised into two types: absolute and relative 

(Szwed et al. 2006). An absolute QRA evaluates numerical values of risk in terms of 

probabilities and consequences of different accidents. A relative QRA determines the 

relative risks, such as relative probabilities and consequence and relative importance of 

risk influencing factors. The relative QRA focuses only on relative results which are 

typically in the form of ratios or influencing factors. Comparing absolute and relative 

QRAs, the uncertainty of the relative results is usually much smaller than the uncertainty 

in the absolute results. Also, absolute QRA requires more data. Therefore, although the 

relative QRA cannot provide absolute risk values, it requires less input data and the 

relative risk results have smaller uncertainties.  

Risk influencing factors 

The frequency of maritime casualties reflects the level of safety of the shipping activity 

(Guedes Soares and Teixeira, 2001). The studies typically focus on the relationships 

between safety performance and a particular indicator (Li at al. 2014). The indicators are 

related to particular type of vessels (Grabowski et al., 2007; Talley, 2001; Wang et al., 2005), 

age of vessels (Faragher et al., 1979; Cashman, 1977) and  flag of vessels (Li and Wonham, 

1999; Ponce, 1990). 
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Given this background, Li et al. (2014) have developed a quantitative safety index for sea-

going vessels based on different parameters. In this index, the risk indicators are divided 

into two parts: internal variables and external variables. The internal variables include 

vessel age, vessel size, vessel type and classification societies. The external indicators can 

be classified to the navigation zone, vessel flags and time effect.  

Stornes (2015) published a report of an exploratory statistical analysis on risk influencing 

factors in maritime accidents. The research is based on the Norwegian Maritime Authority 

incident database and both analyses common characteristics in accidents and variation 

between accidents. The results show that it is more adequate to identify RIFs by 

normalising accident data by traffic data. 

Zhang et al. (2018) used a Bayesian pairwise comparison method to determine the main 

risk factors on ship collisions in the Tianjin Port. It was found that small ships with a length 

of less than 100m had a higher collision risk than large ships and that the probability of 

collision for ships without pilots is nine times that of ships with pilots. 

Heij and Knapp (2019) conducted a binary regression to target high-risk ships which need 

to be inspected based on past incidents and port detention information. The risk 

influencing factors involved in the analysis include the age, size, incidents history, flag, 

engine designer and builder, and ship type. 
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3. Methodology 

This dissertation applies two quantitative analysis approaches to assess the Risk 

Influencing Factors (RIFs) affecting ship collisions. The first approach uses a Bayesian rule 

and the least-squares method to identify the factors that have the greatest impact on the 

collision probability. The second approach to assess collision risk influencing factors relies 

on the development of a Bayesian network (BN) model.   

The Cox regression model is the basis for constructing the probability collision model 

used by the first approach to assess the collision risk influencing factors.  Inspired by the 

principle of the Cox model, it is assumed an exponential relationship between RIFs and 

the accident probability. A Bayesian rule is used to calculate the relative risks between 

different states of the RIFs and then the least-squares estimation method is used to 

calculate the regression coefficients of each RIFs as well as their uncertainties. 

The following sections describe the methods or models adopted by the two approaches 

proposed in this dissertation for quantitative assessment of risk influence factors: Cox 

regression model, collision probability model, Bayesian rule, least-squares estimation 

method and Bayesian networks.  

3.1. Cox regression model 

The collision probability model is constructed based on several previous risk assessment 

studies (Van Dorp et al., 2000, Szwed et al., 2006) from the famous Cox proportional 

hazard regression model (Cox PH model).  

The Cox PH model, or simply Cox regression, is a semiparametric technique commonly 

used for multi-factor survival analysis that allows one to simultaneously assess the 

association between multiple covariates and survival. The Cox PH model was proposed 

by the British statistician Cox in 1972. Another well-known survival analysis model 

available before the introduction of the Cox model is the Kaplan-Meier method which is 

a univariate nonparametric. In univariate analysis, the model only describes the 

relationship between univariate and survival and ignores the influence of other variables. 

At the same time, the Kaplan-Meier method can only target categorical variables 

(treatment A vs treatment B, male vs female), and cannot analyse the impact of 

continuous variables on survival. Cox proportional hazards regression model solves the 

two above limitations. 
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The basic form of the Cox model is  

h(𝑡|𝑿) = ℎ exp(𝛃 𝑿) = ℎ exp(β 𝑋 + β 𝑋 + ⋯ + β 𝑋 ) 1.  

where h(𝑡,  𝑿) is the risk function of an individual with a covariate X at time t. t is the 

survival time. 𝑿 = (𝑋 , 𝑋 ,   ⋯ , 𝑋 )  is a vector of factors that may affect the survival time, 

also known as Covariates. These variables can be defined quantitatively or qualitatively, 

and do not change with time during the entire observation period. ℎ (𝑡)  is the risk 

function when all covariates take 0, which is called the baseline hazard function. 𝛃 =

(β ,  β ,   ⋯ ,  β )  is the vector of regression coefficient of the Cox model, which is a set of 

estimated regression parameters. Since ℎ  (𝑡) on the right side of this formula does not 

need to follow a specific distribution and has a non-parametric characteristic, and the 

exponential part exp(𝛃 𝑿) has the form of a parametric model, the model is called a semi-

parametric model.  

The Cox model is widely used in many situations because the regression coefficient can 

be estimated even though the baseline hazard function is not known when computing 

the hazard ratio. 

The Hazard Ratio is defined as 

𝐻𝑅 =
ℎ(𝑡|𝑿∗)

ℎ(𝑡|𝑿)
(2.) 

where 

𝑿∗ = (𝑋∗, 𝑋∗, … , 𝑋∗) is a group with larger hazard 

𝑿 = (𝑋 ,  𝑋 , … , 𝑋 ) is a group with smaller hazard 

Therefore, the Hazard Ratio HR here is larger than 1, 

𝐻𝑅 =
ℎ(𝑡|𝑿∗)

ℎ(𝑡|𝑿)
=

ℎ (t) exp(𝜷 𝑿∗)

ℎ (t) exp(𝜷 𝑿)
(3.) 

Since ℎ (t) can be cancelled out, the Hazard Ratio can be given by: 

𝐻𝑅 = exp 𝜷 (𝑋∗ − 𝑋) 4.  

The COX model is suitable for measuring the impact of a specific factor on survival given 

by the 𝐻𝑅 value. The corresponding meaning of HR is as follows: 
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𝐻𝑅 =  1: no effect 

𝐻𝑅 < 1: Reduce risk 

𝐻𝑅 >  1: Increase risk 

However, the information provided by the HR value alone is incomplete. It depends on 

its uncertainty measured by the 95% confidence interval (95% CI). If the 95% CI crosses 1, 

this factor is generally not considered to have a significant impact on survival. 

3.2. Collision probability model 

For studying quantitatively the ship collision risk influence factors, it is necessary to 

construct the relationship between the main influencing factors and the occurrence of 

the accident. As mentioned before, six RIFs are selected: the ship type, the length, the flag, 

the classification society and the age of the ships and the geographical area. 

The identification is based on common sense and experts' knowledge on maritime 

transportation system. For example, the ship type and length affect the manoeuvrability 

of the ship. The flag and classification society influence the maintenance and inspection 

of the navigation instruments and the quality of crews. The geographical areas where the 

ships are navigating are related to the traffic density and to the influence environmental 

conditions. 

To assess the influence of the RIFs, the first step is to normalise the RIFs to values between 

0 and 1., where the value 1 is the "worst" state and the value 0 is the "best" state. Since 

the probability of collision is influenced by many factors and caused by a series of events, 

it is not wise to determine the worst and best states empirically. The best solution is to 

rank and evaluate the states values according to their contribution the collision risk by 

statistical analysis of collision accidents.  The details on how to define the state values of 

each RIF will be introduced in Chapter 4. 

According to some previous maritime risk assessments (Szwed et al., 2006; Van Dorp et 

al., 2001; Zhang et al., 2018), an accident probability model is built on the assumption that 

the probability distribution of the accident behaves exponentially with a linear 

combination of the RIFs.  

Based on this assumption, the probability distribution of Collision (P(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛|X))  given 

X is defined by: 
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𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛|X) = P exp β X 5.  

where  

X  = [𝑋 , 𝑋 , … 𝑋 ]  is the state matrix of p RIFs that influence the probability of collision. 

𝑃  is a normalising parameter. 

p - the number of RIFs. 

X  = [𝑋 , 𝑋 , … 𝑋 ]  is the state matrix of p RIFs that influence the probability of collision. 

As previously mentioned, the states ki of X i (i=1,2,…,p) are all within the interval [0 1] (i.e., 

[0 1]
i

i
kX  ). 

β  is the parameter vector that describes the importance of the RIFs on the collision 

probability. A high value of β  (i=1..p) indicates that the RIF 𝑋  is more important on 

collision. After identifying the RIFs and characterizing their state values, the main task 

consists of calculating the regression coefficient vector β. 

Similarly to Szwed (2006), the Bayesian rule is applied to conduct pairwise comparisons 

of collision probabilities under different states of the RIFs. The least squares estimation 

method is then used to estimate the regression coefficients associated to the RIFs, as well 

as their uncertainties. However, this dissertation applies the Bayesian Rule based on 

historical data, as done by Zhang (2018), rather than using the expert's judgement, as 

suggested by Szwed (2006). 

The relative risk between the states 1 and 2 of variable i , 𝑌 , is calculated as:  

𝑌 =
𝑃 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑋

𝑃 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑋
= exp 𝛽 𝑋 − 𝑋 6.  

which does not depend on the normalising parameter P0 (in Eq.5).  

The exponential expression (5) can be written as a linear expression with respect to beta 

as: 

𝑍 = ln 𝑌 = 𝛽 𝑋 − 𝑋 7.  
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3.3. Bayesian Rule 

The Bayesian rule, also known as Bayesian formula, is a basic tool in probability theory 

and statistics. It describes the probability of an event, based on prior knowledge of 

conditions that might be related to the event. The principle is expressed in mathematical 

language: the more events that support a certain attribute, the greater the probability 

that the attribute will be established. In statistical analysis based on data, it means that 

when the analysed sample is large enough to be close to the population, the probability 

of an event in the sample will be close to the probability of an event in the population. 

According to the product rule, the probability of the intersection of two events A and B is 

(called joint probability) is given by. 

𝑃(𝐴 ∩ 𝐵) = 𝑃(𝐵|𝐴)𝑃(𝐴) 8.  

Since  

P(𝐴 ∩ 𝐵) = P(𝐵 ∩ 𝐴) 9.  

Then  

P(𝐵|𝐴)P(𝐴) = P(𝐴|𝐵)P(𝐵) 10.  

If 𝐵  are mutually exclusive events, the Bayesian formula is given by: 

𝑃(𝐵 |𝐴) =
P(A|𝐵 )𝑃(𝐵 )

𝑃(𝐴)
11.  

According to the Total probability theorem, the P(𝐴) can be calculated as: 

𝑃(𝐴) = 𝑃(𝐴|𝐵 ) 𝑃(𝐵 ) 12.  

Then, the Bayesian formula can be written as: 

𝑃(𝐵 |𝐴) =
P(A|𝐵 )𝑃(𝐵 )

∑ 𝑃(𝐴|𝐵 ) 𝑃(𝐵 )
13.  

where, n is number of MECE (mutually exclusive and collectively exhaustive) events 𝐵 . 

P(𝐵 ) is the prior probability of 𝐵   and 𝑃(𝐵 |𝐴) is the posterior probability, that is, the 

reassessment of the probability of event Bi after the occurrence of event A.  P(𝐴|𝐵 ) is the 

likelihood. P(𝐴) is the normalizing factor. 
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In addition, the ratio ( | )

( )
 is sometimes called likelihood function. This is an adjustment 

factor, that is, the adjustment of the occurrence of new information event A. The effect is 

to make the prior probability closer to the true probability. 

If the "likelihood function"  ( | _ )

( )  >1, the "prior probability" is enhanced, and the 

possibility of event A becomes greater; 

If "likelihood function"=1, that event B does not help to determine the possibility of event 

A; 

If the "likelihood function" <1, the "prior probability" is weakened and the probability of 

event A becomes smaller. 

Based on the Baye’s rule, the relative risk between the states 1 and 2 of variable i  can be 

obtained as  

𝑌 =
𝑃 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑋

𝑃 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑋
=

𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛)

𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛) + 𝑃 𝑋 𝐶𝑜𝑙𝑙𝚤𝑠𝚤𝑜𝑛 𝑃 𝐶𝑜𝑙𝑙𝚤𝑠𝚤𝑜𝑛

𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛)

𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛) + 𝑃 𝑋 𝐶𝑜𝑙𝑙𝚤𝑠𝚤𝑜𝑛 𝑃 𝐶𝑜𝑙𝑙𝚤𝑠𝚤𝑜𝑛

≈
𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛

𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛
×

𝑃 𝑋 𝐶𝑜𝑙𝑙𝚤𝑠𝚤𝑜𝑛

𝑃 𝑋 𝐶𝑜𝑙𝑙𝚤𝑠𝚤𝑜𝑛
14.

 

where, 𝐶𝑜𝑙𝑙𝚤𝑠𝚤𝑜𝑛 indicates the event: ”no collision”. 

Since the collision accident is relatively a very rare event, the probability of collision 

P(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛) is much smaller than P 𝐶𝑜𝑙𝑙𝚤𝑠𝚤𝑜𝑛 . As result, the first item of the denominator 

the equation can be neglected. The conditional probability given collision can be 

obtained by statistics of accident data. The conditional probability given no collision can 

be obtained by statistics of world fleet data. 

Therefore, the values of relative risk 𝑌  can be derived by statistics of both accident and 

world fleet data on different states 𝑋  and 𝑋  of all RIFs. 

3.4. Least squares estimation of  

The least-squares estimation method (Van de Geer, 2005) is applied herein to estimate 

the regression coefficients associated to the RIFs. There are two types of least square 

problems: linear least squares, and nonlinear least squares, depending on whether the 

residuals in all unknowns are linear or not. The linear least square problem occurs in 
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statistical regression analysis; it has a closed-form solution. Nonlinear problems are 

usually solved by iterative refinement; in each iteration, the system is approximated 

linearly, so the core calculus is the same in both cases. 

The polynomial obtained by the least-squares method is a function of the fitted curve to 

describe the relationship between the independent variable and the expected response 

variable. When the observed value comes from the exponential family and satisfies the 

mild condition, the least square estimation and the maximum likelihood estimation are 

identical. The method is aiming to estimate parameters  by minimising the squared 

discrepancies between observed data and estimated values. The least squares estimator, 

denoted by β , can be written as 

𝛽 = 𝑎𝑟𝑔𝑚𝑖𝑛 𝑏 − A 𝛽  15.  

where |||| denotes the norm of a vector.  

By solving equation (15), the estimator 𝛽 can be obtained as: 

𝛽 = (A A) A 𝒃 16.  

In the present context, the matrix A and the vector b are defined from the set of linear 

functions with respect of  obtained by combining equations (7) and (14) for all pairwise 

comparisons, given by:  

A =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡

𝑋 − 𝑋
⋯

𝑋 − 𝑋
⋯ 0

⋮ ⋱ ⋮

0 ⋯

𝑋 − 𝑋
⋯

𝑋 − 𝑋 ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 ,       𝒃 =  [𝑍 𝑍 ⋯ 𝑍 ]  

where A is the n × 𝑝 data matrix of the n pairwise comparisons among 𝑋 , 𝑖 = 1, … ,  𝑝. 𝑘  is 

the number of state values of variable  𝑋 .  

3.5. Uncertainty analysis 

The confidence interval, which can be obtained by the covariance matrix of the estimator 

β , represent the uncertainty on the estimation results. The covariance matrix of the 

estimator β is given by: 

A A 𝜎 17.  
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where σ  is the variance of the residuals that can be estimated as 

𝜎 =
1

𝑛 − 𝑝
𝑏 − A 𝛽 18.  

where n and p correspond to the same values of the n  p matrix of the n pairwise 

comparisons among. Then, the covariance matrix of the β can be estimated as 

(𝑋 𝑋) σ  

For instance, the variance of β  can be estimated by  

var 𝛽 = 𝜏 𝜎  19.  

where τ  is the  i th  element of the diagonal of the matrix (𝐴 𝐴) . 

Therefore, the confidence interval of β  can be finally determined by considering the 

estimator β  and its standard deviations by:  

𝛽 ±  𝑐 var 𝛽  20.  

where c a value related to a particular confidence level. For a 95% confidence interval, the 

value of c =1.96 is a good approximation. 

3.6. Bayesian Networks 

A Bayesian network, or Bayesian belief network, is a graphical model that indicates the 

causal relationships between a set of variables used to model a given problem. A Bayesian 

network contains nodes and arcs between nodes. A node represents a condition or state, 

and an arc describes a direct influence (Rausand, 2011).  

The absence of an arc between two nodes means that the two random variables are 

conditionally independent under certain states, and an arc between two nodes means 

that the two random variables do not have conditional independence under any 

conditions. Conditional independence is the core concept that Bayesian networks rely on. 

Each node is related to a probability function. The input of the probability function is a 

set of specific values of the random variable represented by the parent node, and the 

output is the probability of the random variable represented by the current node. The 

value of the probability function expresses the strength of the dependency relationship 

between nodes. 
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Constructing a Bayesian network is a complex task involving three aspects: 

representation, inference and learning (Koller and Friedman, 2009). 

According to the Bayesian Rule, chain rule and condition independence, a Bayesian 

network can be represented as 𝑋, 𝐴, Θ . The graph G in the network is given as (𝑋, 𝐴), 

where 𝑋 is the set of nodes and A is the set of arcs between nodes in X. The Θ = {θ } is the 

set of conditional probability parameters in the network. θ = P 𝑋 π(𝑋 )  is the 

conditional probability distribution of node given its parent node state. The directed 

acyclic graph represents the qualitative part, and the conditional probability tables 

represent the quantitative part of the network (Jensen & Nielsen, 2007). A Bayesian 

network 𝑋, 𝐴, Θ  uniquely specifies the joint probability distribution on the variable set 

X = {𝑋 , 𝑋 , … , 𝑋 }: 

𝑃 = (𝑋 , 𝑋 , … , 𝑋 ) = 𝑃 𝑋 𝜋(𝑋 ) 21.  

The Bayesian network constructs a complete model of variables and their relationships 

through directed acyclic graphs so that it can answer questions about variables. For 

example, when certain variables are observed (evidences), infer changes in a subset of 

other variables. The process of calculating the posterior distribution of variables when 

some evidence is known is called probabilistic inference. Commonly used precise 

inference methods include variable elimination algorithm and clique tree propagation.  

The way BN propagates causality between two nodes is based on the following formula: 

𝑃 𝑋 𝑋 =
𝑃 𝑋 , 𝑋

𝑃 𝑋
=

𝑃 𝑋 𝑋 𝑃(𝑋 )

𝑃 𝑋
=

𝑃 𝑋 𝑋 𝑃(𝑋 )

∑ 𝑃 𝑋 𝑋 𝑃(𝑋 )
22.  

The basic task of variable elimination is to calculate the conditional probability 

P 𝑋 𝑋 = 𝑥 , where, 𝑋  is the set of query variables, and 𝑋  is the set of variables with 

known evidence. 

The basic idea is to calculate the marginal distribution of different variables through 

distribution and eliminate unobserved non-inquiry variables one by one in order (Zhang 

and Poole, 1996). Clique tree propagation uses a more global data structure to schedule 

various operations, which has achieved more beneficial computational costs. 
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Commonly used approximate inference algorithms include importance sampling method, 

Markov chain Monte Carlo (MCMC) simulation method, loopy belief propagation 

method and generalized belief propagation method. 

The accident risk analysis based on Bayesian network models consist of the following 

steps: (1) Identifying risk influencing factors of the accident(s); (2) Building a network 

modelling the relationships between RIFs; (3) Calculating the probability of the 

accident(s); (4) Analysing and identifying the factors that most influence the probability 

of the accident(s) 

The Bayesian network has following main advantages: 

(1)  Bayesian network can combine prior knowledge and posterior sample data in the field.  

It can directly express the causal knowledge possessed by experts in a direct graph. On 

the other hand, it can also use statistical data as conditions. The form of probability is 

integrated into the model. 

(2) Bayesian network can express the joint probability between random variables through 

the conditional probability table (CPT) and can process various uncertain information to 

perform uncertain knowledge reasoning based on probability theory. 

(3) The Bayesian network has no definite input or output nodes, and the acquisition of 

any node observations that affect each other or interference with any node will affect 

other nodes and can be carried out by Bayesian network inference. 

(4) Bayesian network can learn causality. There are at least two important reasons for 

learning causality: first, the process of learning causality is beneficial to acquire 

knowledge in the problem domain, such as when performing association analysis on data; 

second, it is helpful for the acquisition of causality as predictions can be made based on 

existing evidence. 

(5) At present, there are more and more research works using Bayesian networks. 

Bayesian network learning and inference algorithms are gradually mature, and much-

related software have appeared. This undoubtedly makes Bayesian networks a popular 

tool in the field. 
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The limitation of Bayesian network mainly comes from the calculation of CPT. In a 

complex Bayesian network, the computational workload of CPT will increase 

exponentially with the increase of nodes. 

3.6.1. Bayesian Network learning 

One of the most challenging tasks of applying Bayesian networks is learning its structure 

from data (Stefano et al. 2018). The process of building a Bayesian network can also be 

called Bayesian network learning. Bayesian network learning includes two parts: Bayesian 

network structure learning and Bayesian network parameter learning. Structural learning 

is to qualitatively determine the relationship between nodes to obtain directed acyclic 

graphs. First, it is necessary to specify the size of the variable set and the dependencies 

between the variables. After that, expert knowledge and a priori experience is used to 

obtain the direction of the arcs. Parameter learning consists of learning the conditional 

probability distribution from data to quantitatively describe the probability between 

random variables dependencies after determining the structure of the Bayesian network. 

Structure learning 

In simple cases, the Bayesian network model can be constructed by experts. Still, in most 

practical application it is almost impossible to construct a Bayesian network structure 

manually because the process is too complicated, and the network must be learned from 

a large amount of data and local distribution parameters. Structural learning finds the 

best-fitting network through known data sets. Suppose S  is a random variable, 

representing the uncertainty of the structure, where 𝑃(𝑆)  is the corresponding prior 

probability distribution. The posterior probability distribution of S according to Bayes' 

theorem is 

P(𝑆|𝐷) =
𝑃(𝑆, 𝐷)

𝑃(𝐷)
=

𝑃(𝑆)𝑃(𝐷|𝑆)

𝑃(𝐷)
23.  

where  P(𝐷) represents a normalisation constant not related with the model structure and 

P(𝐷|𝑆) presents the boundary likelihoods. 

Therefore, the posterior distribution only needs to obtain all possible boundary 

likelihoods. Under the assumption of adopting D-distribution prior, independent 

parameters, unconstrained multinomial distribution and complete data, the boundary 

likelihood of the data is the product of all corresponding values. 
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There are usually three methods of BN modelling: 1) rely on expert knowledge modelling; 

2) learn from data; 3) create from the knowledge base. 

The common structure learning methods are learning based on dependency testing and 

learning based on search scores. 

The first method, learning based on dependency testing, also known as constraint-based 

method, evaluates the independent relationship of conditions between variables to 

obtain the network structure when the data set D has been determined. 

The second method determines the BN structure after specifying the search strategy and 

the corresponding scoring criteria in the nodes structure space. 

Parameter learning 

Compared with structure learning, the parameter learning process is relatively simple. 

The objective is to determine the parameters or CPTs of the model structure based on 

data. Maximum likelihood estimation and Bayesian estimation are two basic types of 

parameter estimation methods in statistics. According to the observation of sample data, 

parameter learning can be divided into two types: complete data and incomplete data.  

Maximum likelihood estimation is one of the traditional research methods. Its basic idea 

is to use the likelihood degree of the data sample and the model parameter θ to judge 

the fitting degree. The degree of likelihood can be expressed by a likelihood function. The 

higher the value calculated by this function, the more likely it is to produce a 

corresponding sample of the parameter θ and at the same time, the specific θ value is 

'better'. However, maximum likelihood estimation cannot use prior knowledge. 

The Bayesian estimation method for learning probability distributions consists of 

updating the posterior probability of random variables. The basic idea is to use prior 

knowledge to estimate the prior probability, and then use the sample data to update the 

prior probability to the posterior probability. 

For large data samples, the two estimation methods will converge to the same probability 

values. However, in most cases, the estimates produced by the two methods are not the 

same, partly due to the difference in the definition of a 'good' estimation method by the 

two methods. The above two methods have corresponding advantages and 

disadvantages. Therefore, it is impossible to conclude which method is better. 
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4. Statistical analysis of accident and fleet data 

The quantitative assessment of collision RIFs builds on a statistical analysis of two specific 

databases. The information about the ship collision accidents was reported in the IMO’s 

Global Integrated Shipping Information System (GISIS): Marine Casualties and Incidents. 

The Equasis database provides the source of data of the world merchant fleet at risk. Data 

from both databases were collected for the period 2005 to 2017. 

The 'Marine casualties and Incidents' is a module of the GISIS system that provides 

information on ship casualties collected from both factual data from various sources and 

investigation reports received at IMO. 

The original data provide information on Ship name, IMO number, flag states, incident 

date and time, coordinates of the incident, initial event, ship types, Classification Society, 

Deadweight, and Passenger and cargo information. The present study focuses on six 

indicators: Ship length, Ship type, age of the ship, Classification Society, flag and 

geographical area. Internet MarineTraffic.com database is used to search for the length 

and age of the ships, which were not available in the original data. 

Some other factors may also affect the probability of the accident, such as pilotage and 

weather conditions. However, they are not used herein due to the lack of matched 

information of global maritime traffic. Therefore, the RIFs in this dissertation are mostly 

focused on the vessels' characteristics. It is worth noting that some accident records are 

not complete due to incomplete accident reporting. 

Fig 1 presents the distribution of accident types globally during 2005-2017. The numbers 

of different types of accidents were averaged from the 13-year accident data. The formal 

name of the database is incidents and casualties database, which contains either 

accidents, near miss and some items related to consequences. It can be observed that the 

most dominant accident type are collisions that account for 20% of the total accidents. 
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Fig 1 Distribution of maritime accident types (GISIS, 2005-2017) 

4.1. Ship types 

Due to the cargo carried and the characteristics of the navigation area, the ship type is 

closely related to navigation safety. Within the category of vessel accidents, the database 

determines the ship type by the name mentioned in the original reports, which had 

caused a large set of vessel types. Therefore, the ship types are grouped into 12 types, 

which match the classification of the database of the world fleet including general cargo 

ships, specialised cargo ships, container ships, Ro-Ro Cargo Ships, Bulk Carriers, Oil and 

Chemical Tankers, Gas Tankers, Other Tankers, Passenger Ships, Offshore Vessels, Service 

Ships and Tugs.  
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Fig 2 Distribution of ship types involved in collision accidents (GISIS, 2005-2017) 

Fig 2 shows the distribution of ship types involved in collision accidents. The numbers of 

different types of accidents were also averaged from the 13-year accident data. It is worth 

noting that the cargo ships, including general cargo ships, specialised cargo ships, and 

bulk carriers, caused the most significant amount of accidents. To be more specific,  

general cargo ships contributed to  22% of the total incidents. The Bulk carriers and 

container ships both account for almost 20% of the total accidents, as the second place 

of the ranking, followed by tugs (18%) and Oil and Chemical Tankers (15%). 

Table 1 shows the number of different types of ships each year from 2005 to 2017 in the 

world fleet. During the period, the total number of vessels kept increasing from 61227 

ships to 90715 ships with an average increasing rate of 4% yearly. More specifically, 

almost all the other types of ships had been experiencing a constant increasing decade 

when the number of general cargo ships had been slightly decreasing after a peak in 2007. 

The above trend can be observed in Fig 3. 
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Fig 3 Number of different types of ships in the world fleet (Equasis, 2005 -2017) 

Table 1 Number of different types of ships in the world fleet (Equasis, 2005 -2017) 

 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 

General 

Cargo Ships 15869 18102 18466 19221 18150 18178 17034 16061 16201 16218 16318 16433 16246 

Specialised 

Cargo Ships 192 240 249 261 233 247 250 259 263 267 287 301 318 

Container 

Ships 2996 3960 4309 4644 4616 4869 4974 4858 4894 5084 5174 5107 5202 

Ro-Ro Cargo 

Ships 1384 1588 1632 1668 1548 1556 1537 1470 1455 1482 1489 1487 1493 

Bulk Carriers 6321 7240 7488 7768 8020 8920 9597 9892 10357 10996 11289 11614 11748 

Oil and 

Chemical 

Tankers 9130 10656 11092 11522 11669 12014 11828 11730 11996 12363 12721 13222 13431 

Gas Tankers 1080 1297 1360 1457 1494 1552 1574 1578 1617 1703 1807 1921 1979 

Other 

Tankers 350 379 385 389 163 156 666 726 764 851 863 978 1062 

Passenger 

Ships 5771 6253 6335 6391 6290 6382 6370 6423 6463 6612 6741 7011 7155 

Offshore 

Vessels 3692 4244 4484 4819 5838 6283 6692 7002 7440 8030 8232 8408 8338 

Service Ships 4381 4122 4174 4204 3777 3854 4442 4494 4613 4795 4938 5123 5233 

Tugs 10061 11491 11955 12470 13153 13757 14110 14978 15521 16693 17374 18199 18510 

Total 61227 69572 71929 74814 74951 77768 79074 79471 81584 85094 87233 89804 90715 

 

 

0

5000

10000

15000

20000

25000

2 0 0 5 2 0 0 6 2 0 0 7 2 0 0 8 2 0 0 9 2 0 1 0 2 0 1 1 2 0 1 2 2 0 1 3 2 0 1 4 2 0 1 5 2 0 1 6 2 0 1 7

N
U

M
BE

R 
O

F 
SH

IP
S

YEAR

General Cargo Ships

Specialized Cargo Ships

Container Ships

Ro-Ro Cargo Ships

Bulk Carriers

Oil and Chemical Tankers

Gas Tankers

Other Tankers

Passenger Ships

Offshore Vessels

Service Ships

Tugs



 

 41 

4.2. Ship Length 

Typically, the size of vessels is better classified by the gross tonnage rather than the length. 

However, according to the knowledge of ship manoeuvrability, the length of the ship 

affects the flexibility of steering, and the timeliness of steering and braking is an essential 

feature of collision avoidance.  Unfortunately, the Equasis database does not contain ship 

length data of the world merchant fleet. Therefore, the ship length data used herein are 

taken from MarineTraffic.com (as of November 2020), and has been divided into four 

length categories: 0 - 100m, 100 - 200m, 200 - 300m and 300 - 400m.  

Fig 4 shows the ship length distribution worldwide from MarineTraffic database 

corresponding the ship types considered in the Equasis dataset. This shows that the 

number of ships has a trend of decreasing with the increase in length. It is worth noting 

that the total number of ships in the length distribution is larger than the total average 

number of ships obtained from the MarineTraffic data. This phenomenon is probably due 

to the fact that MarineTraffic data comes from the AIS database, which reflects the total 

number of existing ships in 2020, whereas the total number of ships calculated from the 

Equasis data corresponds to an average value from 2005 to 2017. Since the total number 

of ships in the world fleet is increasing every year, the average value in the period 2005-

2017 is smaller than the actual value in 2020.  

 

Fig 4 Distribution of global ship length (MarineTraffic.com, November 2020) 
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Fig 5 shows the length distribution of ships involved in the collision events. The lengths 

of most ships are between 100 and 200 meters. It is worth noting that longer ships are 

less involved in collisions but according to the distribution of the ship length of world 

fleet,  the number of longer ships is also much smaller. This clearly shows the importance 

of accounting for the fleet dimension for a more accurate comparison. 

 

Fig 5 Distribution of ship length involved in collisions (GISIS, 2005-2017) 

4.3. Ship age 

In the field of accident-prediction and prevention, the age of the ship is an essential 

characteristic. Many previous studies (Li et al., 2009; Knapp and Franses, 2007) found that 

the vessel age has a significant effect on casualties. This conclusion coincides with 

common sense that the ship's safety level decreases with the age. The age of the ship 

involved in an accident is defined by the time from the keel-laying date until the accident 

date. 

Fig 6 presents the distribution of Ship age in years in world merchant ship fleet. The 

number of ships of different ages were obtained by mean values of 13 years’ ship age 

data. It can be observed an increase in number of ships in 5-14 age group, which 

corresponds to the shipping boom in the early 2000s. 

According to the collision statistics,  Fig 7 shows the distribution of the ages of ships 

involved in collision. It can be seen that the age group 0 - 4 and 25+ have the same 

number of collisions. The collision incidents occurred mostly between ships of 5 to 14 
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years. Their low activity may mostly cause the ships over 25 years to have the lowest 

number of collisions. 

 

Fig 6 Distribution of ship ages of world merchant fleet (Equasis, 2005-2017) 

 

Fig 7 Distribution of the ages of ships involved in collision (GISIS, 2005-2017) 

4.4. Classification Society 

The classification society is a non-governmental organisation in the shipping industry. 

They are responsible for classifying the ships and validate the design and calculations by 

the class published standards. Another role of the classification society is to process a 

periodical survey and maintenance survey to ensure the quality and performance of the 

ships to meet the correlated standard. There are more than fifty classification societies 
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around the world. It is self-evident that considering different classification societies have 

different effects on the safety level. 

The International Association of Classification Societies (IACS) was founded in Hamburg, 

Germany, in 1968. The organisation provides guidance and technical support and 

develops unified interpretations of international statutory regulations from IMO member 

states. The interpretations are accepted by all IACS member societies as a common rule 

or standard. The members of IACS are also required to carry out research and 

development on maritime safety and sea environment protection, providing technical 

support and verifying obedience to published standards. Nowadays, IACS consists of 12 

member societies: 

 American Bureau of Shipping (ABS)   

 Bureau Veritas (BV)   

 China Classification Society (CCS)   

 Croatian Register of Shipping (CRS)   

 Det Norske Veritas - Germanischer Lloyd (DNV - GL)   

 Indian Register of Shipping (IRS)   

 Korean Register of Shipping (KR)   

 Lloyd's Register of Shipping (LR)   

 Nippon Kaiji Kyokai (NK)   

 Polish Register of Shipping (PRS)   

 Registro Italiano Navale (RINA)   

 Russian Maritime Register of Shipping (RS)   

It can be seen that the listed classification societies have a good reputation and 

systematic and strict standards in their region and internationally. Therefore, it can be 

assumed that the IACS classification societies have a higher safety level than the non-

IACS members. 

Fig 8 shows that 69% of ships in world merchant are being classified by IACS members, 

with 31% of the ships being classed by non- IACS (or no record was found). According to 

the Equasis, the non-recorded vessels are mainly small tugs and medium-sized general 

cargo ships. 
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Fig 8 World fleet: classification society (Equasis, Mean value 2005-2017) 

Fig 9 shows the distribution of IACS ships in collisions.  Due to the high percentage of 

ships classified by IACS in the world fleet, 84% of ships involved in collision accidents are 

of IACS members.  

 

Fig 9 Ships involved in collisions: classification society (GISIS, Mean value 2005-2017) 

4.5. Ship flag 

Most of the ships around the world have to be registered under flag states. The flag states 

are classified into two groups, ''targeted" and "non-targeted". The states in the "targeted" 

group are published annually in some lists including the Paris Memorandum of 

Understanding (Paris MoU) [Black List], the Tokyo MoU [Black List] and the US Coast 
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Guard (USCG) [safety targeting], and represent the safety performance of the registered 

ships of each flag state. 

Fig 10 shows the distribution of the flag of the ships in the world merchant fleet. Most 

ships are registered under no targeted flag, and only 39% of the ships are under 

"targeted" flag. 

 

Fig 10 World fleet: Ship flag  

It is clear from Fig 11 that the majority of the ships involved in collision accidents come 

from "targeted" flag, with precisely 60%, which is consistent with our understanding of 

poor safety performance. 

 

Fig 11 Ships involved in collision: Ship flag 
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4.6. Geographical area 

The division of the maritime transportation area can be political and geographical. Since 

shipping accidents are greatly affected by the geographical environment (such as narrow 

waterway and speed limit), a reasonable method for analysing global ship collision 

accidents is to divide the world's shipping routes into several areas with similar or 

universal geographical characteristics. In Fig 12, the division of the regions is North Asia, 

South Africa, East Africa, New Guinea Pacific, North America West Coast, North America 

East Coast, South America West Coast, West Africa, South America East Coast, Australia 

and New Zealand, Middle America and Gulf of Mexico, North Europe, South Asia, 

Mediterranean Sea, South East Asia, West Europe, and East Asia. The ship sightings in the 

17 zones are provided based on the coastal and satellite coverage of AIS data guaranteed 

by AXSMarine, VesselTracker and MarineTraffic. It is worth noting that the data is an 

average distribution of 2015, 2016 and 2017, which are the only existing data in the 

Equasis. 

 

Fig 12  Example of geographical areas of the world fleet (2017) 
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The locations of the collision accidents are recorded in the GISIS database in the form of 

longitude and latitude. These accident locations were classified in the same way of 

division in Fig 12 to fit to the world fleet data. Then, the frequency of the incidents was 

evaluated. In Fig 13, the top three zones for ship collision accidents in the world are East 

Asia, West Europe and South-East Asia, accounting for 38.8%, 20.3% and 13.1% 

respectively. The collisions happened on the route of South Asia, and the Mediterranean 

Sea accounted for 5.4% and 6%. 

 

Fig 13 Frequency of collisions in the geographical areas



 

 49 

5. Quantitative assessment of collision RIFs 

In this section, the approach described in Chapter 3 that uses Bayesian rules and a least 

squares estimation method is used for quantitative assessment of the influence of RIFs 

on collision accidents globally. The six collision risk influencing factors shown in Table 2 

are selected to develop the quantitative assessment.  

5.1. State values of collision RIFs 

To obtain the regression parameters β of the RIFs, the state values of each RIF should be 

first scaled in the range from 0 to 1. A higher value represents a larger influence on 

collision probability.  The state values setting first ranks the states of each variable based 

on the conditional probability of each state given the world fleet  𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛|𝑇𝑜𝑡𝑎𝑙 𝐹𝑙𝑒𝑒𝑡). 

For example, the 𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛|𝑇𝑜𝑡𝑎𝑙 𝐹𝑙𝑒𝑒𝑡) of ship type variable (X1) are listed in Table 3. It 

can be seen that the ship type variable has a total of 12 states: from Tugs to Specialised 

Cargo Ships in ascending order. After ranking the states of the variable, the state values 

are assumed to be evenly distributed from 0 to 1, that is, the interval of each state value 

is set to 1/11. According to this method, all RIFs’ states can be obtained.  

It is worth mentioning that this state value distribution method is relatively rough by just 

setting the minimum value to 0 and the maximum value to 1, and assuming them evenly 

distributed according to the ranking of conditional probabilities.  

The rankings of the states of the risk influencing factors are compared to those assessed 

based on the Bayesian rule. For example, in Table 2, the ratio between the conditional 

probability of state 𝑋1
1 (Tug) and 𝑋2

1 (Service ship) can be calculated as: 

𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛|𝑋1
1)

𝑃(𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛|𝑋2
1)

≈
𝑃(𝑋1

1|𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛)

𝑃(𝑋2
1|𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛)

×
𝑃(𝑋2

1|𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛)

𝑃(𝑋1
1|𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛)

=
2.6

0.8
×

5.7

18.4
= 0.97 

As 0.97 is smaller than 1, it confirms that the service ship has higher collision risk than a 

tug. All states of the six RIFs can be ranked based in this method. However, the rankings 

based on the conditional probability of collision given total fleet show the same trend 

with the pairwise method based on Bayesian rule. 

It is worth noting that the total number of ships is different in each table. This is probably 

caused by incomplete information in the database and additional data taken from other 
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platforms.  For example, in the GISIS database, the data come from accident investigation 

reports submitted by the corresponded maritime department.  

Table 2 Collision RIFs and variable states 

Variables Defination States Defination Value 

𝑋1 Ship type 𝑋  Tugs 0.000 

𝑋  Service Ships 0.091 

𝑋  Gas Tankers 0.182 

𝑋  Offshore Vessels 0.273 

𝑋  Other Tankers 0.364 

𝑋  Passenger Ships 0.455 

𝑋  Oil and Chemical Tankers 0.545 

𝑋  General Cargo Ships 0.636 

𝑋  Bulk Carriers 0.727 

𝑋  Ro-Ro Cargo Ships 0.818 

𝑋  Container Ships 0.909 

𝑋  Specialized Cargo Ships 1.000 

𝑋2 Ship length 𝑋  0~100 0.000 

𝑋  300~400 0.333 

𝑋  100~200 0.667 

𝑋  200~300 1.000 

𝑋3 Ship flag 𝑋  No targeted flag 0.000 

𝑋  Targeted flag 1.000 

𝑋4 Classification 

Society 

𝑋  NO IACS/NO Record 0.000 

𝑋  IACS 1.000 

𝑋5 Ship age 𝑋  25+ 0.000 

𝑋  0 - 4' 0.333 

𝑋  5 -14' 0.667 

𝑋  15 -24' 1.000 

𝑋6 Geographical 

Area 

𝑋  South Africa 0.000 

𝑋  East Africa 0.063 

𝑋  North America East Coast 0.125 

𝑋  North America West Coast 0.188 

𝑋  New Guinea Pacific 0.250 

𝑋  West Africa 0.313 

𝑋  Mediterranean Sea 0.375 

𝑋  South America West Coast 0.438 

𝑋  South Asia 0.500 

𝑋  South America East Coast 0.563 

𝑋  Australia and New Zealand 0.625 

𝑋  Middle America and Gulf of Mexico 0.688 

𝑋  North Asia 0.750 

𝑋  North Europe 0.813 

𝑋  South East Asia 0.875 

𝑋  West Europe 0.938 

𝑋  East Asia 1.000 
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Table 3 Distribution of ship type on collisions and total fleet  

X1 Total Fleet % Collision % P (Collision| X1)(%) 

Tugs 14482 18.4% 22 2.6% 0.15% 

Service Ships 4473 5.7% 7 0.8% 0.16% 

Gas Tankers 1571 2.0% 3 0.4% 0.19% 

Offshore Vessels 6423 8.2% 15 1.8% 0.23% 

Other Tankers 595 0.8% 4 0.5% 0.67% 

Passenger Ships 6477 8.2% 49 5.7% 0.76% 

Oil and Chemical Tankers 11798 15.0% 109 12.7% 0.92% 

General Cargo Ships 17115 21.7% 186 21.7% 1.09% 

Bulk Carriers 9327 11.8% 174 20.3% 1.87% 

Ro-Ro Cargo Ships 1522 1.9% 32 3.7% 2.10% 

Container Ships 4668 5.9% 174 20.3% 3.73% 

Specialised Cargo Ships 259 0.3% 81 9.5% 31.27% 

Total 78710 100.0% 856 100.0% 1.09% 

 

Table 4 shows that ships shorter than 100m in the world fleet have the lowest collision 

probability, which may be due to the low collision rate of the Tugs in Table 3, lowering 

the accident rate of ships under 100m. In addition to this, it can be observed from the 

table that although the collision probabilities are very close (2.30%, 2.47%), it can still be 

seen a specific trend: a shorter ship has a higher risk of collision. This phenomenon is 

consistent with the navigation area of ships of different ship lengths. Large ships often 

navigate in deep and open waters. The distribution of ships on the route is regular, and 

the risk of collision is lower; while the navigation area of shorter ships includes inland 

rivers, narrow waterways and harbour areas in shallow water, the risk of collision is higher. 
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Table 4 Distributions of ship length on collisions and total fleet 

X2 Total Fleet % Collision % P(Collision|  X2 )(%) 

0~100 54958 60.2% 453 34.8% 0.82% 

300~400 2392 2.6% 49 3.8% 2.05% 

100~200 23801 26.1% 548 42.1% 2.30% 

200~300 10174 11.1% 251 19.3% 2.47% 

Total 91325 100% 1301 100% 1.2% 

 

Table 5 Distributions of ship flag on collisions and total fleet  

X3 Total Fleet % Collision % P(Collision| X3)(%) 

No targeted flag 31569 61.5% 821 60.2% 2.60% 

Targeted flag 19803 38.5% 543 39.8% 2.74% 

Total 51372 100.0% 1364 100.0% 2.66% 

 

Table 6 Distributions of ship class on collisions and total fleet  

X4 
Total 

Fleet 
% Collision % P(Collision| X4)(%) 

NO IACS/NO Record 15780 31.1% 401 15.8% 2.54% 

IACS 34959 68.9% 2133 84.2% 6.10% 

Total 50738 100.0% 2534 100.0% 4.99% 

 

Table 7 Distributions of ship age on collisions and total fleet  

X5 Total Fleet % Collision % P(Collision| X5)(%) 

25+ 28016 35% 259 21% 0.92% 

0 - 4' 13889 18% 259 21% 1.86% 

5 -14' 21671 27% 405 33% 1.87% 

15 -24' 15414 20% 313 25% 2.03% 

Total 78990 100% 1236 100% 1.56% 
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Table 8 Distributions of total distinct number of ships sighted by geographical area 

X6 Total Fleet % Collision % P(Collision| X6)(%) 

South Africa 44340 4.3% 2 0.3% 0.005% 

East Africa 34108 3.3% 2 0.3% 0.006% 

North America East Coast 57983 5.7% 4 0.5% 0.007% 

North America West Coast 30697 3.0% 4 0.5% 0.013% 

New Guinea Pacific 17054 1.7% 3 0.4% 0.018% 

West Africa 68216 6.7% 14 1.9% 0.021% 

Mediterranean Sea 129610 12.7% 44 6.0% 0.034% 

South America West Coast 13643 1.3% 5 0.7% 0.037% 

South Asia 109145 10.7% 40 5.4% 0.037% 

South America East Coast 40929 4.0% 16 2.2% 0.039% 

Australia and New Zealand 34108 3.3% 16 2.2% 0.047% 

Middle America and Gulf of Mexico 51162 5.0% 25 3.4% 0.049% 

North Asia 3411 0.3% 2 0.3% 0.059% 

North Europe 40929 4.0% 28 3.8% 0.068% 

South East Asia 139842 13.7% 97 13.1% 0.069% 

West Europe 78789 7.7% 150 20.3% 0.190% 

East Asia 129610 12.7% 286 38.8% 0.221% 

Total 1023236 100.0% 738 100.0%  

 

5.2. Regression coefficients of the collision RIFs 

Applying the pairwise comparison of Bayesian rule introduced in Chapter 3, the values of 

regression coefficients  β ,  i  =  1,  2,   … ,  6  of the six RIFs can be evaluated by the least 

square method that also provides information on the uncertainty of each regression 

coefficient. Fig 14 and Table 9 show the results of  β ,  i  =  1,  2,   … ,  6  and the 

corresponding error bars. Among them, the value of  β  reflects the impact of the  RIF on 

the probability of collision; the error bars represent the upper and lower bounds of the 

95% confidence interval of each coefficient  β  calculated using Eq. 20. 
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Table 9 Regression coefficients and Confidence interval 

RIFs 
95% Confidence interval 

- + 

Ship type 3.793 -0.428 0.428 

Ship length 1.338 -0.702 0.702 

Flag 0.053 -0.877 0.877 
Class 0.876 -0.877 0.877 

Age 0.957 -0.702 0.702 

Geographical area 3.771 -0.362 0.362 

 

Fig 14 Estimated regression coefficients and the corresponding 95% confidence intervals 

It can be intuitively observed from  Fig 14 that the RIFs having the greater impact on the 

collision accident are the ship type and the geographical area. The value of the regression 

coefficient of the flag is the smallest, but it is still positive. If the value is taken according 

to the lower bound of the confidence interval, the value will be negative, which means 

that the collision probability of the ship of the non-target flag state may sometimes be 

higher than that of the target flag state. Looking back at the data in the table, the 

distribution of ship flags in the world fleet and collision accidents is very similar. Therefore, 

whether the ship's flag is on the blacklist has a certain impact on the occurrence of 

collision accidents, but relatively little influence. 
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All possible states should be considered when assessing the collision risk. In this 

dissertation, 6 RIFs correspond to 12*4*2*2*4*17=13056 possible state. According to Eq. 

(5), exp β 𝑋  can be calculated to all possible cases. Fig 15 shows the frequency 

distribution of exp β 𝑋  and a corresponding lognormal fitting curve. It can be observed 

that the lognormal distribution matches the data frequency very well. This observation 

confirms the assumption that the RIFs and the collision probability have an exponential 

relationship. 

 

Fig 15 Distribution of 𝑒𝑥𝑝(𝛽 𝑋) with all possible combinations of RIFs’s states  

Fig 16 shows the corresponding cumulative distribution function of exp β 𝑋 . It can be 

seen from Fig 16 that the probability of exp β 𝑋  smaller or equal than 1000 is around 

81%. The exp β 𝑋  values of less than 6000 account for 97.6%. From a statistical point of 

view, the values of exp β 𝑋  in most cases are within a relatively small range. This 

conclusion proves the feasibility of the method to predict the types of high-risk ships and 

possible accidents. 



 

 56 

 

Fig 16 Cumulative Distribution of 𝑒𝑥𝑝(𝛽 𝑋) 

To explore the impact of different state value distributions on the results, this dissertation 

adopts another state distribution method. Taking the ship type variable as an example, 

the ratio R  between the conditional probability of a particular state and the sum of  the 

conditional probabilities of all sates of the variable is calculated as: 

𝑅(𝑋 ) =
𝑃(𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑇𝑜𝑡𝑎𝑙𝐹𝑙𝑒𝑒𝑡)

∑ 𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑇𝑜𝑡𝑎𝑙𝐹𝑙𝑒𝑒𝑡
24.  

Then the state value (i) is calculated by normalising the state R value by the maximum R 

value among all states of the variable  

𝑠𝑡𝑎𝑡𝑒𝑠𝑣𝑎𝑙𝑢𝑒 =
𝑅 𝑋

𝑚𝑎𝑥 𝑅(𝑋 )
25.  

Table 10 shows the state values of the ship type variable according to this state 

distribution method. Using these new state values, the regression coefficients were 

calculated again, and the results are shown in Fig 17. Table 11 shows the regression 

coefficients and corresponding confidence intervals of each RIF. 

It can be seen from the results that the ship type and geographic area are still the two 

most important RIFs. However, the range of the confidence interval is significantly 

enlarged, which means that the results of the regression coefficients calculated using 
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this new state distribution method are more uncertain, and the credibility of the results 

is therefore reduced. 

Table 10 State values of Ship type variable using new method 

Variables Definition P(Collision|Total Fleet)(%) R (ratio) Value(weight) 
𝑋1

1 Tugs 0.15% 0.0035 0.0049 
𝑋2

1 Service Ships 0.16% 0.0036 0.0050 
𝑋3

1 Gas Tankers 0.19% 0.0044 0.0061 
𝑋4

1 Offshore Vessels 0.23% 0.0054 0.0075 
𝑋5

1 Other Tankers 0.67% 0.0156 0.0215 
𝑋6

1 Passenger Ships 0.76% 0.0175 0.0242 
𝑋7

1 Oil and Chemical Tankers 0.92% 0.0214 0.0295 
𝑋8

1 General Cargo Ships 1.09% 0.0252 0.0347 
𝑋9

1 Bulk Carriers 1.87% 0.0432 0.0597 
𝑋10

1  Ro-Ro Cargo Ships 2.10% 0.0487 0.0672 
𝑋11

1  Container Ships 3.73% 0.0864 0.1192 
𝑋12

1  Specialized Cargo Ships 31.27% 0.7249 1.0000 

 

Fig 17 Estimated regression coefficients and the corresponding 95% confidence intervals using 
new state values distribution  
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Table 11  Regression coefficients and Confidence interval using the new state values distribution 

RIFs 
95% Confidence interval 

- + 

Ship type 6.077 3.700 8.454 
Ship length 0.816 -0.626 2.257 

Flag 0.053 -2.354 2.460 
Class 0.876 -1.531 3.283 
Age -0.773 -2.241 0.695 

Geographical area 5.481 3.871 7.092 
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6. Assessment of RIFs by Bayesian networks 

This chapter assess the RIFs on collision accidents quantitatively using a Bayesian network 

model developed based on accident data. 

The GeNIe (Graphical Network Interface) software is used to construct the ship collision 

BN model. GeNIe has a visual interface to facilitate the construction of the Bayesian 

network models. At the same time, it provides Bayesian network learning and inference 

functions, where the inference algorithm uses the joint tree inference algorithm. 

A small and simple Bayesian network can be modelled by experts based on their 

experience. However, for complex problems it is difficult to determine the correlation 

degree between variables. However, when data is available it is possible construct the  BN 

model through data learning. 

The learning method of Bayesian Networks is used in this dissertation to construct the 

Bayesian network model in the GeNIe software. After the construction is completed, if the 

structure is adjusted, the parameter learning method is used to update the CPTs.  

Through the quantitative analysis in Chapter 5, the ranking of each RIF's influence on 

collision accidents was obtained, which helps to predict the collision probability. However, 

the assessment has not included the consequences of the collision accidents, which are 

the other element of the risk: 

𝑅𝑖𝑠𝑘 = 𝑃 × 𝐶 26.  

where 𝑃 is the probability of the accidental event and 𝐶 its consequences. 

Usually, the consequences are expressed in terms of costs related to the impact of the 

accidental event. In this chapter, the Bayesian network model considers the correlation 

between RIFs and collision consequences measured not in terms of costs of the accidents 

but using qualitative levels of consequences. 

In the GISIS database, the consequences of ship accidents can be regarded as "Type of 

casualties", which are divided into four levels: "Very serious", "Serious" and "Less serious" 

and "Unspecified incidents". 

"Very serious" refer to the casualties of the ships, involving the total loss of the ship, loss 

of life or serious pollution. 
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"Serious" refer to casualties of ships that are not "very serious" casualties, involving fire, 

explosion, collision, landing, contact, severe weather damage, ice damage, hull rupture 

or suspicious hull defects, etc. The casualties would cause: the main engine cannot be 

used, extensive accommodation damage, serious structural damage, etc., making the 

ship unsuitable for navigation, or causing pollution (regardless of the number); and 

malfunctioning, requiring Towing or landing assistance. 

"Less serious" refers to ship casualties that are not very serious casualties or serious 

casualties, and the useful information recorded also includes marine incidents that 

themselves include "dangerous events" and "near-miss accidents". 

"Unspecified incidents" represent other incidents, and the severity is not high. 

To sum up, the main objective of this chapter is to develop a Bayesian network model 

through the GeNIe's data learning module, and to analyse the model under different 

scenarios to obtain the probability distribution of each variable. Then, through sensitivity 

analysis, the importance ranking of ship collision RIFs is obtained.  

It is worth mentioning that two types of sensitivity analyses are implemented. The first 

focuses on the influence of RIFs on the probability of collision. The second one focuses 

on the impact of RIF on the severity of the collision accidents. 

6.1. Learning procedure of Bayesian Network models 

Bayesian network models are developed based on ship collision data obtained from the 

GISIS from 2005 to 2007.  The data base contains 4316 records in this period. It is worth 

noting that from this data set, only 1418 records have no unknown data. Unknown items 

in some variables account for nearly 50% of the total. To ensure the rationality of the 

structure learning model, in this section, all 4316 records and 1418 records with no 

unknown items are used for BN structure learning and then results are compared. 

Table 12 shows an example of the data table required by GeNIe for BN structure learning 

and parameter learning. The existence of the unknown items can be observed in this table. 

The 'unknown' states exist in each node in the BN that is learned based on this table. In 

the second stage of the analysis entries with at least one unknown item are deleted to 

establish a BN mode based only on complete data. 

The casualties are classified in collision, grounding, fire, damage, capsizing, accidents, 

contact, missing, sinking, injury, loss, death, accident with life-saving appliances, man 
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overboard and other unspecified type of incidents. Since this dissertation focuses on 

collision accidents the accident type nodes are simplified from 15 states to two states, 

which are the occurrence of Collision=True or False. 

Table 12 Example of GISIS data (with unknown information) for GeNIe BN learning 

FlagStates TypeOfCasualty Ship_type Ship_Length CLASS AGE Geographical_area COLLISION 

Non_targeted Serious General_Cargo_Ship L0_100 IACS a15_24 unkown FALSE 

Non_targeted Serious Oil_and_Chemical_Tankers L0_100 unknown a15_24 unkown FALSE 

Non_targeted Serious General_Cargo_Ship L0_100 IACS a15_24 unkown FALSE 

Non_targeted Very_serious Oil_and_Chemical_Tankers L0_100 NO_IACS unknown South_East_Asia TRUE 

Non_targeted Unspecified General_Cargo_Ship L0_100 IACS a_over25 North_Europe FALSE 

Non_targeted Very_serious General_Cargo_Ship L0_100 IACS a15_24 West_Europe FALSE 

Non_targeted Less_serious Offshore_Vessels L0_100 IACS a_over25 West_Europe FALSE 

Non_targeted Very_serious Tugs L0_100 unknown a5_14 West_Europe FALSE 

Non_targeted Unspecified General_Cargo_Ship L0_100 unknown unknown unkown FALSE 

 

The model construction starts at the "Learn new network" option in "Data" in GeNIe (see 

Fig 18). Before applying the Bayesian search method for BN structure learning, 

background knowledge should be set according to the knowledge base information (as 

shown in Fig 19). In the Background Knowledge Editor, different Tier levels are set 

according to causality and correlation, some expected arcs are established (Force), and 

some meaningless arcs are prohibited (Forbid). 
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Fig 18 Menu: Learn New Network 

 

Fig 19 Background knowledge determination 
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The structure learning is conducted based on the Bayesian search algorithm, which 

follows a hill-climbing procedure (in GeNIe is using the log-likelihood function as a 

scoring heuristic). 

Although the BN obtained by structural learning based on data has the highest score in 

log-likelihood function, it may not be the most reasonable. Such structures usually have 

meaningless or unreasonable undirected arcs. To overcome this problem, it is necessary 

to artificially judge and delete meaningless arcs or add new arcs through experience and 

knowledge. After updating the network, the parameter learning method needs to be 

applied again to obtain the updated CPTs of the nodes of the new model structure (see 

Fig 20). 

 

Fig 20 Parameter learning after updating the structure of the BN 

Fig 21 (a) and (b) shows the BN models obtained from data with and without unknown 

states in variables. It can be observed that there is a node “Flag States” in Fig 21 (a) but 

not in (b), which is caused by the flag information having only 1 states “Non-targeted” in 

the learning data. Except this difference, the structure of the two Bayesian network 

models is exactly the same. 
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(a) 

 

(b) 

Fig 21 Bayesian Network obtained by learning  
with unknown states (a) and without unknown states (b) 

6.2. Sensitivity analysis 

The importance of each variable to the occurrence of collision can be evaluated through 

sensitivity analysis using the two BN models.  

Sensitivity analysis evaluates the impact of changes in input variables on model output 

variables (Cullen & Frey, 1999). Sensitivity analysis can be used in the identification of the 

importance of the different sources of uncertainty in the model for the purpose of 
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prioritizing new data collection or research (Frey & Patil, 2002). Therefore, sensitivity 

analysis is an indispensable part of the complete risk analysis process. 

The simplest sensitivity analysis is based on the partial derivative method. Besides, the 

first-order second-moment method (FOSM) can be used to assess local sensitivity, while 

global sensitivity can be assessed by scatterplots or linear regression based of the results 

on Monte Carlo simulation. 

The sensitivity analysis methods for evaluating Bayesian networks can be divided into two 

categories: sensitivity to findings and sensitivity to parameters (Pollino & Henderson, 

2010). Sensitivity to parameters considers the changes in Bayesian posterior probability 

due to the parameters' alternation. Sensitivity to findings focuses on the variations in the 

posterior probability of the Bayesian network in different conditions. 

6.2.1. Sensitivity of findings 

This dissertation mainly uses the principle of the sensitivity of findings (or evidence) to 

validate Bayesian networks. In particular a method  proposed by Dinis et al. (2020) is 

adopted, which is formulated based on the changes in the posterior distribution of model 

variables caused by changes on the probability of the states of specific model’ variable. 

In this dissertation, let 𝑋 ,  be the ith variables with j = 1, … ,  m  states of the Bayesian 

network, and P 𝑋 , 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 = 𝑒  is the posterior probability distribution of 𝑋 ,  given the 

occurrence of the collision. The variation in the posterior probability of the variable 𝑋 ,  

from no-Collision to Collision can be expressed as: 

Δ𝑃(𝑋 |𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛) = 𝑃(𝑋 |𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑟𝑢𝑒) − 𝑃(𝑋 |𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 = 𝐹𝑎𝑙𝑠𝑒) 27.  

A global measure of the importance of variable 𝑋  can be given by 

𝑆 =
∆𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛

2
 28.  

The sensitivity of a specific state of 𝑋 ,  can be obtained as: 

𝑆 , =
Δ𝑃 𝑋 , 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 /2

𝑆
29.  

where, 𝑆 is calculated by Eq.28, Δ𝑃 𝑋 , 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛  is obtained by Eq. 27 
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The sensitivity of particular states can help to assess the relative variation of state 

posterior distribution. 

Fig 22 shows the posterior probability of the variables represented by each node after 

“Collision= True” is set as evidence. 

 

Fig 22 Posterior probability distributions of variables (Collision= True) 

The same method can be applied to analyse the influence of RIFs on the node "Type of 

casualty". In this section, three sets of sensitivity analyses will be conducted for changes 

in the type of accidents: from "Unspecified" to "Less serious", "Less serious" to "Serious" 

and "Serious" to "Very serious".  

Fig 23 shows the posterior probability of the variables represented by each node after 

“Collision= True” and “Type of casualty = Serious” are set as evidence. 
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Fig 23 Posterior probability distributions of variables (Collision= True, Type of Casualty= Serious) 

 

6.2.2. Results of sensitivity analysis on Collision probability 

Fig 24 shows the global sensitivity of the BN's variables given by Eq.28. From the 

comparison of Fig 24 (a) and Fig 24 (b), it can be seen that regardless the data is missing 

or not, ship type and ship length are the most critical variables. The impact of information, 

the importance of classification societies and ship age on collisions are significantly 

greater in Fig 24 (a) than in Fig 24 (b). 
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Fig 24 Global Sensitivity of different RIFs with unknown states (a) and without unknown states (b) 

Fig 26 shows the posterior probability distributions and state sensitivities of the variable 

‘Ship types’, which is the most important variable for the occurrence of collision from 

False to True (Fig 24 (a) and (b)). Fig 25 shows the state sensitivity of the variable "ship 

type". Since the sensitivity is calculated by the posterior probability, the greater the 

difference between the posterior probability of no collision and collision, the greater the 

result of sensitivity. It can be seen from Fig 25 that containerships is the most important 

ship type to collisions, followed by bulk carriers, oil tankers and gas tankers. The 

sensitivities of the remaining states are close to zero or negative. 

 

Fig 25 State Sensitivity of different ship types  
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Fig 26 Posterior probability distribution of the ‘Ship types’ variable given Collision= True and 
False 

The second most important variable in Fig 24 is the ship length. Fig 27 and Fig 28 

respectively show the state sensitivity of variable ship length and the posterior probability 

distribution of No-Collision and Collision. As can be seen from the figure, ships between 

100 and 200 meters in length take the first place in the total number, but ships with the 

highest sensitivity to collisions are ships between 200 and 300 meters, followed by ships 

between 100 and 200 meters. Ships from 0 to 100m accounted for the second largest 

proportion of the total number of ship collisions, but because the probability of non-

collision accidents is higher than the probability of Collision, the sensitivity is negative. 
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Fig 27 State Sensitivity of different ship lengths  

 

Fig 28 Posterior probability distribution of the ‘Ship Length’ variable given Collision= True and 
False 

The analysis of the importance of the other states also used the same method for 

sensitivity analysis. Table 13 shows the results of the sensitivity analysis of the two BN 

models’ states. Only states with positive state sensitivity are listed in the table. 
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Table 13 Importance ranking of variables due to state sensitivity 

Variable Complete data set Data without unknown items 

Ship type 
Container > Bulk Carrier > Other tankers > 

Gas tankers 

Container > Other tankers > Gas tankers > 

Specialized Carrier > Tugs > Offshore Vessels 

Ship length 200~300m > 100~200m > 300~400m 300~400m > 200~300m  

Geographical area 
East Asia > South East Asia > South Asia > 

Austrialia & NewZealand > East Africa > 

South Africa = South America East Coast 

East Asia> South East Asia> South Africa > 

South Asia = North America East Coast = New 

Guinea Pacific 

Class IACS > NO IACS NO IACS > IACS 

Age 5~14 > 0~4 > 15~24 Over 25 

Flag No targeted   

 

It can also be seen from the table that different data sets result in different sensitivity 

results. In the variables Class and ship age, the results are opposite because there are 

many unknown items. In the states of "Ship length", it can be seen that the risk of ships 

exceeding 300m is the highest in the BN without unknown items. This phenomenon may 

be since most ships lacking information tend to be shorter, and the classification societies 

and age information of very large ships are relatively comprehensive. After deleting the 

incomplete records, ships with a length of more than 300m have larger influence on 

collisions.  

Although the differences between the two BN models, some common conclusions can 

still be taken from the sensitivity results. In the "Ship type" variable, the collision 

probability of container ships, other tankers, and the Gas tanker is higher.  In the "Ship 

length" variable, the ships of 200 to 300 meters have high importance in both BNs. In 

terms of  "Geographical area", East Asia, Southeast Asia and South Asia are all high-risk 

areas for collisions. 
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6.2.3. Results of sensitivity analysis on Type of casualty 

As mentioned at the beginning of this section, sensitivity analysis is carried out through 

the probability distribution of the Bayesian network to see the influence of RIFs on the 

severity of the collision which is represented by the variable “Type of casualty”. 

Fig 29 to Fig 31 show a similar phenomenon to the sensitivity analysis in the previous 

section 6.2.2.  In the sensitivity results of the BN model without unknown items, the 

importance of Class and Age is higher than in the BN model with unknown data. 

  

Fig 29 Global Sensitivity of different RIFs from “Unspecified” to “Less Serious”  
with unknown states (a) and without unknown states (b) 

It can be seen from the Fig 29(a) that the type of casualty vary from "Unspecified" to "Less 

serious", with ship type having the greatest influence, followed by ship length. The 

influence of classification societies ranks third.  

Different from the similar importance of the top two variables in Fig 29 (a), the influence 

of the ship type in Fig 29 (b) stands out, nearly three times the Ship length which is 

second-placed. 
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Fig 30 Global Sensitivity of different RIFs from “Less Serious” to “Serious”  
with unknown states (a) and without unknown states (b) 

  

Fig 31 Global Sensitivity of different RIFs from “Serious” to “Very Serious”  
with unknown states (a) and without unknown states (b) 
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This phenomenon is consistent in the BN models with and without unknown items. 
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contribution to the increase of casualty level. 
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Table 14 Importance ranking of variables due to state sensitivity (with unknown) 

  Ship type 
Ship 

length 
Geographical area Class Age Flag 

Unspecified 

to Less 

serious 

Container 

ships> Bulk 

Carrier > 

Unknown > Oil 

and Chemical 

tankers 

200~300m > 

100~200m > 

300~400m 

East Asia > South East 

Asia > North America 

East Coast > 

Mediterranean Sea> 

Austrialia & 

NewZealand> South 

Asia = South America 

West Coast > North 

America West Coast > 

East Africa  

IACS 

5~14 > 

0~4 > 

15~24 

No 

targeted 

Less serious 

to Serious 

Other 

Tankers > 

General Cargo 

Ship > 

Service Ship > 

Offshore 

Ship > 

RORO > 

Gas Tankers 

0~100 

West Europe > 

North Europe > 

West Africa > 

Unknown > 

South America East 

Coast 

Unknown > 

No IACS 

Unknown > 

over 25 

Unknown > 

Targeted 

Serious to 

Very 

Serious 

General Cargo 

Ship > 

Service Ship > 

Tugs > 

Container 

Ships 

0~100 

Unknown 

Unknown > 

Mediterranean Sea > 

West Europe > 

North Europe > 

North America West 

Coast 

New Guinea Pacific 

South America West 

Coast 

North Asia 

Unknown > 

No IACS 

Unknown > 

over 25 

Unknown > 

Targeted 

 

For ease of description, the three intervals of type of casualty as Low consequence (LC), 

Medium consequence (MC), and Severe consequence (SC) are referred.  

According to Fig 32 (a), in the ship type variable, General cargo ship has high sensitivity 

in the two intervals (MC and SC). The sensitivity of service ship in the two intervals is 

positive, but neither is the highest value in the intervals. In Fig 32 (b), "Other tankers" 

still ranks highest in importance in the MC. In the SC, the top two ship types are general 

cargo ships and containerships. In LC range it needs to be concerned with bulk carriers 

and container ships. 
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Fig 33 (a) indicates that ships from 0 to 100 meters in length rank first in both the MC 

and SC ranges. The three states with positive effects in the LC interval are: 200~300m > 

100~200m > 300~400m.  

Excluding the influence of unknown items, the order of importance of ship length in Fig 

33 (b) is: in LC, only ships of 200 to 300m have positive sensitivity; in MC and SC, it is 

also necessary to pay attention to ships between 0 to 100m.  

 

Table 15 Importance ranking of variables due to state sensitivity (without unknown) 

  Ship type Ship length Geographical area Class Age 

Unspecified to Less 

serious 

Bulk Carrier > 

Container Ships > 

RORO > 

Tugs > 

General Cargo 

Ship > 

Oil and Chemical 

tankers 

200~300m 

East Asia > 

South East Asia > 

South Asia > 

Austrialia & 

NewZealand > 

South America West 

Coast > 

North America West 

Coast > 

North America East Coast 

East Africa 

IACS 
5~14 > 0~4 > 

15~24 

Less serious to 

Serious 

Other tankers > 

Offshore ship > 
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Fig 32 States Sensitivity of “Ship types” with unknown states (a) and without unknown states (b) 
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Fig 33 States Sensitivity of “Ship length” from with unknown states (a) and  
without unknown states (b) 

In the sensitivity results of geographic areas, most of the states have negative or relatively 

small positive sensitivities  

Fig 34(a) shows that East Asia, which ranks first in the LC range, has a sensitivity result 

close to 5 times that of second-ranked Southeast Asia. In the SC interval, unknown item 

ranks first, which means that the unknown item has a great influence on the BN result. 

The second and third places are the Mediterranean region and Western Europe. 

In Fig 34(b), The maximum value of all the three intervals is East Asia, which means that 

East Asia is undoubtedly the area that needs the most attention on ship collisions. 
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Southeast Asia, which ranks second in LC, has a certain increase compared with the 

previous group of sensitive results, reaching half of the importance of East Asia. 

 

Fig 34 States Sensitivity of “Geographical area” from with unknown states (a) and without 
unknown states (b) 
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Fig 35 States Sensitivity of “Classification Society” from with unknown states (a) and without 
unknown states (b) 

From the comparison in Fig 35 (a) and (b), it is found that the unknown items mainly affect 
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Fig 36 States Sensitivity of “Ship age” from with unknown states (a) and without unknown states 
(b) 

 

Fig 37 States Sensitivity of “Ship age” from with unknown states 
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7. Conclusions 

This dissertation has adopted two quantitative analysis methods to identify and assess 

the Risk Influencing Factors (RIFs) affecting ship collisions. The first method is developed 

based on statistical analyses on historical data of collision accidents worldwide provided 

by the IMO’s Global Integrated Shipping Information System (GISIS) database and world’s 

merchant fleet data. A Bayesian paired comparison approach for relative accident 

probabilities based on accident and fleet data is then used to estimate the regression 

coefficients associated to the RIFs and their uncertainty using the least squares estimation 

method that reflect the relative importance of the factors to the accident.  

The results show that the most influential factors are the ship type and the geographic 

area of navigations of the ships. The top three ship types with the highest collision risk 

are the specialized cargo ships, containerships and RO-RO vessels. The most collision-

prone geographical areas are the East Asia and West Europe. 

The results of the uncertainty analysis show that the collision probability model 

developed still has a certain degree of uncertainty. Also, accident and world fleet data do 

not cover important RIFs such as the frequency of encounters and human and 

organizational factors.  

The second approach used to assess collision risk influencing factors has developed a 

Bayesian network (BN) model based on historical data of maritime accidents to 

characterize the collision events and their severity. The objectives of establishing the BN 

model in this context are: (1) Using historical collision data combined with subjective 

knowledge for network structure and parameter learning; (2) Evaluating the importance 

of RIFs on the collision through sensitivity analysis, and obtaining global and state 

sensitivity results; (3) to evaluate the impact of incomplete information (data sets with 

missing data) on the BN network risk assessment; (4) Evaluating the impact of the RIFs on 

consequences of collisions using the same sensitivity analysis method.  

The results of the global sensitivity analysis show that the most critical RIFs on collisions 

are ship type and length. The geographical area of navigation ranks third in importance 

in the BN model without unknown information. 

Among the state sensitivities, the most noteworthy ship types are the containerships and 

other tankers, which are between 200 and 300m in length and navigate in East Asia and 
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Southeast Asia. The classification society information and ship age are greatly affected by 

unknown items, and the results of the two analyses are contradictory. 

The sensitivity results of the RIFs on the consequences of collisions show that general 

cargo ships are most likely to cause serious consequences after a collision, while 

moderately serious consequences are positively related to other tankers. The 

consequences of collisions involving containerships and bulk carriers are relatively low. 

In terms of ship length, ships shorter than 100 meters are more likely to cause more than 

moderate consequences after a collision. From the results of geographic regions, it can 

be seen that collisions in East Asia and Western Europe are likely to cause more than 

moderate consequences, and Southeast Asia is more likely to have low consequences.  

Collision accidents involving No-IACS-certified ships are likely to cause more than 

moderate consequences. IACS-certified ships are more sensitive to collisions with low to 

medium consequences. From the distribution of importance of ship age, it can be seen 

that ships over 25 years are more likely to cause more than moderate collision 

consequences and ships under 25 years old tend to have lower collision consequences. 

Such observations are also consistent with logical inferences based on common sense: 

ships older than 25 years are more likely to lack maintenance and repairs and are more 

likely to fall within the scope of No-IACS certification. 

Comparing the application of the two quantitative risk assessment methods, it is possible 

to identify several common risk factors on collisions.  For example, containerships and 

bulk carriers have a great influence on collisions, and ships with less than 100m have the 

least influence. Ship collision accidents are more likely to occur in East Asia, Western 

Europe and Southeast Asia. The classification societies and ship age are relatively less 

important factors, and the flag has little effect on the collision probability of ships as well.   

Through the study and application of the two methods, it can be concluded that despite 

the respective uncertainties, both provide relevant insights on the collision. Therefore, 

both approaches can be applied to the assessment of other risk factors of other accident 

types with similar data scope as collision (e.g. grounding).  

In future work, classification societies and flag states can be subdivided to distinguish the 

influence of specific classification societies and flag states.  

The quantitative risk assessment methods used in this dissertation are both based on 

historical data. It is shown that the missing information in the collision data set affects the 
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results of the assessment to some extent. In fact, although the results show that unknown 

items have a limited impact on the ranking of the RIFs, they still affect the analysis of 

specific RIFs.  

Moreover, the collision probability model developed only includes the RIFs covered by 

the collision and fleet datasets and does not assess the effect of other RIFs deemed 

important for collision scenarios. This limitation can be addressed in the future by 

including in the model paired comparisons elicited from experts on RIFs not covered by 

the data.  

This dissertation assesses static collision risk factors on collisions between ships 

worldwide. However, the actual application of the present approach for risk management 

of specific ports and waterways, requires the integration of dynamic risk factors such as 

the local environment, weather, and navigation conditions. The development of 

assessment models combining static and dynamic RIFs is also a future research direction. 
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