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Abstract

Al (Artificial Intelligence) is becoming one of the main factors in a successful digital transformation of the
ports. Larger ports are increasingly becoming aware of the value that is presardaily collected
operational data. The ability tweateoperational insigts from vast amounts of data that is collected in the
ports will be one of the main advantages of future pontsterms of energy efficiency, hinterland
multimodal transport needs and befteecastof harmful actions.

This deliverable presents the sedwersion ofhe task of predictive algorithn$4.5) in WP4 due in M24.
The results of the tasks that were identified in detail in BdeJresentedlong with the methodology that
was used to tackle the proposed tasks. The tasks were identifiedbhdkedxisting documentation about
requirements and use cases, as well as based on the review of thetbiasat in literature, existing trends
and examples from the maritime industry, Al expertise and available internal and external data.

9 Prediction of vessel call data from FAL (Convention of Facilitation of Maritime Traffic)
forms and other sourcesin this taskinternal data about vessel cal®utilized to predict vessel
calls and their durations (i.e. turnaround time). General statistichisemand visualizations are
also performedvesselscall data is available in every port as is obtained from FAL fowhsch
are legally required, thus making this task generally applicable to every port at a low cost.

1 Use of AIS (Automatic Identification System) data:AlS data is widely used in the maritime
domain and is becoming extremely useful for data analytics,tasgecially because of its quantity.
In this taskwe visualize and analyse the data around the ports, provide port congestion indicators
out of AIS data and to some extent ETA (Estimated Time of Arrival) prediction for the incoming
ships, as well the pability to detect different events in the port area.

1 Use of satellite imageryObtaining operational insights from remote sensing imagery presents an
emerging field, offering the ports increased situational awareness by giving them the ability to
monitor their port from Space and compare it in a global perspective to understand their unique
differentiators in the global marke. novel approacks presented, thatniquely utilizes AIS data
and satellite imagery data perform ship detection across oparaal satellite imageryof medium
spatial resolution.

1 Analysis and prediction of road traffic conditions with connection to port operations:n this
task hinterland multimodal transport requirements in the Port of Monfalcone, Port of Piraeus and
Port of Thessaloniki are addressed. A common task of gbort traffic volume prediction has
been identified and the results presented. Predictions are correlated with port op¢ogtianide
estimates on the impact that congestions have on them. Differemtahand external road and
maritime traffic data sources were used to develop predictive models.

9 Prediction of renewable energy production:In this task ports are provided with the ability to
estimate the potential of renewable energy production foerdift time resolutions.HE fsk is
focused on the Port of Bordeaux use case, but the developed methods are general and applicable
for any port. Different open data sources are used about the weather and measured photovoltaic
power and different predictiv@odels presented.
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List of acronyms

Acronym Explanation

Al Artificial Intelligence

AIS Automatic Identification System

API Application Programming Interface

ASPM Azienda Speciale per il Porto di Monfalcone
CATIE CATIE Centre Aquitain des Technologies de I'Information et Electroniques
CFAR Constant False Alarm Rate

COLREG | Convention on the International Regulations for Preventing Collisions at Sea
Csv Comma Separated Values

DEBS ACM InternationalConference on Distributed and Evdratsed Systems
DMA Danish Maritime Authority

DOTA Largescale Dataset for Object DeTection in Aerial Images
DPO Data Protection Officer

EAA National Observatory of Athens

EDA Exploratory Data Analysis

EO EarthObservation

ESA European Space Agency

ETA Estimated Time of Arrival

ETD Estimated Time of Departure

FAL Convention of Facilitation of Maritime Traffic
FVG Friuli Venezia Giulia

GClI Gate Congestion Index

GDPR General Data ProtectidRegulation

GPMB Grand port maritime de Bordeaux

GPS Global Positioning System

HMI HumanrMachine Interface

HRSC High-Resolution Ship Collections

IMO International Maritime Organization

INEA Innovation and Networks Executive Agency
INSIEL Insiel SpA

JSON JavaScript Object Notation

KNN k-nearest neighbours algorithm

LDA Linear discriminant analysis

LSTM Long ShoriTerm Memory network

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

ML machine learning

MMSI Maritime Mobile Service Identity

NMEA National Marine Electronics Association

PAS Port Activity Scenario

PCA principal component analysis

PIXSAT PIXEL Satellite Dataset

PPA Piraeus Port Authority S.A.

PVGIS Photovoltaic Geographical Information System
PVI Photovoltaic Installation

R-CNN Regionnbased Convolutional Neural Networks
REST Representational state transfer

RFID Radicfrequency identification

RMSE Root Mean Square Error

ROI Region of Interest
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Acronym Explanation

SAIS Satellitebased AIS

SARIMAX | Seasonabfutoregressive Integrated Movisverage with Exogenous Regressors
SDAG Stazioni doganali autoportuali di Goriziautoporto

SILI Sistema Informativo Logistico Integrato

SQL Structured Query Language

TCP Transmission Control Protocol

UNCTAD | United Nations Conference on Trade and Development
UPV Universitat Politécnica de Valéncia

VHF Very High Frequency

VHR Very-high-resolution

XLAB XLAB d.o.0.
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1.About this document

This document presents the work performed andédbeltsobtained with the development of predictive
algorithms in PIXEL. The main achievement is the implementation of predictive modelgphetbesmall
and mediurrsized ports and can be addressed thightdata that is captured internally by ports, or accessible

as open data to provide ceafticient solutions, that are at the same time scalable to be used also in larger

ports. One of the main drivers behind the definitions of the tasks and their sappleendata that can be

obtained by ports as stakeholders and can be used in the project. Following task definitions, requirements
and stateof-the-art presented in the previous report, this document focuses on a detailed overview of data

sources, methodand obtained results.

1.1.

Deliverable context

Keywords

Lead Editor

Objectives

Objective 5 Develop predictive algorithms

This deliverable provides a selection of predictive algorithms that will be deveiised
the initial results are presented for each section. Main results of objective 5 are
achieved througtthe development of predictive algorithms that have tlo¢eptial of
significantly increasing the efficienéy oneof the following areas:

1. Energy demand:achieved through prediction of renewable energy prediction (se
6).

2. Hinterland multimodal transport needs: achieved as explained in sect®(predcting
vessel calls duration, type and quantity of cargo), se@idpredicting ETA and por|
events), sectiod (ship traffic analytics through remote observation) and sebt{tmaffic
peaks, congestion).

3. The anticipation of environmentally harmful actions: section 3 proposesthe
implementation of a Port Congestion Index that will be used to anticipate peaks in
emissions in ports, ETA (Estimated Time of Arrival) estimation could be used to t
slow steaming and schedule port arrivals. Daaof additional events in the port area ¢
help to prevent accidents involving harmful substances. This can be supported using
sensing solutions proposed in sectihrwhich will help to increase situational awaren
of the ports.

Exploitable
results

The main exploitable result arising from this deliverablthe predictive algorithms an
to some extent, statistical analysis.

Work plan

This deliverable is the result of work performed from M7 to M24 in Task Bredictive
algorithms. Results (software) are being used as input to delivering Operational T
WP6, execution of pilots in WP7 and technical impact assessment in WP8.

Milestones

This deliverable, together with D4.3, is being used as verificatidheoichievement g
MS5 fAPredictive model s/ algorithms est

Deliverables

This deliverable is a final report about the implementation of predictive algorithms d
in D4.3 and it is used as input for D6.4 (integration in PIXEL Operatitwwds), D7.2
(integration activities) and D8.3 (technical evaluation).

Risks

WT5#6 Technical activities are not completed on time, are not aligned with the mai
objective, are not accurate or present a lack of consistency.

This deliverable shows that tedcal activities related to T4.5 have been executed
timely fashion as defined in APl an an
WT5#9 Some processes cannot be modelled as they depend on too many factor
they are overmuch random.

Initial work shows pronsing results, thus minimising the risk of unfeasible models.

1.2.

The rationale behind the structure

This is the final report about results obtained in T4.5 of the PIXEL project. Exxeebe introduction and
conclusion, each section describes a specific subtask related to PIXEL data afdlgBessections are
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organisedin an introductory part summarising the problem statement, followed by the description of
prediction and analytics deloped for PIXEL use cases and scenarios, and, finally, the presentation of
obtained results.

Appendix 1 lists data sources that have been used for data analytics in PIXEL. For each data source, a list
of fields has been provided: Dataset name, Data SdDeseription, Usage in PIXEL, Algorithms, Sharing
of results, License and terms of use, Comments, DPO (Data Protection Officer) assessment.

Finally, Appendix 2, provides links source code and reports thatnanéegral part of this deliverable.

1.3. Version-specific notes

This is the final deliverable in a series of two.

Relation of the work performed in Task 4.Bredictive algorithms to overall PIXEL objectives, use cases
and requirementare provided in sectiong.1. Relation with PIXELobjectives and use casesd2.2.
Relation to requirementsf the first version of this repofb4.3 Predictive Algorithms v1)rhose sections
are based on the analysis of the following documéstant AgreementD3.4 Use cases and scenarios
manual v2andD3.2 PIXEL Requirements Analysis

The reader is thus referred to D4.3 and the almoertioned documentsr a detailed elaboratioof this
topic.

This deliverableprovides a full report about appliatalytics andchieved results.
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2.Predicting vessel call data from FAL forms and
other sources

Ports represent a rich source of data that can be utilized for optimizing port operations, affecting not only
port processes but the whole transport chain. Vessel call data represents the most general information,
available ina standardized form irachport. The forms that need to be submittedre standardized in a
Convention of Facilitation of Maritime Traffic (FAL) These documents are provided to the ports and
public authorities t tns asuagnanddiosyireyurénteopening tbeopaténtias ol ut i
for exploiting such data for gathering business insights that could add value and competitive advantage to
the ports and maritime chain asvhole. Most of the ports have Port Community Systemsaoep that

store all the relevant FAL forms data, which is usually available also as historical data, particularly useful

for performing data analytics and predictive modelling, addressed in this chapter.

2.1. Predictions and analytics for PIXEL

The three maimesults ofthe vessetall dataanalysis are:

1 General statistical analysis and visualization of the vessel call data.
1 Vessel turnaround timeETD (Estimated Timef Departuré prediction.
1 Analysis of the vessel patterns and casgasonalitfor longterm vessel call prediction

Statistical analysis and visualizateor EDA (Exploratory Data Analysig)f the vessel call datarovidea
deeper understanding of port operations and externak$aihiat havanimpact on themDifferent long-

term trendswere analysedsuch aghe number of vessels through years, amount and types of cargo and
average turnaround times. Turnaround time is one of the most important pieces of infothativas
extractedfrom the data. According tdNCTAD (United NationsConference oifrade andevelopmen,

it is one of the main indicators of port efficiency and trade competitiveAdss.of effortto understand

and explorall the factors thainfluenceit wasmade Some of the results of the vessel call EDA were not
only usefulin providinginsight in port operations and performance but glsarequiredinderstandingf

the predictive algorithmsbuilt.

Ability to reliably predict turnaround time and at the same time also expected time of departure is an
important step fothe optimization of port operations and vessel schedulsmgETD predictive algorithm

was developeduysing stateof-the-art gradient boosting machine leiug algorithms, by utilizing vast
amounts of vessel call data, as well as external environmental data. ETD predictive algorithm was evaluated
on historical datausing crossvalidation method and on live operational data from VIGIEsip system in Port

of Bordeaux (GPMB). Different error metrics wetelculatedand a comparison was also made on live
operational data, which results were compared with baseline predictions from the Port of Bortleaux.
methodology and evaluation of the ETD predictive algorithnespresenteseparately.

The third main result is the analysis of vessel and cargo frequency and seasonality, through different
visualizations and corresponding metrics, for separate cargo types an®Gsagmnal influences on cargo

traffic were invedgated providing an understanding cfirgo types and amourttsat are transported at
different times of the year. Bipoking at historical data, predions can be extractezh similarseasonal
variations for the future

! http://www.imo.org/en/OurWork/Facilitation/ConventionsCodesGuidelines/Pages/Default.aspx

2 http://www.imo.org/en/MediaCentre/PressBriefingedBs/06electronicinformationexchangeaspx

3 https://unctad.org/en/PublicationsLibrary/rmt2019_en.pdf
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2.2. Results

In this sectionthe reslts for all theabovementionedoroblemsare presentedased oPort of Bordeaux

- Bassens termina(GPMB) historical vessel call data. GPMB was selected due to availability of all the
needed data, especially large quantities of historical data, as well as live operatignaitidiaseline

results available for comparison with the currently used approatteiport. The data used represents
standardized data, applicable to any of the ports, with the same approach, as described in the following
sections.

2.2.1.Exploratory data analysisof vessel call data

Visualizations are one of the most important tools forustinding datandplays the most important role
in exploratory data analysis (EDA), an important piece of our machine learning workflow. EDA can also
be viewed as a staradone result, as firovidesinsights into port operations.

11 years of historicgdort call data between the beginning of 2008 and the end ofi2@&collectedData

contains 6055 port calls which consist of 1905 unique vessels, unloading 55 and loading 46 types of unique
cargo types. Average turnaround time of port calls in histiodiata is 53 hours, with 60 hours standard
deviation. Recorded turnaround times arairange between 0 and 965. Both values are examples of
outliers, which are removed beforehansingmultipliers of standard deviation from the median turnaround
time.

Different external factors thamfluenceport operations weranalysed Forexample weather data, water

height (tide levels), holidays and congestiofise weather has an impact on turnaround time, but only for
some types of carg&o,combinations of faorsmust be considereduch as wind speed and cargo type or
precipitations and cargo type. Because of changing water height in the estuary due to tides, vessels are
unable to enter or exit the port when water is not high enough, at low tides. Thi¢ Kitd cepresents a
specific port data that needs to be considered altigstandard vessel call data. At holidays there is
reduced manpowevailable,so port operations are slowed down which results in reduced efficiency and
increased turnaround times.

From the beginning dhe availabledata, the yearly number of vessel arrivals is decreabiggré 1), but

vessels carry more cargbigure?2). In 2008, vessels on average transported 4480 tons of cargo per arrival
(sum of unloaded and loaded cargo tonnage), in 2018 they transported 5430 tons of cargo. The peak was in
2013 when the average vessel transported 6000 tons of cargo per arrival.

500
400
300

200

Number of vessels

100

2%38 2010 2012 2014 2016 2018
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In all historical data, 28,852,852 tons of calgwe beemrocessedlhe yearly average of loaded cargo is
1.43 Mt, and 1.18 Mt of unloaded cargo. Amount of preedscargo was increasinogtil 2013 anchad
seen a slight decrease since tHeigyre2).

Loaded tonnage
L.6M ~— Unloaded tonnage

1.4M

1.2m

im

0.8M

Amount of processed cargo [t]

0.4M

0.2m

2%08 2010 2012 2014 2016 2018

Figure 2. Amount of loaded and unloaded cargo &PMB from 2008 to 2018.

Turnaround time distribution has clusters that occur due to tides. Most of the vessels enter opertit the
if there is high tide. More details abolecorrelation between turnaround time and water height will follow
below.

250

200

150

Number of arrivals

100

50

0 20 40 60 80 100 120 140
Turnaround time [h]

Figure 3. The number of arrivals according to the turnaround tine.

Most vessel arrivals occur in the middletbé week, on Wednesdays and Thursdays. Miegartures
happen on Fridays. There is a very small amount of departures on Sundays, which means that vessels that
arrive over weekends, usually stay londeg(re4).

4 Clusters are clearly visible and are formed due to water height.
Version 1.0 i 30-April-2020 - PIXEL ©- Pagel8of 158




D4 4 - Predictive Algorithms 2 .
PINEL

1300
W Departures

W Arrivals

Tuesday Wednesday Thursday Friday Saturday Sunday

Figure 4. The number of arrivals and departures given day of the week.

Figure5 presents how the day of the arrival influences turnaround time. There is reduced manpower in the
port over the weekends or holidays, which reflects in longer turnaround times for vessels arrivijugton or
before those days.
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Figure 5. Influence of the arrival day and the presence of the holiday on the turnaround time.

There were 84 different cargo types processed in the port. They unloaded 55 and loaded 46 cargo types.
The rumber of loading and unloading all cargo types thaevwweocessed more than 20 times are presented
as stacked histograms Figure®6.

Version 1.0 7 30-April-2020 - PIXEL ©- Pagel9of 158



D4 .4 - Predictive Algorithms 2

"PINEL
CRUSHED TYRES M Lloading [ Unloading
TALL OIL
MOLASSED

RAPESEED PELLETS
BOIS PIN GRUMES

SLAG CEMEN
CEREALES MIXTES VRAC
COMBUST.SOLID. AUTRES
TALCUM
LIQUID FERTILIZERS

PROD.CHIM.LIQ. AUTRES
OTHER MINERALS
SCRAP

BULK RAPESEED

SUNFLOWER BULK
BULK.MANUF.FRETILIZERS
SUNFLOWER PELLETS

0 200 400 600 800 1000 1200 1400 1600
Number of operations

Figure 6. The most frequent cargo types and the number oéigtions.

Most of the exported cargo through the port is cereals (MAIS VRAC). Production is heavily affected by
climate change Trend of the amount of exported cereals is declining and has almost halved since 2008

(Figure7).
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Figure 7. Decreasing amount of loaded cereals (MAIS VRAC) through the yéars.

5 http://www.occitanie.developpemedtirable.gouv.fr/IMG/pdf/Etude_ MEDCIE_GSO_cle®8B.pdf(page 73)

6 Scatter plot (dots) represent actual values, while the line represents the trend.
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As intuitively expected, different types of cargorbalifferent turnaround time distributions for unloading
and loading cargo typeBrocessing capacity for unloading and loading cargo types in tonnage per hour,
are presented iRigure8 andFigure9, respectively. Bulk cargo types have much larger turnaround times
with large deviationOn the other handiquid cargo types haw&hort turnaround times with little deviation.
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Figure 8. Cargo processing in tonnage per hour for different unloading cargo types.
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Figure 9. Cargo processing in tonnage per hour for different loading gartypes.

The "Port of Bordeaux Bassens terminas located about 90 km in the Gironde estuary. Water in the
estuary is not deep enough to allow large ships to sail at low tide. There are multiple water height sensors
along the Gironde estuary. The vafuem those sensongpresents relative water heigigainst thenean

daily low, through multiple yearfor each sensorAs seenn Figure 10, most vessels depasthen tidal

levels are above 3 meters.
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Figure 10. Tidal levelsrelated tovessel departures and arrivals.

Another visualization that clearly shows ports dependence on water height is presé&igedeihl. The
blue line represents the height of the water, green and red markers represent vessels arrivalsuaed.depa
They are clustering at higher water levels.
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Figure 11. Tidal levelsrelated tovessel departures and arrivals farweek

Weather data, especially wind and precipitatitata, thatmay influence the turnaround timevas
examined Hourly aggregated weather datascombined with historical port call datAs presented in
Figure 12, the level of precipitation seems to influence turnaround tif@estain dry bulk cargo types
experence noticeably longer turnaround times, in comparison with containers or liquid cargoes.
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Figure 12. Influence of precipitationlevelson turnaround timefor loaded and unloaded cargo types.

2.2.2.ETD predictive algorithm

EDA, presented in the previous section presents an important part in a machine learning wbigtiosv (

13), that was used to develop the ETD prediction system. The saafeatatGPMB was used, representing
operational data, with some data preparation needed for stable model training and increased generalization
performanceAll vessels without any cargo to load and unload (i.e. empty shig® initially removed
Ships,whose turnaround time was less than 1 hour and those of which turnaround time exceeded two times
the standard deviation from the median, of the corresponding cargo type (i.e. outliers, corresponding to
erroneous inputs in VIGIEsipyere also removed, asilvasvessel calls, with combinations of loading

and unloading cargo types that occurred in less than 5 occurrences. This filtering procedure reduced the
number of port calls to 5492, with 1768 unique vessels and 34 unloading and 32 loading cargo types,
respectively.
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Data cleaning and constructing meaningful features, that hold predictive value, represents a major part of
the machine learning workflovibatawas investigateth exploratory data analysis, where the influence of
different parameters on turnaround time was analysed and already preseftmdion2.2.1 Besides
identifying predictive features, encoding them appropriately ispadicularly importantTimestamp data

(e.g. arrival time) needs to be transformed into multiple categorical features (e.g. day of the week, hour).
Most of the machine leammg models also require the data to be normalized and categorical features
transformed into numerical ones (e.g. dmm-encoding).

For predictive modellinga recently presentedjradientboostingbasedmethodwas utilized,CatBoost,

which offers the mdsconvenient use in operational environments with heterogeneous, structured data. The
CatBoost method uses decision trees as base predictors and thus omits the need for data normalization as
the pre-processingstep. CatBoost also handles categorical features during training, as oppgsed to
processingime, thus omitting the need for special transformations. Decision trees alsartingeeased

level of explainabilityof the results, in comparison with otH#ackbox methods (e.g. neural networks).
CatBoost also outperforms other stafehe-art gradient boosted decision methods (e.g. XGBpast

terms of predictive accuracy and speedsaftthe-box, without the need for extensive hyperparameter fine
tuning. Nevertheless, the importance of hyperparameters onvdaaanalysedusing Grid Search
parameter tuning procedure, provided with the CatBoost implementation and present the results of this
analysis.

To evaluate the proposed method, a combinatioristdiiical and live operational data from the pwds

used Turnaround time is computed as a difference between arrival and departure times. To effectively use
the available data, the method using the cwadislation procedure with a-ylear leftout stragégy on
historical datavas evaluatedn this way, the proposed method was evaluatealldhe 11 years of data.

The method on the splitgas evaluatedising theMIAE (Mean Absolute ErrorlRMSE Root Mean Square

Error) andMAPE (Mean Absolute Percentaggror). With such a combination of evaluation metrics, we
ensure explainability of the performance (MAE, MAPE), as well as to evaluate the influence of the large
errors (RMSE). The best performing model on historical data was also evaluated on liveogledata

of 100 vessels from the port. In this case, the comparison was also made against the expertly provided
predictions from the port, based on their current manual approach

Date of vessels arrival, loading and unloading berth ruslcargo types and tonnage were the most
important attributeshat were usedrom FAL forms forthe predictive algorithm. Date of arrival was
encoded aa day of the week, which is a categorical feature. Hours of arrival were segmented into 6 bins
(therdore bin size is 4 hourgdnd encoded as a categorical feature. Loading and unloading toimage
alreadyanumerical value, so there is no need to transform them. Cargo types and berth numbers were used
as categorical features. From external data souiataiis, weather.and tidal datavere usedHolidays

were encoded a@Booleanfeatures, indicating the presence of holiday 48 days from the vessel arrival.

The weather was encoded ar aggregation of precipitations and wind speed in the first 24 tedtes

vessel arrival. Tidal data was encoded as current water height, time to next and since previous low and high

7 https://catboost.ai/

8 https://xgboost.ai/
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tide. Categorical features were encoded with at@teencoding method, except for the CatBoost model.
CatBoost library can handle categolifemtures out of the box. Some models required normalisation of the
data.

A crossvalidation procedure and evaluation metrics were uséitstaevaluate predictive performance on
largescale historicatlata.Results, for the most frequent unloading and loading cargo typespanded

in Table 1 and Table 2, respectively.Resultsare also compar@ to the linear regression modedb
demonstratéhesuperiority of the used CatBoost method, over baseline machine learning models. Note that
careful feature normalization and categorical featuemnsformation was performed for linear regression.

It is noticed thaMAE is around 15 hours for unloading and 11 hours for loadpegations oexpressed

with MAPE - around 30% error. The comparison is made against ground truth turnaround time ecomput
out of exact arrival and departure times. The error on predicted turnaround time reduces greatly for certain
cargo types (e.g. liquid cargo, containers), even below 10% and it is evident that the error correlates with
specific cargo types and findingeegented in the EDA section. Overall error is similar for both, unloading
and loading operations and CatBoost significantly outperforms baseline linear regression method.

Unloading cargo type MAE RMSE MAPE
CatBoost | Linear R. | CatBoost | CatBoost
BUTADIENE 2.51 4.46 4.33 13.87
METHANOL 2.69 6.18 4.25 8.51
SOYA OIL 7.16 8.47 13.28 22.49
CONTAINERS 7.23 8.42 9.79 22.81
RAPESEED OIL 11.12 11.68 17.84 22.81
SALT 16.67 19.3 25.4 41.15
BULK. MANUF. FRETILIZERS 17.49 18.76 27.87 34.84
BULK UREA 23.19 26.7 32.03 37.07
NORTH SAWS 24.87 26.83 33.31 45.84
SUNFLOWER BULK 83.03 82.37 105.47 41.53
Top 10cargo types (U) 14.62 16.33 27.46 28.43
All cargo types (U) 15.75 17.55 28.22 30.46
Loading cargo type MAE RMSE MAPE
CatBoost | Linear R. | CatBoost | CatBoost

CONTAINERS 7.24 8.41 9.79 22.79
BULK CORN 8.65 10.51 13.89 29.64
LIQ. CHEM. PROD.OTHER 9.42 11.48 15.58 32.78
BULK WHEAT 10.04 11.53 14.98 31.34
OTHER MINERALS 12.12 13.55 17.53 38.25
SUNFLOWER BULK 13.34 14.62 21.41 38.88
SUNFLOWER OIL 13.64 13.54 18.58 29.27
SCRAP 22.80 26.90 32.22 34.15
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Loading cargo type MAE RMSE MAPE
CatBoost | Linear R. | CatBoost | CatBoost
SUNFLOWER PELLETS 23.06 24.47 33.02 35.75
FAME 23.61 28.83 39.77 42.34
Top 10 cargo types (L) 10.64 12.37 17.93 29.53
All cargo types (L) 11.57 12.74 19.99 30.81

The deployedystem on 2nonths of live operational dateas additionally evaluated’he data consisted

out of 93 port calls, with at least 3 arrivals for each cargo tgd®ave reliable statistics, comparable with
historical dataThe best performing CatBoost moaes usedfrom the offline evaluationwith historical

data. Results, presentedTinble3 show, that the performance (MAE) is consistent with the performance
on offline data and consistently better from the current simplistic model used by the port, by a large margin.

Operation | Cargo type PIXEL MAE | Port MAE
LIQUID FERTILIZERS 2.03 18.66
METHANOL 2.34 9.49
RAPESEED OIL 2.58 32.16
BUTADIENE 3.39 16.73

Unloading SOYA OIL 6.84 24.74
TALL-OIL 7.32 25.49
BULK UREA 16.93 57.29
NORTH SAWS 25.37 55.48
SUNFLOWER BULK 89.77 188.93
Combined 16.52 45.81
CORN BULK 8.35 1941
CRUSHED TYRES 10.75 9.75

Loading BULK WHEAT 10.78 17.72
SUNFLOWER OIL 12.68 14.00
SCRAP 13.56 56.88
Combined 9.97 22.75

Other features thanay influence turnaroundme were evaluated but it did not improve theredictive
performance othemodel.Tidal levels, as present&uthe EDA sectionhave arinfluence orarrivals but
encoding water height and the time since the last high and low water did not improve the rebslts of
model Similarly, the congestion in the pahould influence the turnaround timMultiple featuresthat
encoded congestion (e.g. number of the Uess¢he port, numberof vesselswith the same(U/L) cargo,
theaverage turnaround time for the last N ships that visited the port in the last Mveag®©xperimented
with, butnoimprovement in the predictive performaneas noticedWeather datavas also investigated
especially windand precipitatiordata, thasshouldinfluenceon the turnaround timeHourly aggregated
weather datavas obtaine@énd combineavith historicalport call data.Thelevel of precipitatiorinfluences

% The evaluation has been performed for cargo type with at least 3 arrivals in an evaluation period of 2 months. Results
are reported for unloading and loading operation, as well as overall results for separate operations.
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theturnaround timgas presented in the EDA section), but it did not improve the predictive performance.
Note that these conclusions relate to GPMB data, which is a relativelygonalbutit is doubtful that

such features should be usefulgeneral. Hanost importanfeatures ofthe best performing modedre
presentedn Table4.

Feature Importance
cargo type (U) 17.40
cargo tonnage (U) 16.15
day of entry 12.71
berth (U) 11.13
cargo type (L) 8.54
hour oftheentry (round 4) 8.21
berth (L) 8.03
fiscal cargo type (L) 6.70
fiscal cargo type (U) 5.56
cargo tonnage (L) 4.72
holiday on entry 0.31
holiday in 2 days 0.20
holiday 1 day ago 0.18
holiday in 1 day 0.16

2.2.3.Analysis of vessel callseasonality

Historical vessel call data can be used for traffic trends analysis, which can be used to predict future traffic
growths or declines, as well as for the seasonality analysis of the specific cargoes. Vessel calls are usually
announced well in advance ane &nhus not beneficial to predict the actual vessel calls, but rather to give
the ports the analytic capabilities that gaovideinsights into vessel and cargo movements and future
trends that can be used for strategic planning.

From 11 years of historitdata from the Port of Bordeaux, seasonality of the cargo can be an&iirsenl.
differentcargo types and their volume throughout the yasranalysednincrease irvolumeis observed,

in specific months. By understanding seasonal dem#meiacreagd demand for equipment and space for
specific cargacan be foreseer-or examplemaize is harvested between late summer and early to mid
autumn, which results iahigher volume of exported maize cargo, transported through GPMB, presented
in Figurel4.

10 Feature importance values aremalized so that the sum of importance of all features is equal to 100.
Version 1.0 i 30-April-2020 - PIXEL ©- Page27 of 158




D4 .4 - Predictive Algorithms 2

140k
120k
80k —
60K
40K .
| .
Aug Sep Oct Mo

"PINEL

=
(=]
(=}
=

Loading tonnage [t

20k

Jan Feb Mar Apr May Jun Jul v Dec
Month

Figure 14. The amount of exported maize cargo thrdu@GPMB.

Fertilizer is mostly imported in two cycles. First one is during late winter and sprintp@asdcond one
during autumn, which corresponds with the farming needs and is presehtgdrail5.
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Figure 15. The amount of imported fertilizer through GPMB.

Wood from the north is also imported a lot. Most of it is during the spring until June and the second peak
is during the autumn until Dember, presented Figure 16.
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Figure 16. The amount of wood imported through GPMB.
Rapeseed is exported with an obvious peak in July and is preseRigdriel?7.
L]
25k
20k
Y
=
E 15k
S
[=1]
=
E 10k .
-
. . . .
5k
.
. ] ™ L] L]
0 u !
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Now Dec
Maonth

Figure 17. The amount of exported rapeseed exported thro@@PMB.

Sunflower seeds import peak is at harvesting time in autumn, preseritgia18. Such analysisvas
performedfor all the cargo types and an interactive todl be integrated into the PIXEL platform.
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Figure 18. Thetonnageof imported sunflower seeds through GPMB.

Vessels that transport certain types of cargo, are arriving regularly on the same days of tFeguwesO(
andFigure20). Most obvious peaks have vessels transporting contamaize,or wood. These peaks are

in the middle of the week (around Thursday). Vessels transporting some other types of cargo have arrivals

distributed evenly over the week. Vessels transpoliuilg ureahave decreasetie number of arrivals in
the middle of the weekwyhile butadiene hadecreased arrivals over the weekend. This kind of data and

analysis can be used to better schedule the port resources, far in advance, offering the capability for strategic

long-term planning.
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Figure 19. Unloading cargo arrivaltimes distribution over weeks.
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Figure 20. Loading cargo arrival times distribution over weeks.

Most of the vessels arriving in GPMB are not reguldre median number of same vessel arrivals is one

(1). Nevertheless, some of thessels are coming regularly. Some of them even have similar numbers of
days between two consecutive arrivals. Distributions of days between two consecutive arrivals for some
frequently arriving vessels with low variation in days between arrivals arenpedsaFigure21.
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Figure 21. Days between two consecutive arrivals from the same vessel.

Some of them have a median number of days between arrivals around 7. This means they are arriving every
week on the same day, even on a similar time of the day. Histogram of arrivals for 4 frequent vessels is

presented ifrigure22.
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Figure 22. Vessels arrival time distribution over the weekdays.
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3.Use of AIS data

The Automatic Identification System (AIS) was proposed and mandated bye(International
Maritime Organization) anis main intention is to prevent collisions ¢ime sea. It provides additional
information, however, it does not replace existing solutions on board, such as radar and other means that
are regulated bOLREG Convention on the International Regulations for Preventing Collisions at Sea).
SinceDecember 3152004 all vessels exceeding 300GT are obligated to have an AlS transceiver installed
and operational. Navigational data, information about the ship and voyage related data, is transmitted via
VHF (Very High Frequencyjadio between ships and shore stasi The range is limited to the VHF range,
which is about 120 nautical miles but-81S (Satellitebased AIS) is available, which can track ships on

the open sea. Kinematic information (ship location, speed, course, heading, etc.) and some static
information, like MMSI (Maritime Mobile Service Identity)ship type, ship size, etare provided every

couple of seconds whemship is underway and every couple of minutes when the ship is anchored or
moored. This data is available in almost +&ale, while hstorical data is also available. Besides collision
avoidance, AIS data is used for many other applications in the maritime domain, such as fishing fleet
monitoring, maritime security, search and rescue, accident investigation, fleet and cargo traakiagyand
others. AIS datas utilized in a novel way for data analytics and predictive modelling in port areas,
demonstrating its applicability well beyond its initial purpose.

3.1. Predictions and analytics for PIXEL

AIS data represents a rich source of data abaritime traffic and offers tremendous potential for data
analytic solutions and predictive modelling, which can help at optimizing logistic chains and reducing
environmental impacts. The focus in PIXEL project was to investigate AIS data for the figiltasks:

9 Visualization and analysis of AIS data around the ports
1 Port congestions indicators
1 ETA prediction from AIS data and other sources

AIS data is a geospatial data and different visualizations offer a unique view on maritime traffic, especially
whenvisualization represents spatial and temporal view over the AIS contained fields, as well as derived
AIS based metrics and products. AIS data comes in vast quantities, spatially and temporarily, thus
visualization represents the most significant teofummarize and present the main insights. Riead
availability of AIS data, as well as the possibility of having large quantities of historicalelatasents a

great potential to compute various port business and environmental metrics inedsetfan of interest.

A variety of such metricevas computedto detect different patterns, which can be used by the ports to
numerically express their business and environmental metrics and express them over time, with the actual
operational AIS data. AIS datdso offers a potential for predicting vessel arrival times more accurately,
which can supplement official FAL forms data, as well as ETA data captured in AIS messages, which is
often erroneous and not accurdierors were also noticeih other AlSfields (e.g. navigational status,
positional data, speedhusa special procedungas developedp validate and to the most possible extent
also correct the erroneous data, with the help of data analysis and predictive modelling.

In D4.3 different AlSdata sourcewere presentedhat were investigated for the use in the PIXEL project.
Most of the AIS dat#hat was usetbr theanalysiswerecollected from AISHub, which is a platform for
sharing AIS dataTo gain access to data from AISHub, datassharedfrom the AIS receiver thais
installed in Pula, Croatia. AIS data to other AIS providers, such as MarineTFiffir€ 23) and others
werealso sharedwhichprovidesaccess to some of theiatafeature§ free of charge.

1 http://www.aishub.net/
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Figure 23. PIXEL AIS antenna coverage, as calculated by MarineTraffic.

By connectingthe AIS receiver to AISHubit provided acces® the whole network of amateur stations
around the world. One of the problems in data from AISHub is weak coverage in some parts of the world.
Coverage for the EU region is presente&igure24.
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AIS data for the port areas of 3 out of 4 partiieg&*MB (Grand port maritime de Bordeau®PA(Piraeus

Port Authority S.A.Jand ASPM (Azienda Speciale pdrPorto di Monfalcongwas collectedAmong them,

GPMB is not fully covered, as the antenna is only at the entrance of the Gironda estuary. For the Port of
Thessaloniki, there is no AlIS coverage and a separate antenna would need to be installed.

3.1.1.Visualization and analysis of AIS data around the ports

It was noticedhat AIS data comes with a lot of errors in the reported fields, which prevents us from using

this data directly for analytics and predictive modelling and this presented the filginpithiat needed to

be addressed for a successful implementation of our aforementioned objectives. Errors can appear in
manually entered dat a, such as vessel 0s draught ,
automatically collected data, sues location,speed,and navigational status. Examples of reporting
incorrect navigational status are presenteigure25 andFigure26.

Version 1.0 i 30-April-2020 - PIXEL ©- Page35of 158



D4 4 - Predictive Algorithms 2 y

"PINEL

2 Red dots: AIS navigational status 0 (under way using engine); blue ma¢syational status 1 (at anchor); yellow
dots- navigational status 5 (moored).
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Location data that is reported automatically can also contage;an example is presentedfigure 27.
The wessel that is moored, appears, as it is jumping muhiphelred meters in different directions.

¥ Red dots: AIS navigational status 0 (under way using engine); blue ma¢syational status 1 (at anchor); yellow
dots- navigational status 5 (moored).
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Different methods for determining navigational statese developedeach with its pros and cqrfer a
subset of navigational statuséisat are relevanfor the analysis.Whether the vessel (e.g. cargo vessel,
tanker, passenger ship) is movingaimehoredpr moored at the termindk vital information Example of
originally reported navigational statuses in AlS messages is preserfagliia 28, while the improved
results are presentedfigure29.

4 Quick and large changes of location of moored vessets) ever ground. Each line colour presents the vessel's
journey (from arrival to departure from the passenger terminal in PPA).
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The first methodhatdetermines navigational statisthased on the vessel's speed and its location. If speed

is under the manually determined threshold for moving vessels (e.g. 0.5 kn) and it is located inahe area
anchoring or terminalg$-{gure30), its navigational status is anchored or moored, respectively. A good thing
about this method is that navigational status can be determined relatively quickly. The downside is that
polygons ofspecific areas (terminal and anchorage areast be drawn manuallyrhe problem is also

that the vessel can anchor at the border ofdtia@n polygon and thus affect the accuracy of such an
approach, as it will present cases védtialse change of itsavigational statyschangs such aghe vessel

drifting in or out of the arealue to winds or water flows.
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As the second approach, gets speed and rotatiamere analysd If a vessel is not moving but only
rotating,thenit is anchored. If the vessel is not moving and not rotating, it is moored at one of the terminals.
The good thing about this method is that polygdmsiot have to bdeterminedand thus it is easy to apply

it globally. Vessel rotation is obtained from the heading attribute in AIS messdgels must be encoded

with sinus andcosineto prevent overflow from 360° to 0Thr ee days of a particul
(SOG_SMOOTH speed over ground smoothed with moving average) and heading (HEADING_SIN and
HEADING_COS)are plot Figure31). For instance, a @ssel is not moving from 1AM September 30

until 4 PM October 1, as its speed is 0 and heading is not changing much. This means the vessel is moored.
The speed is then raised untP, as the vessel is sailing and later the speed falis agder the threshold

of moving vessels with changing heading information unéiMbon October 3. This means that the vessel

was anchored during this timEo automatically detect navigation status, a moving threshold to G&&n

set If the vessel'speed is under this threshold, then the vessel is not sailing. Then standard dafiation
heading_sirandheading_co®ver the period whethevessel is not sailing are calculated. If the value of

any of them is more than the selected thresteolyfi@.5), then the vessel is anchored, else it is moored. The
threshold of 0.5 was found to be a good boundary for distinguishing anchored and moored vessels.
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With such clean and valid AIS data, vast amounts of AlIScatde easily groupédto separate journeys

or voyages. In most dhe presented problems and results, one voyagiefined,as a vessel movement

from theentrance into the region of interest (port area) and its exit. Different statistical values are calculated
for each voyage. Vessel ds waiting/ anchored ti me
of them, whech can now be computed much more accurately.

3.1.2.Use of AIS data for port analytics

Someof the key indicators athepor t 6 s per formance are waiting and
the so-calledPort Congestion Indicatoré. method that calculates sustatistics automatically from AIS

datawas developednd as suchproviding realtime datadriven metrics for measuring port efficiency, as

well as certain environmental metrics. This means that no input from the ports is needed, thus the proposed
methodsare widely applicable to any port, with available AlS cover&gescan be comparedith other

ports or with the past performance of the same port. Weekly medians of waiting (anchored vessels) and
cargo processing (moored) times are presentddgure 32. The ime needed to process cargo is more
consistent, as it depends mostly on cargo capacities the port can pracgisgintime. On the other side,

waiting time nostly depends on how many vessels are also waiting in front of the port.

35 Navigational status
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As an exampleFigure33, shows movements for a higipeed passenger vessel. The vessel sails a regular
passenger line, scheduled at the PPA passenger terminal at predefined hours. After removing outliers, the

5 Provided in sine and cosieacoding
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averagdime of departure is at 4:31 £1h 47 min (std) and average time of arrival is 14:24 +1 h 18 min (std).
For departures between 3:00 and 7:00 and arrivals between 11:00 and 17:00, standard deviation gets
significantly smaller. Then the average time of deparis 4:21 +2 min (std) and the average time of arrival

is 14:30 +31 min (std).

125

Hour of day

100

50

Arrivals Departures

Detailed extract of thigesselarrivals and departurese presented imable5. With a closer look at the
data,it is noticedthat the vessel stayed moored at the terminal for more than 36 twaoes This was due
to extreme weather conditiofisnd a general striké

Arrival time |Departure time [Time moving |Time moored |Average speed| Missed departure
201909-12 201909-13 PO 0 dayq
14:27:26 4:25:06 0:11:2 13:46:13 710
201909-13 20190915 1o 1 days
15:41:34 4:20:56 0:12:33  12:26:3 = ves
20190915 201909-16 PPN 0 dayq
16:17:09 4:22:46 0:18:13 11:47:22 6.87
201909-16 20190917 A 0 dayq
14:14:27 4:22:04 0:14:56 13:52:41 7.84

16 Boxplots of arrival and departure times in the left figure, paths on the right. MMSI=2396588€kk| missed
departures two times.

17 https:/iwww.ferryhoppr.com/en/blog/feranews/stronguinds-greekferrieslatest

18 https.//news.qtp.gr/2019/09/17/fersyrike-greeceannounceeseptembel4/
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Arrival time (Departure time [Time moving |Time moored |Average speed| Missed departure
oo 209092 gasag Lo g
Using clustering met hods, anchoring and

nal

can be obtainedClusters were formed based on navigational status and distances between locations of
messages. Drawing convex hulls around clusters yields areas that are used for anchoring or terminals in
ROI (Region of Interest)Areas are obtained automatically without other data sources or input from the
ports. The method can be easily used globalthavit large modifications.

Having identified areas of ports, one camalysev e s s el s 0

movements

bet ween t
regular connections between different ports and identify which anchoring areas belong to which port. Using
methods from the field of graph theory could provide a lot of interesting insights in ghipes.
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To demonstrate the applicability of such analysis, the effect of the AR virus on the maritime
traffic (Figure36) is also analysedvhich shows a cleatecreasén traffic in the PPA passenger terminal.
Unfortunately no historicalAlIS dataare available,g no comparison dhe traffic in Marchand April with
previous yearsan be dongebut still, a sharp decling noticedjn comparison with previous months and it
is not due to seasonalitythe rumber is slowly decreasing, with more stringent measures beingttaken
slow down the spread of thérus.

19 Centroids of anchoringreas are marked with red dots, terminals with blue. Lines represent movements between
them. Wider line, more movements.
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3.1.3. Data analytics of the port area(Event Detection)

The AIS maritime communication standaadlows static and dynamic operational information to be
obtained from the ships. As has been seen throughout the document, this information can be used for
different purposes, that may be of interéshave a better insight into port operatioBssidesduring the

stop of the ship in the port, a series of events occur that are of interest to the port. Some of these events are
the start of pilotage, towing, refuelling, as well as speeding in the port area. The early prediction of these
events will allomogistics operations to be more efficient, as well as more secure, since, if it is possible to
predict behaviour that will result in speeding or dangerous behaviour, early intervention could avoid this
situation. Ifthis behaviouris analysedipon prior deection of these events, such as speeding, a series of
patternscan be detecteduch as a continuous period with increasing speed or noticeable variation in
acceleration, that will allow interventidreforethe occurrence alver speedingnd therefore anid a risky

situation.

Currently, these events are detected manually, either when a ship approaches the refuelling area and remains
onsite for more than a certain time, or even the manual operation of an opeesome of the triggers

that launch andaptures these events, generally operated through some logical rules like the detection of a
ship within a specific geographical area or even a certain time without a change of possistudyhains

to find out if it is possible to integrate the AlSanfation for the detection of such events.

Themainevents are the following:
1 Speeding
9 Start of pilotage

9 Start of towing

Before developing any prediction algorithm, these events will be analysed for some useful information or
pattern that allowan investyation,in greater depttof the characteristics behind theData of the events
detecteccomes from applying to AISHub data the logical rules existing within Posidonia Operations tool,
that allows the suite to detect these evetsne of the logical rueare as described above, some time
without change in position, sudden change in directionPetsidonia OperatioAsSis a complete system of

20 Grey areas are marking days with missing data, due to data collection problems. Area in red is marking the period
since the first COID-19 case in Greece. There are visible seasonal trends (more entrances during summer) and the
virus influence as the number of active vessels significantly decreased since the outbreak in Europe.

21 hitps://www.prodevelop.es/en/ports/posidonia/posidopi@rations
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reaktime monitoring of ship activity that detects multiple events of the life cycle of a ship in port ansl allow
to automate actions and assist a port operator in controlling the visit of the ship to the pgobriThis
operations management system allows a port to optimize maritime activities related to the flow of ships
within the port's service area, the integration of all the actors involved and all the relevant information
systemsA history of more than two yeaof AISHub data of the Algeciras Patea has been used and
more than 35.008vents types described above where detected

By knowing the geographical position in which these events have been detearde detectedhether
they are reported in a melocalized area or if the geographical position is not very indicative.

The start of pilotage does not seem to occur in a completely defined~aye®87). Rememberthat the
start of pilotage takes place when a pilot from the port leads the ship to the estimated dock, either because
of the size of the ship or because it is the first visit in that port.

W

Figure 37. Pilotage starts area%.

Moreover the towing seems to be more geographically concentr&igdré 38), in comparison with
pilotage. This type of event takes place when a ship requires a smaller one to tow it to the desired area,
whenit is logical to rule out a port area that may be designed for smaller gtapghose that require this

type of service

22 satellite Images obtained from Google Map Services with the help of Airbus, European Space.Imaging
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Figure 38. Towing starts area$’

Unlike previous events in which there was no specific zone, two zones can be distinguished. These are the
areas where the speed of ships is restricted because they are in areas of inflinengeroEigure39).

23 satellite Images obtained from Google Map Services withéhe of Airbus, European Space Imaging.
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With zones king sadefined,it will be possible to allow these variables to have a quite important weight in
the prediction algorithm used.

Next, the frequerty of these types of events in ports activiiigure 40) can be determinedSpeeding
representsnostrecords compared to the other two, explained to some extent by the faitataate and
towage start are manoeuvres that apply to a specific subcategory of vessels than meshaettdstics

of size and capacityAn increase irspeedingcan be observed in summer, caused by an increase in port
activity.

24 satellite Images obtained from Google Map Services with the help of Airbus, European Space Imaging.
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Figure 40. The number of event types detected.

Concerningthe argument shown above, the size characteristics of each of the ships that launched these
eventscan be analysed’he length and the beaare representedbtained indirectly through the static
information parameters present in the AlIS messages, thematfier plotsin which the distribution of both
variables in the axes will also be shown.

As it can be seein Figure4l, it is confirmed that the different eventeepent ships with very evident
characteristics. While for the first two (i.e. pilotage and towage), ships usually have magnitudes
corresponding possibly to cargo ships, with large dimensions thiege ardengths between one hundred

and three hundred ness.
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Speeding igure42, left) is mainly carried out by smadkale boats, boats thapresent a greater number
in proportion to the previous ones, since they include from fishing boats, ferries, and even recreational

boats.

Finally, in theright part ofFigure42, the three events are represented together, where the speeding event
can be differentiated from the other events, in terms of the vessel size.

Speeding Ship Specs

Width {m)

T T T T T T T T
o 50 100 150 200 250 300 350
Length (rm)

event_desc
Towage Start
Speed Exceed
Pilotage Start

T
300 400
length

Once some of the properties of the boats that have launched the lenamntseen analysed is time to
develop techniques that allow, given an event, to classify it in the corresponding group or, given the
sequence of Al$nessages, to predict the event which occurs. The events captured by the tool described
above have been taken as ground truth, by dividing the datathaio (75%) and test sets (25%).
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Random Forest and-Klearest Neighbours algorithms for event clasaiftmwere usedRandom Forest is

a decision tredased algorithm and is part of the ensembled methods, offers good scalability and is easy to
implement. Secondly, KNNk-nearesineighboursalgorithm)is one of the most famous algorithms for
classificationin which training is discriminatory, that is, it is trained by memorizing the data and its
procedure is to find the closest K neighbours and determining their label, as the most frequent among their
neighbours.

Feature selection and generation represeritrgportant part and the attributes initially considered have
been length, beam, speed, latitude, longitude, MMSI and the type of a vessel. These attributes are collected
from the AIS messages welll A series of feature selection and extraction techsitpage been applied to

these attributeso obtain which ones are the most important in the classification procedtneprove
classification performance.

Regarding the feature selection, classification with Random Forest allows obtaining the Ginthatlues

have allowed separating the branches of the trees and therefore giving a magnitude of their importance. As
presentedn Figure43, themost important attributeare mainly speed and length, while MMSI and the

type of boat are discarded due to their low importance.

Feature Importance

0.20 A
0
=
$ 0.15
Q
(@)
c
£
S 0.10
o
£
£
O 0.05 A
0.00 -
S ¢ < Xy 1
% 7
&
Features

Secondlyconcerninghe extraction of characteristics, the principal component analysis has been used to
obtain the directions that express the greatest variability in théFlgtae44). The three main directions

were chosen because they explain 90% of the variability. These methods allow to reduce the number of
dimensions of the data, so the computational efficiency of its procesamgoe increased.inear
discriminant analysis was also used, in which instead of obtaining the directions of maximum variability,
those that optimize class separability are sought after.
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Finally, for the comparison between the different techniques and algorithms, accuracysandeHtetrics

have been used. While the first refers to the correct classification of the data, the second is more appropriate
to our case in which theadses do not seem to be balanced. Metrics represent an average across all the
three classes of the events.

Table6 shows how the most optimal valugsve been achievedth KNN without anytransformation, i.e.
dimensionality reduction with PCfprincipal component analysis) DA (Linear discriminant analysis
while Random Forest allows to almost maghits potential using PCA dimensionality reductidinwvas
concludel that using all the generated featyrgsnerates the best results and given the low number of
attributes, dimensionality reduction does not play a major role, given the computationaignethoice

of predictive models (i.e. Random Forest and KNN).

Random Forest KNN
Accuracy | F1- Score | Accuracy | F1- Score
Base 0.93 0.89 0.92 0.92
PCA 0.91 0.91 0.88 0.72
LDA 0.85 0.84 0.85 0.85

3.1.4.Short term ETA prediction for the ports

Accurate estimationsf estimated timgof shiparrivals areparticularly importantas it haganinfluence on

the whole logistic chain, not only on tloperations in the port. ETA information is provided in AIS
messages but is often unrelialBecause of the bad AIS receiver coverage, a methodalagyleveloped,

for ashortterm ETA prediction for the GPMB are#y haveanestimationof the timethe veselarrivedat

the Bassens terminals. The ETA predictive algorithm could also be used as a vessel arrival notifying system
for any port, as the methodology is general and applicable when only AIS data is available. AIS data from
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AISHubis capturednd vessl calls data from VIGIEsip. AIS receiver is placed at the entry in the Gironde
estuary and captures every vessel arriving or departing from the estuary, but has problems receiving
messages that are closer to the Bassens terminal. All AIS messagesmdahefBironde estuary were

enriched withthe actual time of arrival from vessel calls data so thatproposed approactould be

evaluated Thi s produced a dataset with featurés, such
actual time of aival. Vessels location was used to calculate its distance to the terminal. In addition to
current speed, its moving averagas also calculatedlVith this kind of generated features, linear regression

and CatBoost predictive modeivas fitted Modified crossvalidation was used as an evaluation method

and different error metrics were calculated (e.g.
distance to the terminal. MAE provides easily directly interpretable absolute error value, M&\REepr

relative errors, relative to the ground truth data and a combination with RMSE metrics provides insights

into error distribution, as large errors haigher impact in this metric

AIS messages locations heatmap is presentEdjure45. Note that ETA predictioneweredone,only for
vessels that are already in the Gironde estuary, so messagas thatiside of the estuary were not used in

our case.

Histogram of AIS messages based on their distance to Bassens terminal is preségyueeldé. As already
explainedthe AIS receiver connected to AISHulmes nohave good coverage over the Gironde estuary.

25 http://lwww.aishub.net/
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Histogram of time needed to Bassens terminal is presenfdglire47. Average time to Bassens for vessels
that are more than 60 km away is 3 hours and 18 minutes.
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Distance to Bassens [km]
Figure 46. Histogram of distances oAIS messages to the Bassens terminal.

120

100

Number of records
[=:] [==]
(=] [=]

I
(=1

20

3

Hours to Bassens

Figure 47. Histogram of times vessels needed from message to the terminal.

Keep in mind, that the amount of AIS messages is inversely proportional to the proximity of Bassens
terminal, as thre is bad coverage. Distance to Bassens was transformed into 5 km bins and the sum of
means and standard deviations of needed time to Bassens in each bin was used for the normal time threshold
computation. Messages with time to Bassens over the thresieabaitliers and they were remové&iire

498).
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6 Removed outliers
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Two different machine learning modelgere fitted and evaluatetinear regression and CatBoost. Best
results overall were reached with a simple linear regression model. The reason is that the problem in our
case wasloseto linear. Results are presentedable?.

Because the AIS receiver is based far from the terminal (at the estuary), theneailber amount of data
available closr to the terminal, which results in larger errors as ships approach the terminal. For MAPE,
there is also another reason. As the vessels are closer to the terminal, ground truth value gets smaller and
absolute error is relatively biggerlated tao theground truth. In MAPE, 1 min absolute error has a higher
impact if a vessel is only 5 min away than if it is multiple hours away from the terminal.

Distance to Bassens [km| Linear regression CatBoost

MAE | RMSE | MAPE | MAE | RMSE | MAPE

[0, 10] 590, 7.76| 35.38| 4.35 6.17| 24.59
(10, 20] 13.44| 21.56 20.8| 15.56| 22.00| 25.36
(20, 30] 14.65| 27.64| 14.63| 18.70| 29.05| 20.87
(30, 40] 7.69| 10.03 8.85| 7.53 8.60 8.23
(40, 50] 8.91| 1355 7.70| 9.73| 14.07 8.16
(50, 60] 10.34| 13.25 7.61| 10.48| 13.15 7.57
(60, 70] 13.16| 16.04 7.89| 13.9| 16.33 8.42
(70, 80] 14.28| 17.42 7.65| 14.42| 17.37 7.76
(80, 90] 14.32| 17.53 7.14| 14.31| 17.29 7.11
All 12.48| 16.93| 10.41)| 13.01| 17.05| 10.62

26 Data is aggregated in 5 km bins. Orange dots present the removed outliers.

27 Error metrics of linear regression and CatBoost models aggregated into bins based on distance from location of
message to the Bassens terminal. Error is calculated in minutes.
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4.Use of satellite imagery

Observing Earth from space presents a new dimension of information that offers an unprecedented global
view for various domains and industries. Earth observation capabilities were till recently, imabt

domain of the governments that could afford to put satellites into space. Technological advancements have
made it possible to put more satellites into space, at a much lower cost and at the same time offering much
higher spatial resolution and isit times. This i;mowadays calletidemocratization of the space" m®re
commercial providers are offering satellite imagery and at the same time governments or its institutions are
opening its satellite constellations to the public, as open data. Tétepneoninent example of open data
satellite imagery providers ithe Copernicus program from ESA (European Space Agency), offering
constellations of satellites (Sentinels) for different domains with a free and open dat&.policy

The biggest factor opening this fieldpth for operational use cases and general use, is the exponential
growth in the number of satellites in space. Theated "SmallSat" revolution, has driven the prices of

the satellites down by using commereidil-the-shelf components in a much smaller form factor. Compared

to traditional satellites that were in the size of a bus, with a price tag usually in the hundreds of millions of
euros, these small satellites can be as small as 10x10x10 cm (CubeSats)sonadiexn Their cost is a
fraction of the money required by traditional satellites. The cost connected with launching the satellites
went also down by reducing the size and weight of the satellites atite bynergence of rideharing
capabilities, offeredy commercial providers, such as SpaceX. As of the end of 2018, there were 1900
satellites in space, 1200 of them used for EO (Earth Observation), while 3000 are to be launched between
2016 and 2022

One of the main impacts of the exponential growtthanniumber of satellites is that they are usually part

of a larger constellation, offering much higher revisit times compared to traditional satellites, which are
usually deployed alone or in small constellations due to costs. Traditional satellitesreffisit time in

the range of at least a few days, or even weeks, compared to current or planned commercial constellations
that are offering daily revisit times or even béffé. This opens plenty of potential use cases that were
before not practicalrdeasible, due to insufficient frequency or spatial resolution of the data.

The amount of imagery that is captured with such a large amount of satellites is vast and it is increasing
exponentially. The data that is captured also needs to be analysed, as the focus is shifting towards obtaining
useful operational insights, which cée gathered from satellite imagery, compared to obtaining raw
imagery directly. These operational insights need to be faumomaticaly, using Machine Learning
techniquesThese arincreasinglyrecognized as the main value of satellite imagery.

The maiitime domain is at the forefront of the utilization of satellite imagery, especially for ship and oil
pollution monitoring. SAR imagery is predominately used in the maritime domain for ship detection. The
most popular approaches are base€€BAR (ConstantFalseAlarm Rate)method€®. With CFAR based

methods, all pixels brighter thainelocal threshold are regarded as pixels belonging to the ship. Majority

of the research work is focused on ship detection in open waters, omitting the need for religlefe stijm

in port and harbour areas. In such areas, there is a presence of multiple objects onshore as well as on the
sea, which are causing strong SAR backscatrtres which can cause a lot of false alarms with CFAR

28 hitps://sentinel.esa.int/documents/247904/690755/Sentinel_Data_Legal Notice

29 https://www.geospatialworld.net/blogs/kéendsin-earthobservation/

30 https://www.planet.com/productsfhésmonitoring/

31 https://www.planet.com/products/plaretagery/

32 hitps://www.capellaspace.com/technology/

33 Greidanus, Harm, et al. "The SUMO ship detector algorithm for satellite radar imBgesste Sensing
9.3 (2017): 246.
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based methods Optical satellite imagery, especially medium resolution, which is particularly
underutilized inthe maritime domaiff and can provide additional contextual information about the ship
and its surroundings.

Medium resolution satellite imagery obtained from ESA Senrfi{@dm resolution) and Planet Labs Dove

(3m resolution)have been use develop a machine learning pipeline for ship detection. This satellite
imagery is available freef-charge in case of Sentir2limagery or presents the cheapest commercial
solution avdable on the market, with unique daily availability of new imagery for every point on Earth in
the case of Planet Dové&o automatically annotate the data, a proceduas developedhat combines
openly available Automatic ldentification System (AIS) daith obtained satellite imagery and cloud
masks. With this approadihe exact positional matching of AIS GPS data and satellite imegesptured
needed to evaluate ship detection performance. AlSislaiao usedn a novel wayto prepare weakly
anrotated ship detection dataset out of positional information and information about the ship length. With
such a novel combination of existing VHRery-high-resolution)datasets and weakly annotated additional
data, which can be obtained easily in largentjtias, stateof-the-art detection resultgre deliveredas well

as detection performance across different lengths. To the best of our knowledge, this represents the first
application of stat@f-the-art deeplearningbasedmethods for ship detection dhis kind of satellite
imagery in the research literature.

4.1. Predictions and analytics for PIXEL

Advancements in Earth Observation (EO) capabilities, together with advancements in the Al domain,
especially with the advent of Deep Learning, has opened new ways to gather operational insights from
remote sensing data. The goal of this task in the PIXiBjept was to utilize all these advancements for

the benefit of the port§.he focus was placedn monitoring ship traffic in and around the port. Port and

bay area were analysed in terms of numiypes,and sizes of the ships, with the help of AIS distadium
resolution imagery, of which Copernicus Sentigé$ particularly well suited, was utilized, however, there

was no research work, which utilized it in any way for ship detection. There was no research work, that
would utilize stateof-the-art deeplearningbasedmethods for ship detection using Sentifidimagery,

which is especially challenging in the port area, not only for medium resolution but also for VHR imagery.
The use of statef-the-art methods is mostly limited, duettwelimited availaility of annotated data, which

is hard to obtain and needed to train the methods. This is especially the case for medium resolution imagery,
for which therearealmost no annotated datasets of large enough quantity for ship detection. The goal was
to fill this gap, withthe application of existing verpigh-resolution (VHR) imagery to medium resolution
imagery and by a novel approach of data fusion with AIS data.

A novel procedure of AIS and satellite imagery fusion was used to trairoftidteart modes for ship
detection, which were evaluated on large scale satellite imagery in the port of Long Beach and the greater
San Francisco Bay area, based on 2 years of satellite imagery data. The satellite imagery from those two
regions was used due tbe availability of historical AIS data fromJ.S. Coast Guarand the use of
commercidly higher satellite imagery from Planet Labs. The commercial satellite imagery was freely
available for research purposes for the whole area of California and served as asonggginst ESA
Sentinel2 imagery. Unfortunately, this research program was discontinued in October 2019 and the satellite
imagery is longer available The complete data for ESA Senti#elis freely available through their data
portals’. Eo-learn libray®® was also usedogether with Sentinel Hub trial accounts, available for research

34Zhi, Li, et al. "Ship detection in harbour area in SAR images based on constructing an accatateesea
model."2017 2nd International Conference on Image, Vision and Computing (ICIFE, 2017.

35 http://emsa.europa.eu/nexepresscentre/externahews/item/30250pernicusmaritime surveillanceproduct

catalogue.html
36 https://www.planet.com/pulse/sigettingon-opencalifornia/

37 https://scihub.copernicus.eu/

38 https://github.com/sentindlub/eclearn
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purpose®. The use of an elearn library greatly simplifies the retrieval and processing of the ESA Sentinel
satellite imagery, including statd-the-art approaches facloud detection, which was also utilized in our
AIS data fusion pipeline.

In the next sectiarsome of the main results of our proposed pipeline for ship detection out of satellite
imageryare listed which was presented at the OCEANS 2019 confef&nabere further details can be
found.

4.2. Results

In this sectionthe experimental setup and methodolagg presentedas well as the results difie
automated system for ship detectiDetection performancs reportedacross different locations (Port of
Long Beach, San Francisco Bay area), satellite constellations (Planet Labs Dove, ESA-Seatidehip
lengths.First, a description of thalS data fusion procedure, which was used to create a novel PIXSAT
(PIXEL Satellite DatasetJataset and conclude pyesenting main results of the proposed pipeline, together
with some qualitative results on the challenging satellite imagery from port areas.

4.2.1. PIXSAT dataset

PIXSAT dataset is éargescaledataset for ESA Sentin€l and Planet Dove satellite constethas of

optical imagery. Compared to existing datasets which are based mostly on VHR optical satellite imagery
(presented in D4.3), this presents the first attempt to blaldjascaledataset on medium resolution optical
imagery. Existingargescaledatasets such as HRSC2061are developed from Google Earth imagery,
which does not represent rdidi¢ conditions due tdhe selection of best possible imagery. Such satellite
imagery, without any clouds and other image distortions due to sensordiflardnt atmospheric
conditions, is not realistically processed in an operational environment. Othesdatgalatasets, such as
Kaggle Airbus ship detection dateéetre mostly captured ahe open sea, which greatly simplifies ship
detection and does not represent significant gains over SAR imagery in terms of ship detection performance.
PIXSAT dataset is in comparison to existing datasets, constructed from operational satellite imagery,
captuing regions of Port of Oakland (San Francisco Bay area) and Port of Long Beach for the years 2016
and 2017A proceduravas also developeth automatically combine AIS data from the ships with satellite
imagery and to automatically annotate shipositionsin satellite imagery while enricting them with
metadata that is available in AIS messages. Visually this procsguesented ifrigure49. This approach

was usedon all the available satellite imagery for the selected regions, for the years 2016 and 2017.
Extracted patches (yellow patches) were used to train ship detection models (in combination with existing
openly available VHR ship detection dataset#tpgether 2420 satellite imagesere obtainedrom Planet

Labs and 148 from Sentingl The large difference is due to much higheaily revisit times at Planet and

due to different implementation of API for satellite imagery retrieval, given the provided c#gigarest.

Cloud masks were also available through Planet API, for Planet imagery and ttireagthearn library,

for Sentinel2 imagery. InTable8, the number ofatellite images that were retrieved for specific locations

is reported satellite constellations and years.

39 https://www.sentinehub.com/

Y“Gtepec, Dejan, Tomag Martinlil, and Danij el Sko
Medium Resolution Satellite Opécl | maODGEANY 2080 MTS/IEEE SEATTLULEEE, 2019.
“Liu Z., Yuan L., Weng L-Resdutiod OpYicalrBatellité Imade D&xaket for. [ A

Ship Recognition arnd@GPRAWMe New Baselineso.

42 hitps://www.kaggle.com/c/airbeship-detection
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San Francisco Bay| Port of Long Beach
2016 2017 2016 2017

Planet | 192/78 | 1000 | 212/117 | 1016

Sentinel| 31/24 41 27/22 49

Satellite imagery was combined with AIS ddtaautomatically annotate satellite imagery with ship
positions and additional information, such as ship length and navigational status. The number of ships (as
reported by AIS), that were correlated with séteimagery for each region and year is presentcbie

9. Altogether 34894 ships were matched with Planet imagery and 5251 with Sentinel imagery. Only the
ships of &ngth greater than 30m were used for matching, due to our interest in commercial ships and spatial
resolution limitations of used satellite imageBhips whose reported navigational status in AIS messages

is notfiunderway using engidevere the ones that were matchéa have a direct positional matching,
without the need of interpolatioA.5-minutewindowwas usedfor AlS positional report averaging of such
stationary shipgo ensure better positional accuracy. Matched ships mightoleered with clouds or
distorted due to different atmospheric conditions or image distortions. The data from 2016 was used for
evaluation and 2017 for training purposgs have valid ground truth annotations, all the satellite imagery
from 2016 and its /s matcheswere manually inspected@he second number for the year 2016 dtle8
andTable9 provides the number of images containing at least one valid AIS matching and the number of
valid ships, respectively. AIS matches that were not covered by chmrdgetaine@nd can be recognized

by a human.

43 Cloud mask is visualized in black and rectangles covered in clouds by more than 20% are visualized in red. Yellow
rectangles are used as weakly annotated data for PIXSAT.

44 Contains modified Open California Satellite Imagery ©2019 Planet Labs Inc.ditemsler CC BYSA 4.0.
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San Francisco Bay| Port of Long Beach

2016 2017 2016 2017

Planet | 2085/446 | 10481 | 4076/1267| 18252
Sentinel| 669/199 | 957 | 1229/504 | 2396

An additional dataset was prepared out of the original PIX8&(®set, thavas used for training the ship
detection method. Besides using AIS data for evaluating ship detection performance, ship length
informationwas usedto provide weakly annotated dafor training ship detection methdeatches out of

the original satellite imagery of sizes 800x800 pixedse createdwith 200 pixels of overlap and merged

it with AIS data. Rectangles with the reported ship length wentredaround the reported shjgmsitions.

All the 800x800 patches with annotatiomsre manually inspectetb discard patches covered with clouds

or patches where some of the AIS matches were false. The number of patches and the number of annotated
ships for each data provider, locatiand year are reportedTable10. Only the data from 2017 was used

for training purposes, as 2016 dataraused for evaluation, as reportedliable8 andTable9.

San Francisco Bay| Port of Long Beach

2016

2017

2016

2017

Planet

137/231

740/1417

601/1282

1773/5350

Sentinel

33/188

39/278

40/708

102/1629

4.2.2.Ship detection in port areas

In this sectionthe experimental setup and methodol@gpresentedas well as the results tifeautomated
system for ship detectiorDetection performance across different ship lengshseported different
locations and satellite constellatioi&ate of-the-art Mak R-CNN (Regionbased Convolutional Neural
Networks)is used anabject detection framewotkfrom Facebook, which was adapted for ship detection.
Different experimentsvere performedwith regards to training datéirst, the existing dataset from
Airbus*®was utilized which represented a baseliAg. extensive augmentation on this existing dataset
also performedby reducing its resolution and as suatlapting it to our lower resolution ESA Sentigel
and Planet Labs satellimagery. Thenthese resultarere comparetb the model that was learned solely
on PIXSAT dataset, as well as a combination of Airbus and PIXSAT dahgetetection (retrievakate

is reportedwhich is considered successfullie ground truth position from AIS data is inside the reported
detection from our methodFurthermore, detection ratesare reportedacross different satellite
constellations, different locations andfdient ship lengthdViultiple experimentsvere conductetb test
different augmentation and training strategies, presentédhlell

45 https://github.com/facebookresearch/maskeibenchmark

48 https://www.kaggle.com/c/airbeship-detection
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Table 11 Overall ship detection performance (retrieval rate) across all ship lengths.

San Francisco Bay| Port of Long Beach

Planet | Sentinel | Planet | Sentinel

baseline 52% 54% 54% 41%
baseline Aug.) 50% 56% 52% 45%
PIXSAT 57% 86% 72% 92%

baseline +PIXSAT | 61% 87% 76% 84%

Ship detection rate across different ship lengths, for all mentioned experiments, locations and satellite
constellationsare alsaeported inFigure50, Figure51andFigure52.
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Figure 50. Ship detection performance acse different ship lengths witthe baseline (Airbus) model.
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Figure 51. Ship detection performance across different ship lengths vt PIXSAT dataset.
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Figure 52. Ship detection performance across different ship lengths with combiatzsets

Qualitative results on operational satellite imagery used in the experiments are pr&sgumtesi3 presents
theresults of the best performing model on Planet Dove satellite imagery, which can be directly compared
with baseline results, presentedrigure54. Similar results of the best performing model for ESA Sentinel

2 are presented Figure55. It is clear, that detections are robust, in the port area, aasvelthe area that

is covered with clouds. One can notice that the detections do not capture the whole area of the ship. This is
due to our training data from PIXSAT, where rectangles of ships lengths were fitted, to the reported AIS
positions, which areisually captured in the ship bridge area. The selection of rectangles size and the
influence of background on the detection performance is still to be investigated for future work. Results of
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the baseline model capture ship dimensions much more accubateityfails in the port area, due to lack

of training imagery in such an environment. The use of heading information in AIS data was also
investigated to make annotations much more accurate, but it did not prove to be reliable enough, especially
for statonary ships.

47 Contains modified Open California Satellite Imagery ©2019 Planet Labs Inc. licensed under-6& &Y.
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48 Contains modified Open California Satellite Imagery ©2019 Planet Labs Inc. licensed under-6& &Y.
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Figure 55. Results of the best performing model (baseline + PIXSAT) on ESA Senflriglagery for the Port of
Long Beach ared?

4% Contains modified Copernici&entinel data from Sentinel Hub licensed under CENBY 4.0.
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5.Analysis and prediction of road traffic conditions
with connection to port operations

The focus of ths chapter will be the analysis and predictions regarding traffic around the port area or in the
regional road network. The results of this task will provide additional operational insights and forecasts,
which will help operators at rerouting trucks to timand terminals, gather information about road
conditions in general or to simply provide operational insights about traffic out of historical data, which
can assist in making ports more sustainable. Road traffic data will be correlated with thealledatl n

the port, to explore possible correlations betwibem as well as with any other external data that might
prove useful, such as weather information or traffic evérits. predictive problens framedas a short

term traffic volume predictiorproblem, which is a webtudied research domain, with established
approaches and framework¥he investigation goebeyond stat@f-the-art time series forecasting
frameworks, by demonstratintpe superiority ofthe approaches, while of course trading #ese of
implementation and generality to other ports. The amount and kind of data that was analysed is diverse and
collected across different ports, thus makimgproposed methods widely applicable.

5.1. Predictions and analytics for PIXEL

Traffic data aroud the three ports in the PIXEL consortium (i.e. ASPM, PPAEmEA) was used for
traffic analysis and predictive modelling. Although data comes from different sources and in different
formats, a common data formaas agreedor all three use cases andnaist the same methodologsas
followed, thus providing common analytics and predictive modelling pipeline for any port with similar
data. First, a common methodolagydescribednd later, specifics of each use case separately.

The data format agreed, @sscommon across all the ports combined out of three attributdscation

id, timestampand value Value is the aggregation of values in a specifiedod (e.g. 1 hour). In the
ASPM/SDAG andThPA case, the value represents the number of vehicles that passed the location in a
certainperiod The value in PPA represents the average speed of vehicles passing the location in each
period as there was no data about the traffic volume available.

The nex step after preparing the data in the right format was exploratory data analysis [Bifekent
visualizationswere preparednd performedhe statistical analysis, that provided insights into traffic
dynamics and different influences on volume or ayerspeed of the vehicldsifferent seasonality's and
trendswere discoveredas well as features, thafluencethe amount/speed of the traffileather, holidays

and port activitiesvere considereds major contributing factors. Specific data, suchragads of cruise

ships were also considered in certain ports, as this can reflect in a higher number of caedaxisess
around the port area. Cargo vessels could canasg/trucks driving through city roads and entering the
port and were also comlgred in the ports, where vessel call data was available and could be combined with
road traffic data.

After performing EDA, datavas cleanednd new attributewere generatedhat were describing the data
and circumstances that were affectthgtargetvariable (i.e. traffic volume or speed). The need for data
cleaning and methods are specific for each use case. Attributes had to be adapted taulliffererchine
learning) algorithmsGeneralpurpose timeseries forecasting library, Facebook Prophetas usedwhich
provides a general framework for tinseries data analysis and predictive modelling and can be easily
integrated to the ports and the data, that is commonly available Ahewstom predictive mod&Vas also
preparedby transforming timeseries problem into a classical structured supervised ML problem, where
stateof-the-art gradient boosting methods were applied, which outperformed Facebook Prophet by a
significant margin but require more effort and data, to be integrated into porhsystéthe models were
evaluated on lefout datasets using different error metrics, used in Sewes forecasting domains,
presented in the result sections.

50 https://facebook.qgithub.io/prophet/
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5.1.1.ASPM/SDAG methodology

As already explained in D4.3, the data for ASPM/SDAG was collected frer8It.| (Sistema Informativo
Logistico Integratosystem.The a&quired dataset contains almost 95 million records of vehicles passing
the gatefrom March 2015 until August 201%®ata were collected from 11 locations around th¥G

(Friuli Venezia Giuliayegion. Five stations represent the port gates (one in Port of Monfalcone and four in
the Port of Trieste), four stations are located on the highways and regional roads, one station at the SDAG
(Stazioni doganali autoportuali di Goriziautoporto)parking area and one at Interporto di Cervignano.
Locations are geographically presentedrigure 56 and the actual cameras from the SILI system and the
gates at Port of Monfalcone, Figure57.
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Our goal was to develappredictive algorithm for shotterm traffic volume prediction on regiahroads,
to support the decisiemaking process, regarding rerouting the trucks to the inland parking premises, such
as SDAG, as well as to better predict the inflow of the trucks to the port area.

In D4.3 it was promised to use vessel call data to inproaffic volume predictions, but after the
discussions with the port, they noted, that enough warehouse capacity is available in the port, thus there
i snot a spike in the number of trucks entering
correlation, due to long term storing of the cargo. Enough vessel call data for ASPM was also not available
for this kind of analysis.

Datacleaning isan especially importanstep in machinéearning sincedata from real case scenarios is
rarely without noise or false information. Because Facebook Prophet can handle missing data, it was
important to remove false zero values and mark them as mibkinghicles mayass the gates of the port

in some time, gpecially during the night, weekends or holidays. To remove false zero values and set them
to missing (i.e. SILI sensor is down), a threshold of 24 haasschosenlf there is no vehicle in 24 hours,

that timeis markedas a missingvalue. Moreoverthe upper threshold had to be sathichis different,
depending o the location of the sensor. Given the results of statistical analysis and physical limitations of
the trucks and gates, the upper threshold for port gasesat 150 vehicles per 15 minutes. For highways,

the threshold is set to 750 vehicles per 15 minutes. Any value over the upper threshold is set to the threshold
value (150 for port gates and 750 for highways). NotettieBILI system captures traffic flowiav visual
cameras, which are prone to errors, thus miscounting the traffic.

For evaluation of the models, cregalidation (included in the Prophet library) on a horizon of 24 hours
was performed. Initial training data consisted out of 1200 days in ghetitoff and then predictions for
every 10 daysvere conductedThis corresponds up to 37 folds (there may be less in case of the missing
data). Different error metrics were calculated, such as MAE, MdAPE and RMSE. Error metrics will be
presentedor speific locatiors. MAAPE is Median Absolute Percentage Error and was used instead of
MAPE, due to problems of calculating MAPE where grotnuth value is 0.

Also, a different approach to solving tinseries forecasting was considerkdinite time-seriesdatawas
transformedo the classical structured form, used for supervised machine learning, by extracting lagged
features and encoding timestamps to different features, such as the year, hour of the day and the day of the
year, which were encoded as cyadi features via sinus and cosine transformation. For machine learning
algorithm, XGBoos¥ Python librarywas usedThe model was evaluated using crealidation for time

series data. It was not possible to directly P r o p h e t-validation meisdssoa new one was
developed. As initial training dataset of 20.000 records were used and the remaining (around 10,000

51 http://sili.regione.fvg.it/area/cms/portale/servirtuali/controllo_accessi/

52 https://xgboost.readthedocs.io
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records) were split into 50 folds and incrementally added (respecting chronological order). Same evaluation
metrics were used, as ftire Prophet method.

5.1.1.PPA methodology

The data from provider Telenavis, described in D4.3 was not available, so an alternative solution had to be
found. There are various services capable of providingtiraaltraffic information from a location. Some

of the providers considered were TomTdi#EREand Waze. The main problem was that most of them do

not have historical data availatdad, additionallythose who didhave were too expensivEherefore, two

main candidates were finally considered, TomTom HBRE, and finally it was decided to ustERE

Traffic API for the total number of free calls that it offers, which would allow us to collect more data, as
well as the amount of information in each request.

Once the service that was going to supply the infdomawas decided, it was time to choose @heaof
interest for which to collect the data. Moreover, the procedure for calling, collecting, and storing the data
was still pending.

For the Piraeus Port Authority, there was a defined area around the patti¢brthere was a special
interest.For this, according to the operation of the API, which returns traffic information from a bounding
box, it was decided to select the same area that the required areagtalidated by the porpresented

in Figure58.

37.951596, 23.616572 \MAZTPAT

Bounding Box 37.932861, 23.652994

Considering that there are 250,000 free daily calls, 125 different traffic status could be collected for each
day and each point inside the area. This allotlieéiccuracyof up to 15 minutes to be achieved between

two consecutive records. After variousttethe collection began at the end of July 2019, reaching in April
2020, almost six million records.

To store the information, a Linux machine was mounted in the PIXEL environment, which through a
service, allowed to execute a Python script every 1bt@awhich called the API, collected the information
and stored it in an SQ(Structured Query Languageatabase.

Based on a future ainm which to search for the relationship between the variation in speed and other
attributes, such as weather, porivagt and others, it was decided to replicate this procedure with weather
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provider information services, such as OpenWeathinwas carried out in such a wayallow the same
time precision of 15 minutes as the traffic.

Although the use of these semicallows access to this information and even the creation of history, it is
important to comment some of the drawbacks presented during the use of these.

Firstly, theHERE service returns traffic information inside a bounding box requested, so onenoéithe
drawbacks has been thtite addresses for which information was given have not been constant over time.
So, if we focus our predictions on a single location, we can stop receiving information after a while. Also,
some of the addresses go outsiderttggiired area.

Secondly, the service has been down several times during all these months, preventing the maximum
possible data collection and, therefore, no trdfibaviourshave been registered that may have been of
great interest to the prediction afghm (Figure59).
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Finally, the additional attributes that have been considerert in terms of meteorological information:
temperature, probability and intensity of precipitation, and wind speed. For example, it is plausible to think
that in rainy days the use of the vehicle increases, as well as during the days of low temmerhigihes

wind speeds, in which transportation on foot or bicycle is unsafe or unpleasant. This would reflect in lower
average speed, as there are more cars on the roads and surface is wet and slippery.

Besidesin terms of port activity, the types of velsthat according to the port authority have the most
impact on traffic (i.e. cruise ships), have been considered as welhe&mimber of cruises and their
capacity, the number of buses they require and the number of total passengers arrivingtdidkie peen

used. While the weather data is obtained from OpenWeather API, the port data comes from manual
extractions in Excel format, provided by the port authdiigure60).
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53 https://openweathermap.org/
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The data processing has been carried out mainly in Python with the Pandas library. However, other libraries
have been required for visualizations such as Matplotlib, Seaborn, and Geoviews.

5.1.2. ThPA methodology

After having analysed in D4.3 the global scopé¢heftraffic prediction foirhPA, during the period M1:2
M24 the technical team has used the different data to achieve those objectives. Thus, a methodology was
followed.

According to D4.3, the aim foFhPA operators (terminal, environmental) is to have a tool supporting
decision makinghat can be done in the port with regards to the congestion at the gates, using a Gate
Congestion Index. ThelMI (HumanMachine hterface) for such a tool was considered of paramount
importance, as it will be, after PIXEL, the way the personnel in thewmutd interact with and use the
information gathered (and created) by the traffic prediction model.

Additionally, regarding the data, a prioritization scale was done: (i) RR#diofrequency identification)

traffic data at the gates, (ii) weather, (ifdffic at the city, (iv) vessel calls. With this, the procedure would
focus first in analysing the most prominent data source and use it for the prediction and, later, once this had
been achieved, continue with other less relevant (for the predictitn¥aiarces.

Several meetings took place with the responsible team in theTpdtA] to define the HMI: the quantity

of information, the periodicity, the visual aspects of the results, prediction horizons, the way of representing
results and the layout. ARor access to the traffic data was exposed byTtheA. Historical data since

April 2018 is accessible for 4 different locations: gate 10A entry, gate 10A exit, gate 16 enhtgieaath6

exit.

For the case oThPA, a code was developed retrieving dafaall trucks passing the gates and it was
digested to be converted in a tiseries othevolume of cars at each gate in 60 minutes. Aggregated data
was exported to a CSComma Separated Valuesjuivalent format, which had 62193 rows. Despite the
fact,that the RFID sensors at the gategaliable sometimes experience missing vehicles, false repetitions
and other outliers. Facebook Prophet hathtliese cases properly, to some extent.

After the most i mportant dwas@vesed WPAteamtriedtoltaamposee n s or s
advanced predictions taking into the account the additional information provided. At this point,-the less
prioritised data was recovered for using it as inputs for the model. By order, this was the set of data
trangormed and to which format each:
1 Weather data daily aggregations
o0 Available data since September 2018
o0 timestamp, temperature, wind_speed, precip_intens
9 Traffic city data
o Available data since September 2018
0 timestamp, avg_nearbies_speed
1 Vessel calls data
0 since April 2018
0 timestamp, number of vessels in the port

Models were fitted and evaluated on different subsets of featuthe dlataset. Firstonly basic features

were used, and later learning dataset was enriched with weather, vessel calls aafficityformation.

After all theexecutionsthelaststep waghereflection. When executing the different notebooks, both for
EDA and for the prediction itself, certain insights were gained. At this point, and as it is reflected in section
5.2.3 different conclusions were extracted that will be, with no doubt, of heldHB®A for decision
making.
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5.2. Results
5.2.1.ASPM/SDAG

Port of Monfalcone gates

There was no way to associate entry and exit of the same vehicles, due to unavailability of the unique
identifier, so most of the EDA for port gates sensors will be done only on entry data.

Data was acquired for 4 and a half years, frommdid2015 to August 2019. Unfortunately, there are periods
of missing data. The longest period of missing data is almost 4 monthd$-lgnge@1).
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Figure 61. The number of vehicles entering the port of Monfalcone in a week.

The average number of entries per d&jgure62) during the working days is 717 (witighs on Thursdays,
757 on average and lows of 674 on Fridays) and 108 during weekends (168 is average on Saturdays and 48
on Sundays)The arerage number of entries during holidays is even le\8&@rvehicles per day.

Average number of entries

Figure 62. The average number of entries in the port of Monfalcone per daytiod week.
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Vehicles start entering the port aA®, with apeak at 7AM and continue throughout the day, stopping at
5PM (Figure63, left). Exits start later around/A@M and continue until aboutBM (Figure63, right). Most
of the activityhappens during the working days, less on Saturdays and almost nothing on Sundays.
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Wednesday Wednesday
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Even thoughthe average number of vehideis changing throughout the monthHsiglre 64, left),
seasonality has a similar characteristic for all the morflgife 64, righf). Values are norntiaed by

dividing all values in by monthsd maximum values.
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Although therearemissing data, yearly seasonality can be oles#in Figure65, Figure66, Figure67, and
Figure68. Peaksaappear duringhe summer, around July and Augustcause athe tourist season.

54Values are normalised. Value 1 is daily maximum, O is daily minimum.
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Figure 65. Traffic volume at location A34.
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Figure 66. Traffic volume at location Fernetti Valco.
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Figure 67. Traffic volume at location Prosecco.
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Figure 68. Traffic volume at location Rabuiese Valico.

Average daily number of vehicles based on the day of the week and location are preseigtac 69.
Fridays and Saturdays have the highest average of daily vehicles. At some locations, Tuesday and
Wednesday have the lowest traffic volume, on other locations the lowest traffic volume is on Sundays.

Rabuiese Valico Uscita
Rabuiese Valico Ingresso
Fernetti Valico Uscita
Fernetti Valico Ingresso
Prosecco Direzione TS
Prosecco Direzione VE
A34 Ovest dir- Villesse
A34 Est dir- Gorizia

14k

Average number of passes

Figure 69. Average daily number of vehicles on regional roads.

Daily seasonality for all the days of the wegkresented ifrigure70. Someof the locations have peaks

in the moning (b, e) and others in the afternoon (a, c, f, h). Some of the locations have peaks both, in the
morning and the afternoon (d, gyhichis due tahedaily migration of workers. Traffic volume throughout

days is similar for all working days, excepiday, that has higher traffic volume later in the ,day well

Daily seasonality of weekendsdifferent traffic starts later in the morning or it even lasts all day.
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Daily seaonality of traffic volumess changing throughout the year. During the summer, there is more
traffic in the late hours of the days and at nigkigure71).

55 Vvalues are normalised per day.
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Custom seasonality for each day of the weakadded Table12) with Fourier order of 7 and a period of
1 (Facebook Prophet method input parameters), which resulted in 7 additional Boolean features in the input
dataset.

ds y | Mon | Tue | Wed | Thu | Fri Sat | Sun
201503-01 00:00:00 4 | False| False| False | False| False| False| True
201503-01 01:00:00 1 | False| False| False| False| False| False| True
201503-01 02:00:00 3 | False| False| False| False| False| False| True

56 values are normalised per day.
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Example of Facebook Prophet model componisisesented irrigure72. The nodel was successful in
learning seasonalitys it was proverguring the EDAMost of the taffic appear®n Friday and Saturday,
and less on Sunday and durihgbeginning of weeks. Yearly peaks take place during the summer, in July
and August. Also, daily seasonalltgstwo peaks, one in the morning and on¢hieafternoon, agt was

provenduring the EDA. Weekendslaily seasonalitys alsodifferent than daily seasonality of the rest of
the days, as found in the EDA.
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Error metrics for regional roads locations are present&dhiel3. Some of the locations have haglerror

%

2016 2017 2018 2019 2020

Sunda;

a
=
=

londay Tuesday Wednesday

Day of week

Thursday Friday Saturday

o
&
: }
2
&

March 1 July 1

Day of year

September1  Nowember L January 1

B
)

00:00:00 04:00:00 08-00:00 12:00:00 16:00:00 20:00:00 00:00:00
ds

E

00-00-00 04-00:00 08-00-00 12:00-00 16:00-00 20-00-00 00-00-00
ds

st

)

wed

]

300

200

100

-100

-200

300

200

100

-100

=200

200

100

-100

-200

200

100

-100

-200

200

100

-100

=200

00:00:00 04:00:00 08:00:00 12:00:00 16:00:00 20:00:00 00:00:00
ds

00:00:00 04:00:00 08:00:00 12:00:00 16:00:00 20:00:00 00:00:00
ds

]

00-00-00 4-00-00 08-00-00 12:00-00 16:00-00 20-:00-00 00-00-00
ds

00-00-00 4-00-00 08-00-00 12:00-00 16:00-00 20-:00-00 00-00-00
ds

00-00:00 04:00:00 08:00:00 12:00:00 16:00-00 20:00:00 00-00:00
ds

becauselata quality for those was worse (more missing data).

Location MAE RMSE | MdAPE [%]

Rabuiese Valico Uscita 182.29| 241.04 89.36
Rabuiese Valico Ingressq 121.06| 171.73 41.01
Fernetti Valico Uscita 80.41 98.7 73.49
Fernetti Valico Ingresso 74.78| 114.67 19.48
Prosecco Direzione TS 89.46| 129.86 13.29
Prosecco Direzione VE 119.46| 190.51 14.83
A34 Ovest dir Villesse 59.35 91.04 14.39
A34 Est dir Gorizia 59.58 89.59 16.45
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To better understand the model and predictien®r metricswere calculated agresentedn Table 14,
related tahe location and hour of the day. Mean absolute errors are higher during the times of the day with
higher traffic volume.

[@]

o 2] ©

5 2 é % %) W g, g

405 |z |8 |8 |g8 |§ |¢&

3 < c S o o 3 -§

< g:) Lng L &5 o
0 47.4| 44.8 40.1 33.6 53.4 98.8 56.2 66.5
1 42.4| 44.4 31.2 31.0 70.7| 118.4 65.5 67.7
2 39.4| 41.6 31.3 29.0 58.9| 105.2 76.2 73.9
3 459| 40.3 40.0 26.1 73.1| 106.9 79.7 76.0
4 46.5| 36.9 33.2 23.8 72.4 99.1 66.2 67.3
5 43.4| 44.2 50.1 31.7 76.5 93.0 70.5 75.0
6 45.2| 51.8 65.1 41.8 78.2| 101.2 63.3 79.3
7 50.9| 79.9| 105.1 49.3| 123.6| 115.8 86.2| 114.6
8 68.2| 815 88.6 69.7| 137.9| 147.3 91.8| 167.8
9 55.2| 71.7 98.6 72.1| 105.0 99.6| 107.4| 205.4
10 49.8| 69.2| 108.6 80.1 73.1| 131.2| 143.9| 249.7
11 61.1| 64.4| 101.7 71.6 93.8 90.8| 151.4| 264.0
12 58.8| 76.4| 110.8 83.0] 105.9 82.2| 129.8| 252.9
13 66.2| 71.8| 112.3 71.2 547\ 134.7| 118.5| 233.8
14 73.4| 80.6 99.1 85.8 70.4| 132.0| 129.0| 228.2
15 73.7| 85.3| 111.8 94.8 79.2| 150.2| 153.8| 218.5
16 95.2| 80.5| 107.0| 110.3| 111.8] 158.1| 154.2| 256.3
17 90.3| 74.9| 102.5| 111.0f 135.8| 167.1| 149.3| 261.3
18 92.8| 63.3 85.3| 105.5| 126.0| 142.8| 126.4| 227.3
19 70.1| 40.7 71.3 80.6 90.6| 132.4| 101.0| 181.6
20 71.6| 41.9 59.3 51.8 72.2| 108.7 77.4| 128.4
21 49.4| 43.2 44.9 42.8 65.5| 124.2 72.0 70.6
22 42.2| 44.6 52.0 42.4 64.1| 117.4 70.7 63.1
23 45.2| 485 44.8 38.8 55.5| 103.8 515 67.6
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Structured dataset for XGBoost metPods assembled from the lagged features, cyclical encoded

timestamp features via sinus and cosine transformation, Boolean (0/1) features and classical numerical

features. Lagged features are all values from the last 24 hours and values from 2, 3 ara)@ dbife

same timeThe nonth of the year, day of the week and hour of the day are encoded using cyclical encoding.

Weekends and holidays are represented using Boolean fe@uwrear and our target value are classical

numerical features.

Example of 18 hours horizon (7 days) with actual traffic volume and prediction is preserfegline73.
Prediction is good and catches the trends and sledlgonality. For this example, MAPE is only 10% for 7

days horizon.
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MAE, RMSE and MdAPE error metrics for XGBoost predictive algorithm on horizbrhdurs are
presented iMable15. Results are significantly better than with Facebook Prophet.

Location MAE | RMSE | MdAPE [%]

Rabuiese Valico Uscita 27.97 52.3 9.19
Rabuiese Valico Ingressq 29.83 56.4 10.33
Fernetti Valico Uscita 23.51 35.55 11.95
Fernetti Valico Ingresso | 29.15 52.8 8.03
Prosecco Direzione TS 42.09 66.97 7.19
Prosecco Direzione VE 39.06 62 6.23
A34 Ovest dir Villesse 28.37 44.48 6.69
A34 Est dir Gorizia 26.76 43.79 7.47

MAE for thelocation and hour of the day is presentedale 16. As expectedthe error is lowerduring
thenight, because there d@ewercars on the roads.

57 https://xgboost.ai/
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0 16.5| 18.8| 13.0| 146| 25.1| 215| 11.9 9.5
1 13.0| 19.2| 15.0 8.7| 19.6| 21.7 8.4 6.4
2 12.8| 186 11.9| 115| 17.3| 18.1 6.0 5.9
3 93| 17.8| 13.9| 10.2| 13.6| 17.8 6.1 6.0
4 14.8| 16.2| 17.4| 11.0| 15.7| 26.9 8.3 8.7
5 15.3| 19.1| 21.6| 15.7| 21.0| 259| 14.4| 115
6 19.0| 31.5| 31.2| 22.2| 34.3| 395| 18.0| 25.6
7 27.3| 40.9| 34.9| 26.9| 49.0| 44.8| 31.2| 36.5
8 37.0| 43.9| 42.6| 25.1| 62.2| 46.4| 351| 33.2
9 40.8| 34.2| 40.3| 27.3| 50.1| 49.5| 49.1| 45.2
10 37.4| 36.7| 33.0| 25.6| 45.7| 62.4| 53.4| 454
11 26.2| 36.3| 40.0| 25.6| 54.1| 41.6| 39.5| 42.6
12 28.4| 36.2| 40.6| 27.7| 52.8| 45.0| 53.1| 58.9
13 35.0| 33.9| 44.3| 28.2| 51.0| 57.0| 43.2| 37.3
14 28.2| 29.1| 32.7| 32.6| 41.7| 56.8| 44.2| 36.5
15 37.2| 30.6| 35.5| 29.7| 46.9| 51.2| 39.4| 31.2
16 41.7| 35.0| 34.0| 319| 64.8| 45.8| 405| 375
17 40.4| 34.4| 48.2| 36.8| 72.0| 55.6| 38.0| 36.5
18 38.7| 30.5| 39.3| 34.6| 56.1| 47.0| 46.0| 30,5
19 30.0| 32.8| 24.9| 295| 64.4| 48.6| 32.7| 454
20 24.7| 25.2| 21.7| 25.1| 40.7| 32.2| 29.4| 27.2
21 27.8| 22.2| 22.7| 23.7| 39.9| 28.7| 26.8| 17.2
22 20.8| 17.6| 23.9| 21.8| 39.6| 31.5| 19.8| 13.8
23 19.7| 20.5| 14.3| 149| 32.7| 21.9| 185| 11.9

5.2.2.PPA

Before making any predictions, data was analysed. The objective was to better understand the typology of
the data, internal patterns, seasonality, peaks and others. For this, the base information colieiRiel by
is used.
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A standard data format allowseuse part of the analysis, performed on ASPM/SDAG use case and being
eadly applicable to others. All the scripts necessary to process the data and to develop the analysis have
been developed in Python and with the help of Jupyter Notebooks, such aatvdgublopment can be
exported in a more didactic way.

It should bestressed thain the use case of PP#jereare manydifferent locations within the area of
interest.Some of the charts have been applied to a specific locatiole others go through all locations.

It is important to highlight that the rest of the locations can present behaviour, but in general, they present
the same patternimternally. Thelocation for this analysis and for whidhe forecasting isdonein

fig U~ U Wbficlose b the port and affectetsit wasproven,by port activity.

One of the first analyses that took plasas to represent the information of the time series in a linear graph
that included the entire period for which the record is availas can be seenkigure74.

70

current_speed

20

Jan g Jan 9 Jan 10 Jan 11 Jan 12 Jan 13 Jan 14 Jan 15
2020

timestamp

Figure74 has been generated with Plotlowing to dynamically select and deselect locations, as well as
to increase the temporal precision, in this case up to the maximum availablenghutgs. Inthis
representation is impossible to see the seasonality of the data, so a series of fiaatriap graphs will

be presentelielow, thatwill allow it.

In Figure 75, information from all location representedhemean speed for each hour of each manth.
the case of having more than one record for the same hour, thesenaiegsouped.
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As can be seen on the heat mBigre75), at the corresponding hours betweefiNd and 7PM, there is
a noticeable reduction in speed, corresponding to working hdlgis.there isa difference throughout the
months, wih greater variance in the summer months.

Besidevariability throughout the yeawith the use o& similar heat map, but grouping the information for
the days of the week, the conclusions of seasonality are even clearer, as can bEigesVih
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- 20
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g 25
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g
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21
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20

= i Wb~ ch
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On this occasion, it is evident how avorking days, the traffic density is much higher compared to the
weekends, when fluidity is practically tot&llso, on weekdays, it is visible how the hours betwed&i7

and 9AM and 4 PM and 6PM, are the times of greatest congestion, normally corretipg to job
migrations.

Next, all the graphs and analysis presented will be from the previously selected location. Another similar
way in which to be able to observe the seasonality of the data, both weekly and yearly, is by representing
the informationm a line graph, with time as the horizontal axig=ilgure77 you this behaviouis reflected,

that had been presented in the general heat deggctinghow working days generally show less fluidity
compared to weekendalso, seasonality throughout the day is observable, even in which the working
hours between AM and 7PM, are again those that represent lower average speed values.
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Figure 77. Speed variations per hours for different days.

If weekly informationis grouped ito two categoriesbusiness days and weekends, the behaviour described
above becomes much mareident, axan be seen iRigure78.
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Figure 78. Speed variatio per hour of the day between work and weekend days.

Finally, the last part of the analysis is to describe the behaviour of the,tfafficne day of the week
throughout a yeaitt is clearhow a Monday irdanuary, presentsdifferent behaviour than otire August,
mainly as it is a holiday month, in which road traffic is usually less than the rest of thé&igeae.79
shows the different behaviour fbuesdayand throughout the year.
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Once all the base information has been analysed, the predictions made with Prophetgm@rseaisting
algorithm, will be described.

Three different sections will be considered depending on the type of data used:

a. Baseline traffic data
b. Baseline traffic data plus weather data.
c. Baseline traffic data plus cruise ships data.

First, it should be noted that national holidays have been manually entered as input to the model, since in
this way if a variations observedn behaviour on those dates, the model will associate the cause with said
variation and perform better estimatfoAlso, a daily seasonality has been addethe able to observe the
weekly and daily seasonality described above, butisioig statistical analysis, as previously performed.

For each of the use cases, different training and test datasets have Iseardciedto the availability of the

data, but all the procedures have been applied for the different sections.

For this occasiorthe available historical data from August 2019 to April 202@s usedit was decided

to use the last nmth as a testvhile the first seven months as train data. It is important to highlight that,
with this type of data, time series, it is important to have a history of all periodicities, whether daily, weekly
or even annual, since the situation may atisat having used the last month of April for testing and not
having the information for that month for trainirtbenthe seasonality of that month is not learned and
therefore the predictions are of poorer quality.

Figure80represents the division described above. The black dots are real traffic data points that have served
to train the model and the blue line is the model once trained, with theictigspgper and lower margins.
In this case, a prediction horizon of the same length as the test horizon has been selected.
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Figure81 describes the particularities learned by the model. Firstly, the general trgmekdf which even
though it has someariability, isminor. Anyway, the trend is in a decline since the beginning of the year.
Secondly, the impact that holidays hagealso presenteddditionally, weekly seasonality is presentdd.

was also noticed thahaverage, speed is lower during working days.
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