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Abstract 

This paper applies two quantitative analysis methods 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 based on historical data of collision 
accidents worldwide and information of the world’s merchant fleet. 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. 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 

 

1 Introduction 

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. 

An important contribution to the general application of risk analyses in the maritime transportation sector 
has been given the International Maritime Organization (IMO) with the development of the  "Guidelines 
for the Application of Formal Safety Assessment (FSA) to the IMO Rule-Making Process" (IMO, 2007, 
2013). FSA is a structured and systematic methodology aimed at enhancing maritime safety that is 
basically a risk management methodology, which combines qualitative and quantitative risk and cost-
benefit assessments to provide decision support for decision-making at IMO. Since its development the 
FSA method has been widely used in various types of safety assessments in the maritime sector, as 
reviewed e.g. by Guedes Soares et al., (2010). 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).  
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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 ships and Ro-Ro Cargo vessels are the three ship types presenting higher 
probabilities 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. 

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. (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. 

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.  

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 typically related to type, age, and flag of vessels. 
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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. 

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. 

The main object of this paper is to assess quantitatively collision risk influencing factors based on 
historical data. The present paper contributes to the knowledge regarding collision accidents and the 
factors that influence the collision risk from a global perspective based on historical data of collision 
accidents occurred worldwide from 2005 to 2017 and the ships at risk in the world fleet. Two quantitative 
analysis methods are used. The first approach uses the Cox proportional hazard regression model to 
develop a collision probability model. The approach consists of using the Bayes’ rule to conduct pairwise 
comparisons of the collision probability under different states of each risk indicator. Then, the least-
squares estimation method is used to predict the regression coefficients of the collision probability model 
that reflect the importance of the 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 collision probability model 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 Bayesian network models can make this method widely used in real-time analysis in 
decision support systems. 

The advantage of the approaches adopted in this paper is that they are 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. 

The paper is organised as follows. The present section introduces the topic, the objectives, and the 
contents of the paper. The statistical analyses on collision accident data and world fleet data and some 
findings derived from them are presented in Section 2. In Section 3, the quantitative assessment of risk 
influencing factors is conducted using a developed collision probability model. Section 5 describes the 
learning process of Bayesian network models based on IMO’s GISIS accident data, and the importance 
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of each influencing factor is evaluated by sensitivity analyses. Finally, conclusions are drawn in Section 
6. 

2 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 vessel finders were 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 form 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. 

 

 
Fig 1 Distribution of maritime accident types (GISIS, 2005-2017) 

2.1 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 (see 
Fig 2). Fig 2 shows the distribution of ship types in 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. The numbers 
of different types of accidents were averaged from the 13-year accident data. 
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Fig 2 Distribution of ship types in the world fleet (mean value of Equasis 2005-2017) 

Fig 3 shows the distribution of ship types involved in collision accidents. 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%). 

 

 
Fig 3 Distribution of ship types involved in collision accidents (GISIS, 2005-2017) 

2.2 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 of the world merchant fleet. This shows that the number of ships 
has a trend of decreasing with the increase in length. 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. 
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Fig 4 Distribution of ship length of world merchant fleet 

(MarineTraffic.com, November,2020) 
Fig 5 Distribution of ship length involved in collisions 

(GISIS, 2005-2017) 

2.3 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 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 

collisions (GISIS, 2005-2017) 

2.4 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 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 
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out research and development on maritime safety and sea environment protection, providing technical 
support and verifying obedience to published standards.  

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. 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 8 World fleet: classification society (Equasis, Mean 

value 2005-2017) 
Fig 9 Ships involved in collisions: classification society 

(GISIS, Mean value 2005-2017) 

2.5 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 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. 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 10 World fleet: Ship flag Fig 11 Ships involved in collision: Ship flag 
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2.6 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.  

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 12  Example of geographical areas of the world fleet (2017) 

 

Fig 13 Frequency of collisions in the geographical areas 



9 

 

3 Collision probability model 

The Risk Influencing Factors (RIFs) on ship collisions are first assessed based on a probability collision 
model developed from collision and fleet data presented in the previous section. 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). Inspired by 
the principle of the Cox model, it is assumed an exponential relationship between RIFs and the accident 
probability. The Bayes’ 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 RIF 
as well as their uncertainties. 

3.1 Cox regression 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. 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.  

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. 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.  

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(𝐶|X)   given X is defined by: 

 𝑃(𝐶|X) = P exp(β X)  (2) 
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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 and 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 =
𝐶 𝑋

𝐶 𝑋
= exp 𝛽 𝑋 − 𝑋   (3) 

which does not depend on the normalising parameter P0 (in Eq.2).  The exponential expression (3) can 
be written as a linear expression with respect to β as: 

 𝑍 = ln 𝑌 = 𝛽 𝑋 − 𝑋   (4) 

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.  Then, the Bayesian formula can be written as: 

 𝑃(𝐵 |𝐴) =
( | ) ( )

∑ 𝐴 𝐵 ( )
  (5) 

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)=∑ 𝑃(𝐴|𝐵 ) 𝑃(𝐵 )  is the normalizing factor. 

Based on the Baye’s rule, the relative risk between the states 1 and 2 of variable i can be obtained as  
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  (6) 

where, 𝐶̅ indicates the event: “no collision”. 

Since the collision accident is relatively a very rare event, the probability of collision P(𝐶) is much 
smaller than P(𝐶̅). As result, the first item of the denominator the equation can be neglected. The 
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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. 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   (7) 

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

By solving equation (7), the estimator 𝛽 can be obtained as: 

 𝛽 = (A A) A 𝒃   (8) 

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 (4) and (6) 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   (9) 

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

 𝜎 = 𝑏 − A 𝛽   (10) 

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   (11) 

For instance, the variance of β  can be estimated by  
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 var 𝛽 = 𝜏 𝜎    (12) 

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   (13) 

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 Quantitative assessment of collision RIFs 

In this section, the collision probability model just described is used for quantitative assessment of the 
influence of RIFs on collision accidents globally. The six-collision risk influencing factors (i.e. the ship 
type, the length, the flag, the classification society and the age of the ships and the geographical area) 
shown in Table 1 are selected to develop the quantitative assessment.  

3.6.1 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(𝐶|𝑇𝑜𝑡𝑎𝑙 𝐹𝑙𝑒𝑒𝑡). For example, the 𝑃(𝐶|𝑇𝑜𝑡𝑎𝑙 𝐹𝑙𝑒𝑒𝑡) of ship type variable (X1) 
are listed in Table 2. 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 1, the ratio between the conditional probability of state 𝑋  (Tug) 
and 𝑋  (Service ship) can be calculated as: 

𝑃(𝐶|𝑋 )

𝑃(𝐶|𝑋 )
≈

𝑃(𝑋 |𝐶)

𝑃(𝑋 |𝐶)
×

𝑃(𝑋 |𝐶̅)

𝑃(𝑋 |𝐶̅)
=

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 platforms.  For example, in 
the GISIS database, the data come from accident investigation reports submitted by the corresponded 
maritime department.  
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Table 1 Collision RIFs and variable states 

Variables Defination States Defination Value 

𝑋   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 

𝑋   Ship length 𝑋  0~100 0.000 

𝑋  300~400 0.333 

𝑋  100~200 0.667 

𝑋  200~300 1.000 

𝑋   Ship flag 𝑋  No targeted flag 0.000 

𝑋  Targeted flag 1.000 

𝑋   Classification 
Society 

𝑋  NO IACS/NO Record 0.000 

𝑋  IACS 1.000 

𝑋    Ship age 𝑋  25+ 0.000 

𝑋  0 - 4' 0.333 

𝑋  5 -14' 0.667 

𝑋  15 -24' 1.000 

𝑋   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 

 
 
 

 

  

 



14 

 

Table 2 Distribution of ship type on collisions and total fleet  

X 1 Total Fleet % Collisions % P (C| 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 3 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 2, 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. 

Table 3 Distributions of ship length on collisions and total fleet 

X2 Total Fleet % Collisions % P(C| 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 4 Distributions of ship flag on collisions and total fleet  

X3 Total Fleet % Collisions % P(C| 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 5 Distributions of ship class on collisions and total fleet  

X4 Total Fleet % Collisions % P(C| 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% 
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Table 6 Distributions of ship age on collisions and total fleet  

X5 Total Fleet % Collisions % P(C| 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% 

 

Table 7 Distributions of total distinct number of ships sighted by geographical area 

X6 Total Fleet % Collisions % P(C| 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%  

 

3.6.2 Regression coefficients of the collision RIFs 

Applying the pairwise comparison of Bayesian rule introduced in Chapter 2, the values of regression 
coefficients β ,  i  =  1,  2,   … ,  6 of the six RIFs can be evaluated by the least-squares method that also 
provides information on the uncertainty of each regression coefficient. Fig 14 and Table 8 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. 13. 

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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Table 8 Regression coefficients and Confidence interval 

RIFs 
95% Confidence interval 

Lower bound Upper bound 

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 

4 Assessment of collision RIFs by Bayesian networks 

RIFs on collision accidents are also assessed 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.  

4.1 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. 

The developed Bayesian network model considers the correlation between RIFs and the occurrence of 
collisions and their 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. "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 
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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 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 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. 

The casualties would cause: collision, grounding, fire, damage, capsizing, accidents, contact, missing, 
sinking, injury, loss, death, accident with life-saving appliances, man 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. 

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.  

Fig 15 shows the BN model obtained from data with unknown states in variables. It can be observed that 
there is a node “Flag States”, which is caused by the flag information having only 1 states “Non-targeted” 
in the learning data.  

 

Fig 15 Bayesian Network obtained by learning with unknown states  

4.2 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 prioritizing new 
data collection or research (Frey & Patil, 2002). Therefore, sensitivity analysis is an indispensable part 
of the complete risk analysis process. 
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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. 

4.2.1 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) (14) 

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

𝑆 =
∆𝑃 𝑋 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛

2
 (15) 

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

𝑆 , =
Δ𝑃 𝑋 , 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 /2

𝑆
(16) 

where, 𝑆 is calculated by Eq.15, Δ𝑃 𝑋 , 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛  is obtained by Eq. 14 

The sensitivity of particular states can help to assess the relative variation of state posterior distribution. 
Fig 16 shows the posterior probability of the variables represented by each node after “Collision= True” 
is set as evidence. 

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 17 
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 16 Posterior probability distributions of variables (Collision= True) 

 
Fig 17 Posterior probability distributions of variables (Collision= True, Type of Casualty= Serious) 
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4.2.2 Results of sensitivity analysis on Collision probability 

Fig 18 shows the global sensitivity of the BN's variables given by Eq.28. It can be seen that the ship type 
and ship length are the most critical variables. Fig 19 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 19 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 18 Global Sensitivity of different RIFs with unknown states  

 
Fig 19 State Sensitivity of different ship types  

The second most important variable in Fig 18 is the ship length. Fig 20 shows the state sensitivity of 
variable ship length. 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 20 State Sensitivity of different ship lengths  

The analysis of the importance of the other states also used the same method for sensitivity analysis. 
Table 9 shows the results of the sensitivity analysis of the BN model’s states. Only states with positive 
state sensitivity are listed in the table. It can be seen from the table that 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 terms of "Geographical area", East 
Asia, Southeast Asia and South Asia are all high-risk areas for collisions. 

 

Table 9 Importance ranking of variables due to state sensitivity 

Variable Complete data set 

Ship type Container > Bulk Carrier > Other tankers > Gas tankers 

Ship length 200~300m > 100~200m > 300~400m 

Geographical area 
East Asia > South East Asia > South Asia > Australia & 

New Zealand > East Africa > South Africa = South 
America East Coast 

Class IACS > NO IACS 

Age 5~14 > 0~4 > 15~24 

Flag No targeted 

 

4.2.3 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”.  

It can be seen from Fig 21 that the ship type has the greatest influence when the type of casualty varies 
from "Less serious" to "Serious", followed by the ship length. The influence of classification societies 
ranks third. In the sensitivity results of the BN model with unknown items (Fig 21), the importance of 
Class and Age is higher than in the BN model without unknown data (Fig 21). 

Table 10 shows the importance of states in each RIF by the change of "Type of casualty". All the states 
appear in the tables are states which have positive contribution to the increase of casualty level. 
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Fig 21 Global Sensitivity of different RIFs from “Less Serious” to “Serious” with unknown states  

Table 10 Importance ranking of variables due to state sensitivity (with unknown states) 

  Ship type Ship length Geographical area Class Age Flag 

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 

5 Conclusions 

This paper has adopted two quantitative analysis methods to 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 
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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 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 identification and 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 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 paper 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. 
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The development of assessment models combining static and dynamic RIFs is also a future research 
direction. 
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