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Executive summary 
The maritime freight industry is of critical importance to the economic output of the UK, with almost half a billion 
tonnes of freight being handled by UK ports in 2016. The Freight Transportation Association estimate that delays on 
both side of the Channel cost the UK logistics industry £750,000 a day1. As the demands upon shipping freight are 
likely to increase in the future, a more in-depth understanding of the UK maritime shipping industry becomes 
increasingly more important. 
 
This report outlines the work undertaken by the Data Science Campus to explore the operation, use and relationships 
between ports in the UK at a macro level and the behaviour and operational characteristics of ships at a micro level, 
specifically: 

¶ national and international relationships 

¶ traffic at ports and related factors 

¶ inbound delays 

¶ capacity utilisation 
 
 Two sources of data are utilised: 

¶ Automatic Identification System (AIS). AIS data records the position, speed, heading, bearing and rate of turn for 
each ship, at frequent time intervals throughout its voyage 

¶ Consolidated European Reporting System (CERS). CERS data is collected at a higher level and records details such 
as destination port and expected time of arrival for the voyage of each ship 

 
A means of storing, decoding and processing AIS data is proposed. A means by which AIS and CERS data can be merged 
is presented, allowing a more comprehensive analysis to be undertaken when compared with exploring each dataset 
in isolation. Exploratory analysis of both datasets uncovers several insights for ships using the largest UK ports and 
Felixstowe in particular.  These insights include: 

¶ port traffic and utilisation 

¶ shipping movements  

¶ port network analysis 

¶ movement of hazardous materials 

¶ delays at port 
 
A novel unsupervised machine learning approach using K-means clustering is applied to AIS data aggregated over a 
time-based window. This is used to classify the behaviour of a ship into one of six unique groups at every point 
throughout its voyage. These classifications give a more meaningful and interpretable representation of ship 
behaviour and intention over time when compared with raw positional AIS data.  
 
This classification along with a series of additional non-AIS related features are used to explore the feasibility of using 
supervised machine learning techniques to predict the likelihood that a ship will be delayed arriving at port. Random 
Forests, AdaBoost, Gradient Boosting and XGBoost algorithms are applied to shipping data taken from in and around 
the port of Felixstowe. Results are promising with the XGBoost algorithm being able to correctly identify a ship delay 
in nearly 70% of test cases.  
 
These initial results suggest that additional focus should be placed on further development of both the classification 
and delays models. A means by which these predictions can be used to explore, simulate and optimise the operational 
efficiency ports throughout the UK is also discussed. The report concludes by discussing how the tools and technique 
used in the project may be applied to a broader set of applications lying outside of the maritime field. 

                                                           
1 https://fta.co.uk/press-releases/20150724-port-delays-cost-freight-industry-750000-a-day-says-fta  

https://fta.co.uk/press-releases/20150724-port-delays-cost-freight-industry-750000-a-day-says-fta
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1. LƴǘǊƻŘǳŎǘƛƻƴ 
The maritime freight industry is of critical importance to the economic output of the UK. In 2016, 484 million tonnes 
of freight were handled by UK ports with 303 million tonnes being imported and 181 tonnes exported (UK Port Freight 
Statistics 2016, Department for Transport). Of the 120 commercial ports in the UKΣ рм ŀǊŜ ŎƭŀǎǎƛŦƛŜŘ ŀǎ ōŜƛƴƎ άƳŀƧƻǊέΣ 
handling over one million tonnes annually and almost 98% of the total imported and exported freight. The European 
Union receives 66% of all UK outbound traffic with 16% being transported to the Asian continent, of which China 
accounted for 6%. Liquid bulk such as Liquified Natural Gas (LNG), crude oil and other oil-based products constituted 
40% of all handled freight with dry bulk such as coal, ores and agricultural products making up another 20%. In 2016, 
10.2 million TEUs2 of container-based traffic passed through UK major ports. 
 
It is therefore unsurprising that in recent years the amount of work that has focused on this area has increased 
dramatically. This report adds to this knowledge base by detailing the work undertaken by the Data Science Campus 
(Campus) at the Office for National Statistics (ONS). The DSC explored the operation, utilisation and relationships 
between ports in the UK at a macro level and the behaviour and operational characteristics of ships at a micro level, 
specifically:  
 

¶ national and international relationships 

¶ traffic at ports and related factors 

¶ inbound delays 

¶ capacity utilisation 
 
This was done by understanding and analysing major UK port operation and utilisation using available ship geolocated 
big data and port itinerary reports provided by the Maritime and Coastguard Agency (MCA). This report begins by 
reviewing the latest research in the application of AIS data within these research areas. Section three explores the 
data sources used through the project, specifically CERS and AIS. Data issues encountered during the project are 
discussed and addressed with high-level actionable insights being drawn from both data sources. The report 
continues in section four by proposing an unsupervised learning approach to classify the behaviour of a ship into one 
of six segments, allowing the user to explore the behaviour of a ship at a more meaningful and insightful level. Section 
five presents a supervised machine learning technique that predicts the likelihood that a ship will be delayed arriving 
at its destination, these predictions can be used to predict port loading at a point in time and can support subsequent 
operational port planning. Model performance is explored, the most significant model features identified and their 
effect upon the likelihood of delays outlined. Weaknesses within the model are then discussed and areas of 
development are suggested. The report concludes by discussing potential areas of future work and exploring areas 
outside of the maritime industry where the work and findings discussed in this report may be applied.  

                                                           
2 The twenty-foot equivalent unit (TEU) is a unit of cargo capacity used to describe the capacity of container ships. It is based on 
the volume of a standard sized individual 20-foot-long container that can be easily transferred between different modes of 
transportation, such as ships, trains and trucks. 

https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/646188/port-freight-statistics-2016-revised.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/646188/port-freight-statistics-2016-revised.pdf
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2. .ŀŎƪƎǊƻǳƴŘ ǊŜǎŜŀǊŎƘ  
This work is primarily using the AIS and CERS datasets provided by the Maritime and Coastguard Agency (MCA) for 
this study. The latest version of the CERS reporting system and dataset ŀǊŜ ǳǎŜŘ ǘƻ ŦǳƭŦƛƭ a/!Ωǎ ǊŜǇƻǊǘƛƴƎ ƻōƭƛƎŀǘƛƻƴǎ 
under European legislation but, however this rich source of data has not been widely used to support additional 
research. Previously, AIS has been primarily used as an automatic tracking system, widely adopted to identify and 
locate vessels by electronically exchanging data with other nearby ships. In recent years, with the increase in the 
affordability of on-board data acquisition, storage and processing infrastructure and the development of modern 
distributed systems, AIS data has been used as a valid source of important information about vessel movement 
around the world. As Cabrera and others (2015) describes, AIS has often been used in the industry for numerous 
different types of applications like real-time statistics on ship traffic and congestion, operational management at 
ports, sustainable solutions on goods transport, route optimisation and many more. More specifically, there is a lot 
of work around the use of statistical methodologies on large numbers of trip trajectories to obtain motion patterns 
and route definitions around the globe. Real-time and historical AIS data can be used to forecast trajectories based 
on historical routes and allow for anomaly detection, collision prediction and route planning. 
 
Anomaly detection 
Real-time anomaly detection can identify potential security and navigation hazards and therefore is a useful feature 
not only for an on-board intelligent navigation system like AIS but also for the port authorities. It is based on creating 
motion patterns from historical data and using them to identify cases that deviate significantly. The normal ship 
motion is usually predictable as it follows a pattern, but the irregular movement characteristics of a ship are less 
predictable and a bigger challenge to identify. These vessels increase the risk of accidents or collisions in busy areas 
like ports and traffic lanes.  
 
The anomalies in ship behaviour can be grouped in three main categories: position, speed and time. Different 
algorithms can detect different types of anomalies and Tu and others (2016) categorises the anomaly detection 
algorithms in two categories based on the learning characteristics of the models: geographical model-based and 
parametrical model-based methods. Geographical model-based methods are area specific models that are trained on 
local traffic data and are superimposed on a geographical map of the locale to detect anomalies. The following are 
examples of geographical model-based methods: 

¶ Normalcy box described by Rhodes and others (2005) 

¶ fuzzy ARTMAP described by Bomberger and others (2006) 

¶ Holst model explained by Holst and Ekman (2003) and Laxhammar (2008) 

¶ potential field method mentioned in Osekowska and others (2013)  
 

Parametrical model-based methods are based on the development of parametric models of normalcy that are 
independent of training region maps. Some examples are: 

¶ Trajectory Cluster Modelling (TCM) applied by Kraiman and others (2002) 

¶ Gaussian Processes (GP) explained by Rasmussen (2006) 

¶ Bayesian Networks (BN) used by Johansson and Falkman (2007) 

¶ Support Vector Machines (SVM) applied in Handayani and others (2013) 
 

Route estimation 
Route estimation involves the development of models that can capture the motion characteristics of a moving vessel 
and accurately estimate the position and path of the vessel from that model. This information can be then used as an 
indicator ƻŦ ǇƻǎǎƛōƭŜ ŘŜƭŀȅǎ ƛƴ ǘƘŜ ǎƘƛǇΩǎ ŀǊǊƛǾŀƭ ǘƛƳŜǎ ƻǊ predictor variable in prediction models to forecast actual 
arrival delays. In general, the methods used to define the trajectory of a ship can be categorised in three main classes: 
physical model-based methods, learning model-based methods and hybrid model-based methods. In the physical 
model-based methods the motion characteristics of the vessels are calculated by using physical laws and 
mathematical equations that represent all possible factors that can influence the movement of the vessel. The 
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curvilinear model described by Best and Norton (1997) is a common general motion model that covers linear, circular 
and parabolic motion. The ship model proposed by Pershitz (1973) and Li and Jilkov (2003) is a dynamic model that 
considers the physical characteristics of the vessel and can describe and predict its motion.  
 
In the learning based-ƳƻŘŜƭ ƳŜǘƘƻŘǎΣ ǘƘŜ ǎƘƛǇΩǎ Ƴƻǘƛƻƴ ƛǎ ƳƻŘŜƭƭŜŘ ōȅ ŀ ƭŜŀǊƴƛƴƎ ƳƻŘŜƭ ǘƘŀǘ ƛǎ ǘǊŀƛƴŜŘ ǳǎƛƴƎ ƘƛǎǘƻǊƛŎŀƭ 
data, in this case AIS historical location points and movement characteristics. ¢ƘŜ ǎƘƛǇΩǎ ƳŀƴƻŜǳǾǊƛƴƎ ǎȅǎǘŜƳ ƛǎ ōŜƛƴƎ 
ǘǊŜŀǘŜŘ ŀǎ ŀƴ ŜƴǘƛǊŜ ǎȅǎǘŜƳ ŀƴŘ ǘƘŜ ƳƻŘŜƭ ƛǎ ōŜƛƴƎ ǘǊŀƛƴŜŘ ǘƻ ƳƛƳƛŎ ǘƘŜ ǎȅǎǘŜƳΩǎ ŦǳƴŎǘƛƻƴ ǳǎƛƴƎ ǘƘŜ ƘƛǎǘƻǊƛŎŀƭ Řŀǘŀ. 
Neural networks presented in Haykin (2004), can fit complex functions and perform regression, making them the 
most common such models. They have been studied extensively throughout the years, they offer a stable and good 
performance, but their training process can take significant periods of time. Gaussian processes, as mentioned before 
for anomaly detection, are also very powerful on predicting the trajectory of a vessel. Extended Kalman filtering, as 
described by Hamilton (1994) and Grewal (2011), is a recursive estimator that consists of the prediction and update 
phases. Finally, Minor Principal Component Analysis has proven to be an accurate route estimation algorithm, as 
described by Bartelmaos and others (2005) and Peng and Yi (2006). It is a similar method to the Principal Component 
Analysis (PCA), simple to implement but might have limited ability to model nonlinear behaviour.  
 
The hybrid model-based methods for estimating the trajectory of a vessel are combinations of physical and learning 
model-based methods to achieve better performance. An example of this is the combination of a curvilinear model 
to describe the common ship movement patterns and used as the motion model in the extended Kalman filtering, as 
described in Tu and others (2016). Another example is the combination of two different learning algorithms to achieve 
ŜǾŜƴ ƳƻǊŜ ŀŎŎǳǊŀǘŜ ŜǎǘƛƳŀǘƛƻƴ ƻŦ ǘƘŜ ǊƻǳǘŜΣ ƻƴŜ ǘƻ ƭŜŀǊƴ ǘƘŜ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ ƻŦ ǘƘŜ ǎƘƛǇΩǎ ƳƻǾŜƳŜƴǘ ŀƴŘ ǘƘŜ ƻǘƘŜǊ 
to optimise the overall model performance. Such examples can include the combination of least square support 
vector machine (LS-SVM) and particle swarm optimisation (PSO) described by Zhou and Shi (2010), the combination 
of Kalman filtering and neural networks described by Guo and others (2009) and Stateczny and others (2011) and the 
combination of neural networks and genetic optimisation described by Khan and others 2005. 
 
Path planning 
In cases where high risk of collision is detected or alternative routes need to be found by the ship navigators, AIS can 
be used to provide the necessary information. Path planning is the process of finding a new safer route with the 
minimum cost with respect to time, distance, changes to the route and delays. In the past experienced navigators did 
this, but nowadays intelligent path-planning algorithms can take into consideration many factors and provide optimal 
alternative routes, as described by Cummings and others (2010). There are several path planning methods in the 
literature, like the shortest graph path method, evolutionary algorithm method and evolutionary set method, as 
described by Hornauer and others (2015), Lazarowska (2014) and Szlapczynska (2013). 
 
The work around vessel behavioural segmentation presented later in this report is directly related to anomaly 
detection and route estimation, and might prove useful in enhancing the performance of some of the techniques 
described in this section. .ȅ ŘŜǘŜŎǘƛƴƎ ǳƴŜȄǇŜŎǘŜŘ ŎƘŀƴƎŜǇƻƛƴǘǎ ƛƴ ǘƘŜ ǎƘƛǇΩǎ ōŜƘŀǾƛƻǳǊ ǎŜƎƳŜƴǘŀǘƛƻƴΣ ƻƴŜ Ŏŀƴ 
identify anomalies in the position, speed or time ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ ƻŦ ǘƘŜ ǎƘƛǇΩǎ ǾƻȅŀƎŜ ŀƴŘ ŦŜŜŘ ǘƘŜǎŜ ǘƻ ǘƘŜ ŀƴƻƳŀƭȅ 
detection algorithms. Also, by analysing the historical behavioural segmentations of a specific ship or ships that travel 
through popular shipping lanes, new features can be engineered and used to estimate the future path of a ship. 
Finally, the study around delays prediction based on the motion behaviour of the vessels and other external 
parameters like weather can be linked to path planning and provide a more accurate target field for the planning 
algorithms. By accurately defining arrival delays and managing to detect them in a timely manner and quantify them, 
more efficient route planning might be achieved and delays avoided.  
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3. 5ŀǘŀ ŜȄǇƭƻǊŀǘƛƻƴ 
The data used in this project was provided by the Maritime and Coastguard Agency (MCA) who authorised access to 
the CERS platform and provided an extract of AIS data covering UK waters for land-based AIS transmitters. These data 
sources are discussed in the following subsections. 

3.1. Consolidated European Reporting System (CERS) 
The Consolidated European Reporting System (CERS) was originally created in 2006 to ensure the UK met its reporting 
obligations under European legislation. It is used by masters, shipping agents and port authorities to provide 
mandatory reportable information when a vessel arrives at a port in the UK. It captures ship arrival and departure 
notifications, dangerous or polluting goods notifications and notifications of port waste and bulk carrier 
infringements, for all the ports within UK waters. The information stored within CERS is forwarded onto SafeSeaNet 
(SSN), the central European data collection system in accordance with the EU Vessel Traffic Monitoring and 
Information System Directive (2002/59/EC) 
 
A CERS report must be made at least 24 hours in advance of arrival or departure by the following: 

¶ all ships of 300 gross tonnage and above 

¶ all recreational craft of 45 metres length and over 

¶ all ships regardless of size, when carrying dangerous or polluting goods, either departing from or bound to a UK 
port 

 
The CERS system is not a dataset, but rather a tool that can be used to create records of voyages using a Windows-
based user interface. Once complete and verified, records are passed in XML format to SSN. The MCA has more 
information relating to the CERS system. 
 
The user interface consists of the following three sections. 

¶ Port level information (one row per port), fields include: 
o port identifier and name 
o port address 
o port authority 
o port size 
o number of voyages 

 

¶ Vessel level information (one row per ship), fields include:  
o Maritime Mobile Service Identity (MMSI), the unique ship identifier 
o name 
o callsign 
o gross tonnage 
o certification details 

 

¶ Voyage level information (one row per ship, per voyage), fields include: 
o Maritime Mobile Service Identity (MMSI), the unique ship identifier 
o current, previous  and next port of call 
o actual, estimated time of arrival and departure at current port 
o inbound and outbound hazardous material flags 

 
All historical records can be downloaded for offline processing. Additional information including detailed waste and 
hazmat manifests was extracted (with permission) by creating an automated process to directly retrieve data from 
the relevant dialog screens within CERS. 

https://www.gov.uk/government/publications/the-cers-workbook
https://www.gov.uk/government/publications/the-cers-workbook
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3.2. CERS exploratory analysis 
An extract of CERS data covering the 2017 calendar year was taken. This contained information relating to 120,000 
voyages into and out of 172 UK ports. A high-level analysis of this data gives several headline insights relating to the 
operation, utilisation and relationships between ports in the UK at a macro level. 
 

 
Figure 1: Average number of visits (call to port) per day 

Orkney Islands (530), Gills Bay (209.4) and Penzance (207) omitted for clarity 
 
Port loading  
Port loading can be explored by plotting the average number of visits per day (Figure 1) and the average vessel size 
per visit (Figure 2). Here it can be seen that there are a handful of ports that receive very large volumes of visits per 
day. The Orkney and Gills Bay ports are major links in the oil and gas network and are also linked by frequently running 
ferries. The large number of daily visits to both Portsmouth and Southampton ports reflect their status amongst the 
largest passenger ports in the UK; this is further reflected in the relatively low average vessel size per visit. Surprisingly 
Felixstowe, the largest freight container port in the UK, has a comparatively low number of daily visits. 
 
Turning to the average vessel size per visit (Figure 2). The first fours ports (Shetland, Hound Point, Tetney and Orkney) 
are all ports that predominantly serve the gas and petrochemical industries and are therefore most likely to be visited 
by the very large super tankers. Of the non-petrol chemical related ports, Felixstowe receives the largest ships by 
gross tonnage. 
  

 
Figure 2: Average vessel size per visit (tonnes) 
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Focusing on Felixstowe3, arrivals of ships into port broken down by month, day and time of the day are shown (Figure 
3 to Figure 5). The figures are expressed as indices relative to the expected average for that time window. For instance, 
a daily value of 1.2 indicates arrivals that are 20% higher than the expected daily average. The indices for monthly 
arrivals are very small and caution must be exercised; however, they suggest there may be a small seasonal trend 
with fewer than expected ships docking at Felixstowe over the winter months (September to February) and larger 
volumes over the summer months (May to August). Turning to the daily breakdown, arrivals into port are lower over 
the weekend and higher during the working week. One exception to this is Monday where arrivals are almost 20% 
lower than the expected daily average. A stronger message can be seen when arrivals are broken down by time of 
the day; here Felixstowe has at least 20% fewer than average arrivals between early morning and lunchtime hours 
(0400 to 1300), with the quietest period generally being between 0800-0900 where arrivals are over 40% less than 
expected. Afternoons and evenings (1300-2200) are generally much busier with arrivals being up to 30% more than 
average. 

  
Figure 3: Monthly arrivals at Felixstowe 

Figures are expressed as an index relative to the 
monthly average 

Figure 4: Daily arrivals at Felixstowe 
Figures are expressed as an index relative to 

the daily average 
 

 
Figure 5: Arrivals at Felixstowe throughout the day 

Figures are expressed as an index relative to the average for that time window 

                                                           
3 The charts may be recreated for any port within CERS, however this section focuses on the port of Felixstowe reflecting its status 
as the predominant container port in the UK 
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Shipping movements and port links 
The relationship between shipping movements for the ports of Belfast, Felixstowe and Milford Haven are shown below 
(Figure 6 to  
 
Figure 8). These show common port links for outbound journeys (as a percentage of total voyages). All three ports serve 
very different geographic regions. The ships leaving the port of Belfast predominantly sail to destinations within UK 
waters, with 60% of ships sailing to the ports of Loch Ryan, Birkenhead and Heysham. Ships leaving the port of Felixstowe 
generally travel to ports within the continental mainland with nearly 70% terminating at the ports of Rotterdam, 
Antwerp, Hamburg, Bremerhaven and Amsterdam. Milford Haven almost exclusively serves international destinations, 
with 88% of ships sailing to unspecified international ports, New York and Ras Laffan in Qatar.  
 

 
 
 
 
 
 

Loch Ryan 35% 
Birkenhead 15% 
Heysham 10% 

Unknow Int. 6% 
Greenock 2% 

 
 
 
 
 

Figure 6: Port of Belfast. National port links 
(percentages give proportion of voyages from Belfast terminating at each port) 

 
 

 
 
 
 
 

Rotterdam 51% 
Antwerp 10% 
Hamburg 8% 

Bremerhaven 5% 
Amsterdam 4% 

 
 
 
 
 
 

Figure 7: Port of Felixstowe. Mainland continental port links 
(percentages give proportion of voyages from Felixstowe terminating at each port) 
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Figure 8: Port of Milford Haven. International port links 
 (percentages give proportion of voyages from Milford Haven terminating at each port) 

 
Further insight relating to the operational links between ports may be explored by applying network analysis. 
 
 
Network analysis 
Applying network analysis to the outbound and inbound voyages at ports allows for visualisation of the most 
important routes for Great Britain. Figure 9 shows the voyages from Great Britain to countries within 3,500km, 
highlighting the Netherlands, Belgium and Germany as the most important neighbours. Figure 10 shows the voyages 
to Great Britain from countries within 3,500km, also highlighting the Netherlands, Belgium and Germany as the most 
important neighbours plus Spain. For all inbound and outbound voyages, 37% are between ports within Great Britain, 
with 19% between Great Britain and the Netherlands, 8% between Belgium and Great Britain and 7% between 
Germany and Great Britain. 
 

                                                           
4 Unknown Int. is a catch all destination classification that relates to all unknown or unspecified international ports 
 

Unknown Int4. 86% 
Rotterdam 4% 
New York 1% 
Ras Laffan 1% 
Moerdijk 1% 
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Figure 9: Voyages from Great Britain to countries within 3,500km 

 

 
Figure 10: Voyages to Great Britain from countries within 3,500km 

 

More than 1,000 voyages from Great Britain 

More than 500 voyages from Great Britain 

More than 10 voyages from Great Britain 

More than 1,000 voyages to Great Britain 

More than 500 voyages to Great Britain 

More than 10 voyages to Great Britain 
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Focusing on Felixstowe emphasises the importance of Felixstowe as a port to Great Britain, with FelixstƻǿŜΩǎ Ƴƻǎǘ 
important neighbours aligning with those for Great Britain. Of all Felixstowe voyages, 25% are between Felixstowe 
and the Netherlands, 17% between Germany and Felixstowe and 10% between Belgium and Felixstowe. 
 

 
Figure 11: Voyages from countries within 3,500km in and out of Felixstowe 

 
 

Hazardous materials 
The movement of hazardous materials (hazmat) within UK ports is of particular interest. There are two fields within 
the CERS database that specify whether a ship enters and leaves a port carrying hazardous materials. These data were 
used to identify ports where a large proportion of ships either load or unload all or some of their hazmat cargo. In 
most cases, there are no significant differences between the proportions of ships entering and leaving a port carrying 
hazmat. However, in a few cases a difference is noted. Figure 12 shows that in Belfast 28% of ships enter port carrying 
hazmat and 48% leave carrying it, for Holyhead these figures are 25% and 80% respectively, which suggests that both 
ports send hazmat to other ports. Conversely, 37% of ships entering the port of Hull carry hazmat whilst only 31% 
leave Hull carrying it, suggesting that Hull accepts hazmat from other ports. 
 
 

More than 300 voyages in and out of Felixstowe 

More than 100 voyages in and out of Felixstowe 

More than 10 voyages in and out of Felixstowe 
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Figure 12: Moment of hazardous material in and out of port 

 
Exploring these differences further, CERS data can be used to understand where the hazmat leaving Belfast and 
Holyhead goes to and where the hazmat unloaded at Hull comes from. In the case of Belfast (see Figure 13) the 
majority travels to Birkenhead, Heysham and Loch Ryan ports. In the case of Holyhead, almost all travels to the ports 
of Dublin (see Figure 14). Turning to imported hazardous material and the port of Hull: large proportions are imported 
from ports outside the UK, specifically Rotterdam, Antwerp, Oxelösund in Sweden and Luanda in Angola (see Figure 
15). 
 

  

Figure 13: Destination of hazardous material loaded at 
Belfast as a percentage of all voyages 

Figure 14: Destination of hazardous material loaded at 
Holyhead as a percentage of all voyages 
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Figure 15: Source of hazardous material unloaded at Hull as a percentage of all voyages 

 
 
Delays 
Delays resulting from the late arrival of ships at port can have a significant operational and economic impact. Figure 
16 gives the distribution of all arrival delays5 within UK ports. As expected, delays are broadly normally distributed 
with the median value being located around zero. Just over 43% of ships are subjected to a delay, with 24% of all 
ships being delayed by an hour or more. This proportion drops to 17%, 12%, 8% and 6% for delays of two, three, four 
and five hours respectively.  

 
Figure 16: Distribution of arrival delay (measured in hours) for all ports 

A positive value indicates a delay, whilst a negative value indicates early arrival  
 
 

                                                           
5 CƻǊ ŀ Ŧǳƭƭ ŘŜŦƛƴƛǘƛƻƴ ƻŦ ŘŜƭŀȅǎ ǎŜŜ ǘƘŜ ΨtǊŜŘƛŎǘƛƴƎ ŘŜƭŀȅǎΩ ǎŜŎǘƛƻƴ ƻŦ ǘƘƛǎ ǊŜǇƻǊǘΦ 
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When the distribution of arrival delays is plotted for each day (Figure 17) the distribution changes little, suggesting 
that arrival delay is independent of the day of arrival. However, the charts suggest that an effect is evident when 
broken down by time of the day (Figure 18) and more notably seasonality (Figure 19). In the former example fewer 
ships are delayed at night time and in the early hours of the day whilst more ships are delayed during the start of the 
working day. In the latter case, fewer ships are delayed in the spring and summer seasons. 
 

 
 

Figure 17: Distribution of arrival delay (measured in hours) for all ports, broken down by day of arrival 
A positive value indicates a delay, whilst a negative value indicates early arrival 

 

  
 

Figure 18: Distribution of arrival delay (measured in hours) for all ports, broken down by time of arrival 
A positive value indicates a delay, whilst a negative value indicates early arrival  






























































