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Executive smmary

The maritime freight industry is of critical importance to the economic output ofUlewith almost half avillion
tonnes of freight being handled by UK ports in 20Mige Freight Transportation Association estimate that delays on
both side of the Channel cost the UK logistics industry £750,000%aAkthe demands upon shipping freight are
likely to increae in the future, a more indepth understanding of the UK maritime shipping industry becomes
increasingly morémportant.

This report outlineshe work undertaken by the Data Science Campus to exhereperation, usend relationships
between ports inhe UK at a macro level and the behaviour and operational charatitarbf ships at a micro level,
specifically

9 national and international relationships

1 traffic at ports and related factors

9 inbound delays

9 capacity utilisation

Two sources of data arnetilised

1 Automatic Identification SysterfflS. AIS data records the position, speed, heading, bearing and rate of turn for
each shipat frequent time intervalshroughout its voyage

1 Consolidated European Reporting Syst&BRBSCERS data is collectetdaahigher 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 procesgiifg datasproposed A means by which AlS and CERS data can be merged
is presentedallowing a more comprehensive analysis to be undertaken when compared with exploring each datase
in isolation.Exploratoryanalysisof both datasets uncovers several insights for ships using the largest UKapoirt
Felixstowe irparticular. These insights inde:

9 port traffic and utilisation

1 shipping movements

9 port network analysis

1 movement of hazardous materials

1 delays at port

A novel unsupervised machine learning approasimg Kmeans clusterings applied to AlS data aggregated over a
time-basedwindow. This is used to classify theehaviourof a shipinto one of sixunique groupsat every point
throughout its voyage. Theselassificatios give a moremeaningful and interpretable representatioof ship
behaviour and intention over time when compared with raw positional AlS data.

This classification along with a series of additional-At® related featureare used to explore the feasibility of using
supernised machine learning techniqués predict the likelihoodhat a shipwill be delayed arriving at porRandom
Forests, AdaBoost, GradieBbostingand XGBoost algorithsrare applied to shipping datakenfrom in andaround
the port of Felixstowe Resulis are promisingwith the XGBoost algithm being able to correctly identify a ship delay
in nearly 70% of test cases.

These initial results suggest thedditionalfocus should be placed darther development of both the classification
and delays model# means by which tteepredictionscan be used to explore, simulate and optirmise operational
efficiencyports throughout the UK ialso discussed he report concludes hgiscussing how the tools and technique
usedin the project maybe applied to a broader set of applicatiolygg ouside of the maritime field

1 https://fta.co.uk/pressreleases/201507 24ort-delayscostfreight-industry-750000a-day-saysfta



https://fta.co.uk/press-releases/20150724-port-delays-cost-freight-industry-750000-a-day-says-fta
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1.LYGNRRdAzOU A 2Y

The maritime freight industry is of critical importance to the economic output olikdn 2016 484 milliontonnes

of freight were handled by UK ports with 30million tonnes being importednd 181 tonnes exporteUK Port Fright
Statistics 2016, Department for Transpo@®fthe 120 commercial portsinthe 3K pm | NB Of | A& A FA ¢
handling over one million tonnes annually aaichost 98% of the total imported and exportégight. The European
Union receives 66%f all UK outbound traffic with 16%eing transportedo the Asiancontinent, of which China
accounted for 6%.iquid bulk such as Liquifiééhtural Gas (LNG), crude oil and other-bdsedproducts constituted

40% of all handled freight with dry bulk $uas coal, ores and agricultural products making up another R020.16,

10.2 million TEUf containerbased traffiqpassed through UKdajor ports.

It is therefore unsurprising that in recent years tamount of workthat hasfocused on this area hamcreased
dramatically This report adds to this knowledge base by detailireywork undertakerby the Data Science Campus
(Campusp at the Office for National Statiss (ONS). The DSC explotieel operation, utilisation and relationships
between ports inthe UK at a macro level and the behaviour and operational characteristics of ships at a migro level
specifically

national and international relationships
traffic at ports and related factors
inbound delays

capacity utilisation

=A =4 =4 =4

This was done bynderstandng and analysingnajor UK port operation and utilisation using available ship geolocated
big data and port itinerary repostprovided by the Maritime and Coastguard Agency (MdWs report begins by
reviewing the latest research in the applice of AIS data witlm these research areaSection threeexplores the
data sources used throhgthe project, specifically CERS and. Ba issues encountered during the project are
discussedand addressed withhigh-level actionable insights being drawn from both data sourcesThe report
continuesin sectionfour by proposing an unsupervised learning approtichlassify the behaviour of a ship into one
of sixsegments, allowing the user &xplorethe behaviour of a ship at a more meaningful arglghtful level Section

five presents aupervisednachinelearning technique thapredicts the likelihoodhat a ship will be delayedrriving

at its destination these predictions can be used to predict port loading at a point in time and can suppsesiant
operational port planningModel performance is exploredhe mostsignificant model featuresientified and their
effect upon the likelihood of delays outlineflVeaknesss within the model are then discussed arsdeas of
development are suggeste@he 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) isumit of cargo capacity used to describe the capacity of containigisdt is based on
the volume of astandard sized individu&lO-foot-long containerthat can be easily transferred between different modes of
transportation, suchas ships, trains and toks.


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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This work is primarily using the AIS and C#dR&sets provided bthe Maritime and Coastguard Agendy @A for

this study. Thdatestversion of theCERS reporting system amiatasetr NB dza SR G2 FdzZ FAE{ al/ !
under European legislation butpwever this rich source of data hastrbeen widely used to support additional
research Previously AlShas been primarily used as an automatic tracking system, widely adopted to identify and
locate vessels by electronicalixchanging data with other nearby ships recent years, with théncrease in the
affordability of onboard 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 moveme
around the world As Cabrera and other@015 describes, AIS has often been used in the industry for numerous
different types of applications like retime statistics on ship traffic and congestion, operational management at
ports, sustainable solutions on goods transpootite optimisation and many moréviore specifically, there is a lot

of work around the use of statistical methodologies on large numbétrip trajectories to obtain motion patterns

and route definitions around the glob&ealtime and historical AlS tkacan be used to forecast trajectories based

on historical routes and allow for anomaly detection, collision prediciot route planning.

Anomaly detection

Reaitime anomaly detection can identify potential security and navigation hazards and theiefareseful feature

not only for an orboard intelligent navigation system like AIS but also for the port authorltiesbased on creating
motion patterns from historical data and iag them to identify cases that deviate significantlyhe normal sl
motion is usually predictable as it follows a pattern, but the irregular movement characteristics of a ship are les
predictable and a bigger challenge to identiffiese vessels increase the risk of accidents or collisions in busy areas
like ports andraffic lanes

The anomalies in ship behaviour can be grouped in three main categories: position, speed anDiffienent
algorithmscan detectdifferent types of anomats and Tuand others(2016) categorise the anomaly detection
algorithms in two cteegories based on the learning characteristicstad models: geographical modbased and
parametrical modebased methodsGeographical moddbased methods are area specific models that are trained on
local traffic data and are superimposed on a geogiegdhmap of the locale to detect anoned The following are
examples of geographical moelehsed methods:

1 Normaty box described by Rhodes and oth@@05

1 fuzzy ARMAP described by Bomberger and othé606)

9 Holst model explained by Holst aittman (R03) and Laxhammar (2008)

1 potential field mehod mentioned in Osekowska and oth€?913)

Parametrical modebased methods are based on the development of parametric models of normalcy that are
independent of training region mapSome examples are:

9 Trajectory Cluster Modelln(TCM) applied by Kraiman and oth¢802)

1 Gaussian ProcessdsR) explained by Rasmussen (2006)

1 Bayesian Networks (BN) useddmhansson and Falkman (2007)

1 Support Vector Maching§VM) applied in Handayani and othé813)

Route estimation

Route estimation involves the development of models that can capture the motion characteristics of a moving vesst
and accurately estimate the position and path of the vessel from that mdtiginformationcan be then usg as an
indicabr2 ¥ Ll2aaAroftS RSt &a NsedictorkvariableKniptelficiion mdtNSt@fbrécastiaktyal &
arrival delaysln general, the methods used to define the trajectory of a ship can be categorised in three main classes
physical modebased nethods, learning moddbased methods and hybrid modeased methodsin the physical
modelbased methods the motion characteristics of the vessels are calculated by using physical laws an
mathematical equations that represent all possible factors that icdluence the movement of the vessélhe



curvilinear model described by Best and Nor{®897) is a common general motion model that covers linear, circular
and parabolic motionThe ship model proposed by PersHi®73 and Li and Jilkof2003) is a dynamic model that
considerghe physical characteristics of the vessel and can describe and predict its motion

Inthe learningbased 2 RSt YSGK2R&axX (KS aKALIQA Y2GA2y Aa Y2RSftf
data, in this case AlSstorical location points and movement characteristicsK S 4 KA LJIQ& Y I y 2 S dz@NJ
GNBFGSR a 'y SyGANB aeadaSy yR (GKS Y2RSt Aa o0SAy13
Neural networks presented in Haykig004), can fit complex functions and perform regression, making them the
most common such model¥hey have been studied extensively throughout the years, they offer a stable and good
performance, but their training process can take signifigeeriods of time Gaussian processes, as mentioned before
for anomaly detection, are also very powerful on predicting the trajectory of a vdssteinded Kalman filtering, as
described by Hamiltoil994) and Grewal2011), is a recursive estimator that consists of the potidn and update
phases Finally, Minor Principal Component Analysis has proven to be an accurate route estimation algasithm,
described by Bartelmaos and oth2005 and Peng and Y2006). It is a similar method to the Principal Component
AnalysigPCA), simple to implement but might have limited ability to model nonlinear behaviour

The hybrid modebased methods for estimating the trajectory of a vessel are combinations of physical and learning
modetbased methods to achieve better performanée example of tisis the combination of a curvilinear model

to describe the common ship movement patterns anddias the motion model in the extended Kalmatefiing, as
described in Tu and othef2016). Another example is the combination of two difégrt learning algorithms to achieve
SPSYy Y2NB | OO0dzaN»Y 6S SadAYFdA2y 2F (GKS NRdziSz 2yS G2
to optimise the overall model performanc&uch examples can include the combination of least square suppor
vector machine (L-SVM) and particle swarm optimisation (PSO) described by Zhou a(@D$8i the combination

of Kalman filtering and neuraktworks described by Guo and oth€P909 and Stateczny and othef2011) and the
combination of neural netwdks and genetic optiisation described by Khan and oth@@05.

Path danning

In casesvhere high riskof collisionis detected omlternative routes need to be found by the shiavigators AlScan

be used toprovide the necessary informatiofPath planing is the process of finding a new safer route with the
minimum cost with respect to time, distance, changes to the route and ddlayse past experienced navigators did
this, but nowadays intelligent patplanning algorithms can take into consideratimanyfactors and provide optimal
alternative routes, as described by Cummiragsl others(2010. There are several path planning methods in the
literature, like the shortest graph path method, evolutionargaithm method and evolutionary set methpés
described byHornauerand others 2015, Lazarowsk#2014) and SzlapczynskKa013).

The work around vessel behavioural segmentation presented later in this report is directly relatewrmly
detection androute estimation and might prove useful irenhancingthe performance of some of the thniques
described in this section. @ RSGSOGAY 3 dzy SELISOGSR OKIyaSLRAyGa Ay
identify anomalies in th@osition, speedrtime OKF NI OG0 SNRA&aGAO0a 2F (KS &AKALIQa ¢
detection algorithms. Also, by analysing the historical behavioural segmentations of a specific ship or ships that trav
through popular shipping lanesgew features can be engineered angdedto estimate the future path of a ship.
Finally, the study around delays prediction based on the motion behaviour of the vessels and other externe
parameters like weather can be linked to path planning and provide a more accurate target field fdartinéng
algorithms.By accurately defining arrival delays and managing to detect thertimely mannerand quantify them,

more efficient route planning might be achievadd delaysavoided.



3.5 GBLIXS2 NI GA2Y

The data used in this project was providedthy Maritime and Coastguard Agency (MCA) veluthorisedaccess to
the CER$latform andprovidedan extract ofAlSdata covering UK waters for lafidised AlS transmitterhesedata
sources are discussed in the followirsmbsections.

3.1.Consolidatedeuropean Reporting Systai@ERS)

The Consolidated European Reporting System (@R 9Yiginally created in 20@6 ensure the UK met its reporting
obligations underEuropean legislatianlt is used by masters, shipping agents and port authorities to igeov
mandatory reportable information when a vessel arrives at a port in theltitaptures ship arrival and departure
notifications, dangerous or polluting goods notifications and notifications of port waste and bulk carrier
infringements, for althe ports within UK watersThe information stored within CERSaeswarded onto SafeSeaNet
(SSN) the central European data collection systam accordance with the EU Vessel Traffic Monitoring and
Information System Directive (2002/59/EC

A CER&=port must bemade at least 24 hours in adnce of arrival or departure tihe following

9 all ships of 300 gross tonnage and above

9 all recreational craft of 45 metres length and over

9 all ships regardless of size, when carrying dangerous or polluting goods, asfbemting from or bound to a UK
port

The CERS systaéamnot a dataset but rather atool that canbe used tocreate records of voyages using\dndows
based user interfaceOnce complete and verified, recardarepassed in XML format to SSfe MCA hasore
information relating to the CERS system

The user interface consists of the following three sections
1 Port level information(one row per port) fields include:
0 port identifier and name
0 port address
0 port authority
0 port size
0 number of voyages
1 Vessel level information (one row per shifi¢lds include:
0 Maritime Mobile Service Identity (MMSI), thenigue ship identifier
0 name
o callsign
0 gross tonnage
o certification details
1 Voyagdevel information(one row per ship, per voyagejelds include
0 Maritime Mobile Service Identity (MMSKEhe unique ship identifier
0 current,previous anchext port of call
0 actual,estimated time of arrival andeparture at current port
0 inbound andoutbound hazardous material flags

All historical recads can be downloaded for offline processiAgditional informationincludingdetailed waste and
hazmat manifestsvasextracted(with permissionpy creatingan automated process to directly retrieve ddtam
the relevant dialog screens within CERS


https://www.gov.uk/government/publications/the-cers-workbook
https://www.gov.uk/government/publications/the-cers-workbook

3.2. CER$&xploratory analysis

An extract of CERS data covering the 2017 calendar year was taken. This contained information relating to 120,C
voyages into and out of 172 UK ports. A Higlel analysis of this data gives sevédrahdlineinsights relating tahe
operation, utilisation and relationships between ports in the UK at a macro level
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Figurel: Average number of visi{gall to port)per day
Orkney Islands (530), Gills Bay (209.4) and Penzance (207) omitted for clarity

Port loading

Port loading can be elxmred by plotting the average number of visits per diigQrel) and the average vessel size

per visit Figure2). Here it can be seen that there are a handful of ports that receive very large volumes gfarisits
day. The Orkney and GillayBports 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. Surprisin
Felixstowe, the largedreight container port in the UK, has a comparatively low number of daily visits.

Turning to the average vessel size per visgfre2). The firg fours ports (Shetland, Hounadmt, Tetney and Orkney)
areall ports thatpredominantlyserve the gas and petrochemidgadiustries and are therefore nsb likely to be visited

by thevery large super tankers. Of the ngpetrol chemical related ports, Felixstoweceivesthe largest ships by
gross tonnage.
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Figure2: Average vessel size per visit (tonnes)



Focusing on Felixsto®errivalsof ships intgport broken down bymonth, day and time of the dagre shown Figure

3to Figureb). The figuresire expressed as indicesative to the expected average ftrat time window. Forinstance,
adailyvalue d 1.2 indicates arrivals that a20% higher than thexpecteddaily averageThe indices for monthly
arrivals are very small and caution must be exedsib®wever, they suggest there may be a small seasonal trend
with fewer thanexpected ships docking at Felixstowe over the winter months (September to February) and large!
volumes over the summer months (May to Augu$rning to the daily breakdown, arrivals into port are lower over
the weekend andigher during the working weeldne exception to this is Monday where arrivals are almost 20%
lower than the expected daily averagk.stronger messagean be seen when arrivals are broken down by time of
the day; here Felixstowe has at least Z0fewer than average arrivaietween eary morning and lunchtimé&ours
(0400 to 1300), with the quietest period generally being between 683T0 where arrivals are over 40% less than
expected Afternoons and eveningd3002200)are generallymuch busiemwith arrivals being up to 30% more than
average
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Figure3: Monthly arrivals at Felixstowe
Figures are expressed as an index relative to the
monthly average

Figured4: Daily arrivals at Felixstowe
Figures are expressed as an index relative
the daily average
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Figureb: Arrivals at Felixstowe throughout the day
Figures are expressed as an indebative to the average for that time window

3The charts may be recreated for any port within CERS, however this section focuses on the port of Felixstowe refletisg its s
as the predominant container port in the UK



Shipping movements and port links
Therelationship between shipping movemexfor the ports of Bast, Felixstowe and Milford &ven are shown below

(Figure6 to

Figure8). These shoveommonport links for outbound journey&s a percentage of totabyage$. All three ports serve
very different geographic regionsThe ships leaving the port of Belfast predominantly sail to destinatigthin UK
waters,with 60%of ships sailing to the ports of Loch Ryan, Birkenhead and Heysham. Ships leavingahEglbistowe
generally travel to ports within theontinental mainlandwith nearly 70% terminating at the ports of Rotterdam,
Antwerp, Hamburg, Bremerhaven and Amsterddwiiford Haven almost exclusivegervesinternational destinations,
with 88% ofships sailing to unspecified international ports, New Yanm#tRas Laffia in Qatar.

— Loch Ryan 35%

Jasl Birkenhead 15%
.4 = Heysham 10%
= R ., Unknow Int. 6%
i@ Greenock 2%

Figure6: Port of BelfastNational port links
(percentages givproportion of voyages from Belfast terminating at each port)

— Bt Rotterdam 51%

P — e(é““ Antwerp 10%
Antwerp Ham burg 8%
Bremerhaven 5%

Amsterdam 4%

Figure7: Port of FelixstoweMainland continentaport links
(percentages give proportion @byages from Felixstowe terminating at each port)
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Figure8: Port of Milford Haven.International port links
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(percentages give proportion of voyages from Milford Haven terminating at each port)

Further insight relating to the operational links between partay be explored by applying netwoakalyss.

Network analysis

Applying network analysis to the outbound and inbound voyageports allows for visualisation ofthe most
important routes for Great BritainFigure9 showsthe voyages frontareat Britain to countries within 3,500km,

highlightng the NetherlandsBelgiumand Germanys the most importanheighboursFigure 1&howsthe voyages

to Great Britain from countries within 3,500km, also highlighting the Netherlarddgiumand Germanys the most
important neighbours pluSpain. Foallinbound and outboundoyages37% are between ports withi@reat Britain
with 19% betweenGreat Britain and the Netherlands8% between Belgium andréat Britain and 7% between

Germany and (eat Britain.

4 Unknown Int. is a catch all destination classification that relatedl tanknown or unspecified international ports
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Figure9: Voyages from Great Britain to countries within 3,500km
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FigurelO: Voyages to Great Britain from countries within 3,500km
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Focugng on Felixstowe emphasises the importance of Felixstas a port to Great Britain, with Fel@sg S Q& Y 2
important neighboursaligning withthose forGreat Britan. O all Felixstowevoyages 25%are between Felixstowe
and the Netherlands, 17% between Germany &etixstoweand 10% between Belgium afelixstowe

&inland
oveden
érangemouth
Mg;‘elds
‘Weypo&nmmgnam
. etherlands
rmany
$outhamptan elgium X
$rance
daly
@pain gurkey
#ortugal greece

More than 300 voyages in amdit of Felixstowe

Jlorocco

¢srael
More than 100 voyagein andout of Felixstowe -

More than 10 voyages in aralit of Felixstowe
$aypt

Figurell: Voyages fromauntries within 3,500km in and out of Felixstowe

Hazardous materials

The movement of hazardous materidlsazmat)within UK portss of particular interestThere are two fields within
the CERS database that speuifiether a ship enters and leavagort carrying hazardous matergallhese data were
used to identify ports where a large proportion of ships either load or unloaar abmeof their haznat cargo.In
mostcases, there areo significant differencebetween the proportions of ships entering and leaving a port carrying
hazmat. However, in a few casea difference is notedrigurel2 shows that in Belfast 28% of ships enter port carrying
hazmat and 48% leave carryirig for Holyhead these figures are 25%&80%respectivelywhichsuggestshat both
ports send hazmato other ports.Conversely37% of ships entering the port of Hull carry e whilst only 31%
leaveHull carryingt, suggesting that Hull accepgiazmatfrom other ports.
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Figurel2: Moment of hazardous material in and out of port

Exploring these differences furtheGERS$lata can be used to understand where the imat leaving Belfast and
Holyhead goes to and where themzmatunloaded at Hull comes from. In the eaef Belfast{see Figurel3) the
majority travels to Birkenhead, Meham and Loch Ryan ports. In the case of Halgthalmost altravels to the ports
of Dublin(seeFigurel4). Turningto imported hazardous materiaind the port of Hulltarge proportions arémported
from ports outside the Ukspecifically Rotterdam, Antwer@xel&Gund in Sveden and Luanda in Angola (deigure
15).
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Figurel3: Destination of hazardous material loaded i Figurel4: Destination of hazardous material loaded i
Belfastas a percentage of all voyages Holyheadas a percentage of all voyages
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Figurel5: Source of hazardous material unloaded at ldslb percentage of all voyages

Delays

Delaysresuting from the late arrial of ships at port can havea significanbperational and economic impadtigure

16 gives he distribution of all arrival dela§svithin UK ports. As expectedelays are broadly normally dikouted

with the median value beintpcated around zeralust over 43% of ships arebgected to a delay, with 24% of all
ships being delayed by an hour or moféis proportion drops to 17%, 12%, 8% and 6% for delays of two, three, four
and five hours respectively.
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Figurel6: Distribution of arrival delay (measured inurs) for all ports
A positive value indicates a delay, whilst a negative value indicates early arrival
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When the distribution of aival delayss plotted for each day (Figure }The distribution changes littlesuggesting

that arrival delayis independent othe day of arrival. Howevethe charts suggest thain effect is evident when
broken down bytime of the day Figurel8) and more notably seasonalitiigure 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 th
working dayln the latter casgfewer ships are delayed ithe spring and summer seasons.
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Figure17: 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

Figurel8: Distribution ofarrival delay (measured in hours) for jadirts, broken down by time adrrival
A positive value indicates a delay, whilst a negative value indicates early arrival
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