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Executive Summary

As part of the EU-funded PIONEERS project, the Cargo Flow Predictor demonstration at the Port
of Antwerp-Bruges (PoAB) explored how predictive analytics can improve port logistics
efficiency, enable modal shift, and contribute to climate-neutral and smart mobility objectives
under the European Green Deal.

The digital solution forecasts two critical events for containerised cargo:
e The Next Mode of Transport (NMOT) (road, rail, or inland waterway)
e The Gate-Out Timing (day of pickup from the terminal)

This supports more proactive and sustainable logistics planning and lays the groundwork for
future integration into PoAB's digital ecosystem.

Objectives
e Enhance operational efficiency and reduce port congestion
o Promote modal shift towards sustainable transport (rail, inland waterway)
e Increase data-driven decision-making capacity for terminal and transport operators

o Demonstrate the feasibility of Al-driven predictive tools in a real-world port environment

Methodology
e Used anonymised COARRI and CODECO data from a deep-sea terminal (July-Dec 2023)
e Developed machine learning models, including stacked meta-models

e Built an interactive dashboard to visualise model performance and support stakeholder
engagement

Key Results

1. NMOT Prediction
e Best-performing model: SVM + Naive Bayes + Random Forest meta-model
o Balanced Accuracy: 74.65%

e AUC-ROC: g7.1%

D6.5 Demo report on the Cargo Flow Prediction 10



PIONEERS

e High performance for road and inland water transport; rail accuracy limited by
underrepresentation

2. Gate-Out Day Prediction
o Reformulated as a classification task for better performance
e Best model results:
o Full Containers — Balanced Accuracy: 64.83%
o Empty Containers — Balanced Accuracy: 75.48%

e AUC-ROC scores above 93% confirm strong predictive reliability

Strategic Value

This demonstration contributes directly to EU policy goals by:
e Supporting the modal shift agenda through early visibility on hinterland transport modes
e Enhancing resource efficiency at terminal level via optimised stacking

o Demonstrating how Al and machine learning can drive sustainable digital innovation in
ports

The project has also delivered a scalable dashboard prototype that can be extended, improved
with new data, and potentially transferred to other ports or intermodal nodes.

Challenges Addressed
o Data sharing barriers due to legal and organisational concerns (GDPR, silos)
e Class imbalance, especially for rail, due to data availability constraints

e Need for stakeholder buy-in, especially from top-level decision-makers

Next Steps
1. Model retraining with additional time periods to detect changes and avoid model drift

2. Pilot real-time use by predicting NMOT and gate-out timing for current COARRI files, with
CODECO validation

3. Move to production integration within POAB's IT ecosystem and expand stakeholder
access

4. Explore transferability to other ports or intermodal hubs within the EU

D6.5 Demo report on the Cargo Flow Prediction 11
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Conclusion

The Cargo Flow Predictor demonstrates the power of predictive analytics to enhance
operational decision-making at the Port of Antwerp-Bruges. With continued data access and
stakeholder collaboration, the solution is well-positioned to move from pilot to production—
contributing to a smarter, greener, and more efficient port ecosystem.

D6.5 Demo report on the Cargo Flow Prediction 12
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1 - Introduction

As outlined in Deliverable 3.6 [1], the overall objective of this demonstration is to forecast transport
flows to and from the Port of Antwerp-Bruges. These forecasts aim to support the planning of
new strategic scenarios that will optimize flows and contribute to a more sustainable transport
ecosystem.

The ambition aligns with the goals of the Modal Shift and Flows Optimisation pillar, particularly
those relating to modal shift:

e Shift a substantial portion of freight to rail, inland waterways, and short sea shipping.

e Make sustainable alternatives widely available within a multimodal transport system,
supported by appropriate incentives to drive the transition.

e Improve transport flows in ways that support more sustainable scenarios.

The main interest of the Port of Antwerp-Bruges has been the prediction of the Next Mode of
Transport (NMOT) for containers arriving at the terminal. This focus has shaped the experiment
described in detail throughout this document.

The specific objectives of the Cargo Flow Predictor are:

e Toanalyze data for use by port stakeholders, enabling visualization of various operational
and strategic scenarios.

e To build a robust and scalable machine learning model.
e To extract maximum value for stakeholders from the available container data.
This document is structured as follows:

e Section 2 provides an overview of the demonstration, summarizing the objectives defined
during the scoping phase.

e Section 3 details the implementation of the demonstration and the testing of different
models for NMOT prediction and gate-out date/time prediction.

e Section 4 presents the evaluation of the demonstration and its key outcomes.

e Section 5 outlines the conclusions, lessons learned, and next steps.

D6.5 Demo report on the Cargo Flow Prediction 13
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2 — Demonstration overview

From the beginning of the PIONEERS project and throughout the scoping phase of this
demonstration, the Port of Antwerp-Bruges (PoOAB) has focused on predicting the Next Mode of
Transport (NMOT) for containers arriving at the terminal.

The significant growth in maritime volumes handled by PoOAB—combined with high container
dwell times, large import call sizes, and vessel delays—has led to operational inefficiencies and
increased costs at deep-sea terminals. These terminals remain congested, and the flow of
containers to the hinterland does not function smoothly.

As part of the Containerplan 22-30, a set of digitalisation priorities has been defined in
collaboration with stakeholders to optimize container-related operations. One of the key use
cases identified through this digitalisation track is the NMOT, which has been marked as a high-
priority project by POAB due to its complexity and stakeholder involvement. This aligns directly
with the concept of the Cargo Flow Predictor demonstrator in the PIONEERS project.

Terminals seek early insight into the mode of transport that will be used to pick up a container—
along with the timing, grouping, and priority. Early access to this information allows for better yard
stacking, reducing the number of movements needed to retrieve containers. This results in more
efficient operations and faster turnaround, as containers are positioned at the correct location
(trucking gate, waterside, rail side).

The goal is to develop a digital solution that predicts the NMOT for full import containers, the
reliability of that prediction, the estimated pickup time, and any grouping or priority information.
During the Proof-of-Concept (PoC) phase, a future-proof architecture should be adopted to
enable future integration into PoAB's digital ecosystem.

The PoC aims to determine whether NMOT can be reliably and promptly predicted to support
improved yard planning and operational efficiency at terminals. These predictions may also
benefit other stakeholders.

The NMOT should be predicted for full import containers arriving at POAB and picked up from
deep-sea terminals by any transport mode. The specific items to be predicted are:
e The mode of transport that will be used to pick up the container.
e The date and time of pickup.
Predictions must be available to terminals in time to be included in vessel discharge planning.
The PoC is jointly developed by:
o Port of Antwerp-Bruges - Engaging stakeholders regularly to monitor adoption and
evaluate the PoC.
o NxtPort - Partnering with POAB to potentially embed the solution into a broader project
integrating NMOT into CPu.
e Mosaic Factor - Responsible for developing the prediction model and visualising results
in user-friendly dashboards, which will support evaluation and planning of broader
integration into the POAB ecosystem.
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Steps followed in the demonstration implementation:
1. Stakeholder engagement and concept presentation to terminals.
Further understanding of processes and business context.
Data provision (e.g. historical gate-out data and real-time container discharge data).
Data exploration and requirements refinement.
Model development and optimization.
Validation and integration into the pilot.
Implementation.

N OO N WN

2.1 — Stakeholders’ analysis

Below is a summary of the key stakeholders for the NMOT solution, along with their interests:
1. Port Authority

POAB is leading the NMOT PoC as part of its Containerplan initiative to enhance container
throughput in port terminals.

Potential benefits:
e Areliable NMOT prediction enables improved container throughput.

e In future phases, NMOT prediction could facilitate modal shift, contributing to emission
reductions in the port area.

2. Terminal Operators

Operators of deep-sea terminals at POAB are the primary beneficiaries of NMOT predictions. They
also own crucial data, including gate in/out and container discharge information.
Potential benefits:

o« NMOT predictions allow terminals to store containers at the correct gate corresponding
to their mode of transport.

e When combined with pickup time predictions, terminals can further optimize stacking and
enhance operational efficiency:.

3. Transport Operators

These companies operate trucks, barges, or trains that transport containers from deep-sea
terminals to inland destinations, typically following instructions from BCOs or their appointed
forwarders.

Potential benefits:

e Improved container availability through fewer yard movements can reduce waiting times
for transport operators at the terminal.
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2.2 - Requirements

Primary requirements for the NMOT PoC implementation:
Prediction of the NMOT for an import container (must-have):
e Anindication of the estimated reliability of the NMOT prediction.
e Availability of the prediction in time to inform terminal planning.
Prediction of the pickup time for an import container (nice-to-have).
e Anindication of the estimated reliability of the pickup time prediction.
e Availability of the prediction in time to support planning adjustments.
The solution must ultimately be integrated into existing CPu systems supporting NMOT.
Data Requirements:

The prediction module should be initially trained using available historical data. The key datasets
include:

e Terminal and Carrier Data: Information on vessel, terminal, carrier, and port congestion.
Includes historical gate-out data from terminal operator systems (CODECO).

o Historical Discharge Data (COARRI): Contains valuable data such as bill of lading,
consignee, and destination.

o PortStays Data: Nautical data detailing vessel stays in port.
Additional datasets were considered but not shared:

e Customs Data: Could provide information on origin, destination, contents, and consignee,
supporting trade flow and supply chain analysis.

e Transport Network Data: Describes available transport modes and connections between
transport nodes (ports, terminals, inland hubs), supporting likely mode identification based
on location and options.

e Industry Reports and Forecasts: Offer insights into market trends, trade flows, and
strategic positioning of carriers and terminals, which could enhance NMOT predictions.

Further analysis of the datasets received is provided in Section 3.2.
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3 - Demonstration implementation

This section outlines the full implementation of the NMOT prediction model, from dataset
description and analysis to the results of the prediction models for both NMOT and gate-out
datetime.

3.1 - Datasets

Port of Antwerp-Bruges provided Port Stays information®. While NxtPort made available COARRI?
and CODECO? messages from a deep-sea terminal at the Port of Antwerp-Bruges covering the
period from July 1% - December 31, 2023. These messages are (partly) anonymised (terminal,
shipping line, container prefix, etc) Details on the content and format of each dataset are
provided below.

3.1.1 - COARRI dataset

A COARRI XML message includes discharge movements for multiple containers from a single
vessel. The most relevant data are the container ID and the discharge date and time. Additional
contextual information includes:

e Details of the maritime transport (vessel name and carrier)

o Container characteristics (type, full/empty indicator, import/export/transshipment
status)

e Location information (port of loading, port of discharge, stowage cell)

A detailed list of attributes can be found in Annex 1 - COARRI dataset attribute detail.

3.1.2 - CODECO dataset

This dataset contains gate-out details for individual containers. Key elements include the
container ID, gate-out mode of transport, and gate-out date and time. Contextual information
includes:

e Maritime transport details (vessel name, carrier)
e Container characteristics (type, full/empty indicator, status)

e Mode of transport details

! https.//www.c-point.be/nl/nieuws/portstays-api-biedt-een-overzicht-van-alle-zeeschepen-die-de-
haven-van-antwerpen-aanlopen

2 https.//service.unece.org/trade/untdid/dooa/trmd/coarri_c.htm

3 https.//service.unece.org/trade/untdid/doob/trmd/codeco_c.htm
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e Location information, such as port of loading

Some of this data overlaps with attributes in the COARRI file. Attribute details are listed in Annex
2 - CODECO dataset attribute detail.

3.1.2 — PortStays dataset

An additional dataset, PortStays, contains nautical information. Table 1 outlines the shared
attributes:

Table 1. PortStays shared attributes

Stay humber Unique identification of the vessel stay in the port
Ship name Vessel name
Unique seven-digit vessel number the company issues to
IMO Number each vessel
Call Sign |dentification of the call sign
Ship type Type of cargo carried by the ship
Previous port of call Previous port stop
Next port of call Next port stop
Berth at arrival Berth in the POAB where the vessel arrives
Stay start Exact date and time of the vessel port stay start
Time berth Date and time arriving to this berth
Berth at departure Berth in the POAB where the vessel departs
Stay end Exact date and time of the vessel port stay end
ETA (Estimated Time of Arrival) Estimated time of arrival of the vessel to POAB
ETD (Estimated Time of Departure) Estimated time of departure of the vessel from PoAB

The dataset contains port call information (each port call includes one arrival and one departure
voyage, and may include zero or more transit voyages). Consequently, the same stay ID may
appear multiple times.

3.2 — Data preliminary analysis

A preliminary analysis was conducted to understand how the three datasets relate and to identify
relevant attributes for model training and testing.

The goal is to predict the gate-out mode of transport and gate-out date/time for containers
arriving at the port. The unique identifier for a gate-out movement in the CODECO file includes:

e EquipmentDetails.EquipmentldentificationNumber — Container ID
e  TypeOfMeansOfTransportldentification - Gate out Mode of transport
e DateTimePeriod.DateTimePeriod - Gate out date and time

Each gate-out movement was assessed to determine which contextual attributes would be most
useful for prediction. Many attributes are shared between the COARRI and CODECO files.
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Link between CODECO and COARRI:

Same Container ID + same |[dOfMeansOfTransportldentification + same IdOfMeansOfTransport. In
case than more than one COARRI, the one with CODECO Gate Out date > COARRI Discharge date
considering the last COARRI.

Link between PortStays and COARRI:

Link is performed using vessel name (portstays.ship_name and COARRI.Transportldentification.
ldOfMeansOfTransport) and stay start and stay end. The COARRI discharge date and time must
be between stay start and end.

The following tables list the attributes selected as most relevant for prediction.

Table 2. PortStays relevant attributes

Ship name Vessel hame
Ship type Type of cargo carried by the ship
Previous port of call Previous port stop
Next port of call Next port stop
Stay start Exact date and time of the vessel port stay start
Stay end Exact date and time of the vessel port stay end
ETA (Estimated Time of Arrival) Estimated time of arrival of the vessel to POAB
ETD (Estimated Time of Departure) Estimated time of departure of the vessel from PoAB

Table 3. COARRI relevant attributes

Vessel name Vessel name (ship_name in portstays)
IMO number IMO Number (call sign in portstays)
Voyage number Descriptive info, only to be used as extra info
Carrier ID Identifier of the carrier
Container ID ID of the container
Type and size of the discharged container. The different
Container size and type values for this attribute are detailed in Annex 1.
Party ID Shipping line of the container

3 - Import; 6 - Transhipment (transhipment ones will not
have a CODECO as NMOT is maritime, these ones will be

Status discarded)
Full/Empty 5is full, 4 is empty
Discharge Date/Time Date and time when the container is discharged

W¥hen location type = ‘g’ (identifier of port of loading) save
the location name is saved, providing the port code of the
Location Type and Name port of loading of the container

Containers marked as transshipments (status 6) will be loaded onto another vessel and their
NMOT is considered maritime. These COARRI records will not have corresponding CODECO
records and are excluded from modelling.
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Table 4. CODECO relevant attributes

Vessel hame Vessel hame (ship_name in portstays), same as in COARRI
IMO number IMO Number (call sign in portstays), same as in COARRI
Container ID ID of the container, same as in COARRI
Gate out Date/Time Date and time when the container leaves the terminal
Gate out mode of transport 2 (rail), 3 (road) or 8 (barge)
Gate out Carrier ID Carrier of the gate out mode of transport
Gate out Carrier ID identifier |dentifies the name of the transport means

Some CODECO attributes are excluded as they are already available in the COARRI file.

3.3 — Overall Methodology

The overall methodology consists of multiple steps designed to meet the experiment's goals.
The first step, Model-Agnostic Data Preparation, involves preprocessing, merging, and
structuring data from different sources (COARRI, CODECO, PortStays) to create a suitable dataset
for modeling.

Two main predictive models were developed:
o NMOT Prediction (Classification):
Predicts the next mode of transport based on historical data and selected features.
e Gate-Out Datetime Prediction:
Handled separately for full and empty containers, using two approaches:

o Regression: Predicts how many minutes after the discharge datetime the gate-out
will occur.

o Classification: Predicts the day category of the gate-out (e.g., same day, next day,
2 days later, etc)).

Each of these steps and their components are illustrated in Figure 1 and further described in the
following sections.
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Model-agnostic

Data Preparation

o Gate Out Datetime
1
1 1
Classification Full Containers Empty Containers
Classification Classification

Figure 1. Overall methodology

3.4 - Model-Agnostic Data Preparation

This step is considered “model-agnostic” because it applies uniformly to both the NMOT and
Gate-Out Datetime prediction models. Later, additional “model-specific” data preparation steps
will be introduced for each individual model.

The data was provided in multiple formats:
e PortStays: A single xlsx file
e COARRI and CODECO: GS1 XML files
In summary:
e A COARRI file contains information on discharged containers.

e« A CODECO file contains gate-out details for a single container.

3.4.1 - PortStays data file
The PortStays dataset, provided in Excel format, required no reformatting. However, each vessel
stay was represented by two records:

e One for arrival

e One for departure
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Arrival records were missing departure-related columns, and vice versa. To resolve this, the data
was merged row-wise based on shared identifiers, creating a single row per vessel that includes
both arrival and departure details.

3.4.2 - COARRI and CODECO data files

The XML structure of COARRI and CODECO datasets was converted into flat CSV format to
simplify and accelerate analysis. These XML files contain nested elements, which were parsed
and transformed into tabular structures.

For modeling purposes:

e AllL XML files were parsed into a single CSV file for each dataset: one for COARRI, one for
CODECO

e This approach significantly reduces run times in later stages

In future iterations, this XML-to-CSV process can be automated to streamline updates and model
re-training.

Renamed attributes are listed in Annex 3 - COARRI and CODECO attribute renaming.

3.4.3 - Data Combining (COARRI, CODECO, PortStays)

The goal is to produce one unified dataset for use in model training. The following files were
combined:

e Coarri_data.csv
e Codeco_data.csv
e Portstays_JulyDec2023.xlsx

For the combination of datasets,

e First, COARRI and CODECO datasets are merged using the common columns of
“Container ID", “IMO Number” and “Vessel Name". & Coarri_Codeco
e Thenthe output of first merge is merged with Portstays_JulyDec2023 using “Vessel Name”
from Coarri_Codeco and “ship_name" from Portstays_JulyDec2023. Here, another
condition was applied due to the lack of specific identifier:
o Discharge Datetime (Coarri_Codeco) must be later than stay_start
(Portstays_JulyDec2023) AND
o Discharge Datetime (Coarri_Codeco) must be earlier than stay_end
(Portstays_JulyDec2023).
e The final merged dataset is referred to as “Combined_data”.
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3.4.4 - Attribute Subseting After Combination

From the merged dataset, irrelevant attributes were dropped, and only selected variables were
retained. Below are the selected attributes:

Table 5. Selected Attributes from COARRI

Vessel Name
Voyage Number
Carrier ID

Party ID
Container ID

Vessel Related (COARRI)

Size and Type ™

Container Related (COARRI) Full/Empty ™

Discharge Datetime

Location Name 2 Coarri (Loading Location)

In Table 5, “Size and Type", and “Full/Empty" attributes are analysed by matching their values in
CODECO data. It was found that there were some mismatches. According to the information
provided by PoAB, CODECO values for those attributes are used as reference; the incorrect
values in these attributes in COARRI are replaced with the ones from CODECO.

For “Status Coarri" column, after the merge, it was seen that except a few records, the rest was
with Status Coarri = 3. It was used as a filtering where “Status Coarri = 3". After that, it is dropped;
thus, it was not shown in Table 5.

Table 6. Selected Attributes from CODECO

: Gate Out Datetime
Container Related (CODECO) Gate Out Mode of Transport

In Table 6, “Size and Type" and “Full/Empty” was not shown since they were used only to correct
the inaccurate values in COARRI columns and later dropped.

The two available attributes from CODECO are the target variables; the attributes that will be
predicted.

Table 7. Selected Attributes from PortStays

previous_port_of_call
next_port_of_call
ETA

ETD

Vessel Related (PortStays)
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The additional four attributes that are brought from Portstays dataset (Table 7) are about the
vessel from COARRI data. Before the extraction of these attributes, first a compressing operation
for rows is applied. In the PortStays dataset, there were 2 records for same vessel: (i) arrival record,
(ii) departure record. The records’ compressing was done restructuring data to have only one row
to show both arrival and departure information.

As the final version of the structure:

Table 8. Selected Attributes of Combined Data

Voyage Number
Carrier ID
Party ID

previous_port_of_call

Vessel Related (COARRI)

next_port_of_call
ETA

ETD

Container ID

Vessel Related (PortStays)

Size and Type

Container Related (COARRI) Full/Empty

Discharge Datetime

Location Name 2 COARRI (Loading Location)
Gate Out Datetime

Independent Variables

Container Related (CODECO)

Gate Out Mode of Transport

Dependent
Variables

3.4.5 — Additional Filters

Additional filtering was applied to retain only valid records:

e The datasets of COARRI and CODECO are filtered to keep only the rows where Status = 3.

e Alltranshipment related records are removed.

e From PortStays dataset, the records with next_port_of_call = “Antwerpen" are removed.

e Location Type 2 from COARRI is used to filter the rows to keep only Location Type 2
COARRI = 9.

e Asitis stated in Fout! Verwijzingsbron niet gevonden., the values in COARRI data for Size
and Type and Full/Empty are corrected using ones coming from CODECO. This was a
mismatch issue for container information.
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3.4.6 — Feature Engineering

3.4.6.1 — Creation of New Attributes

In addition to the attributes that are selected in Fout! Verwijzingsbron niet gevonden., using
PortStays dataset, new attributes are created to have more information about the previous and
next ports, and also to see if there will be an impact when these kind of information is used for
the target variable(s) prediction. The new attributes for vessel related information are described
in Table 9.

Table 9. Feature Engineering - Vessel related new attributes

City Country Seaway Distance Region

Here each row is a For each city, the The seaway distance  The region of the city
unique city that belonging country is calculated such as Europe,
appeared either in information mapped.  between the given Africa, Russia &
previous, or next city port and Port of Eastern Europe,
ports (or in both). Antwerpen. North America, Asia

For Size and Type attribute, using the universal definitions, new attributes are defined, and later,
groups of containers depend on their size and type are created. The detail of this attribute values
is available in Annex 4 - Container size and type attribute detail. The new attributes for container
related information are described in Table 10.

Table 10. Feature Engineering — Container related new attributes

Size and Type Original Size and Type (unique) values

(Original Column)

Length Container Length

Height Container Height

Characterstics Eg. ‘General purpose without ventilation”, “Open-top

container’, “Platform (container)’, “Pressured tank container
(liquid and gases)”, “Thermal container”
Characteristics_Additional More detailed (but with proper group structure) characteristics
LH_Group For the containers that have the same Length and Height pair,
they are assigned to the same LH_Group
C_Group For the containers that have the same Characteristic group
information, they are assigned to the same C_Group
CC_Group For the containers that have the same Characteristics and
Characteristics Additional pair, they are assigned to the same
CC_Group

Using the available datetime attributes (except the Gate Out Datetime, which will be one of the
target variables), there are more attributes defined, described in Table 11:

Table 11. Feature Engineering - Date and time related new attributes

New Datetime Related Attribute Definition

Expected Ship Turnaround Time ETD-ETA
Time to discharge from ETA Discharge - ETA
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Discharge Datetime Day Period = Bucketizing datetime periods into morning, afternoon,
evening, night

ETA Day Period Bucketizing datetime periods into morning, afternoon,
evening, night
ETD Day Period Bucketizing datetime periods into morning, afternoon,

evening, night
Discharge Datetime Day of Week From Monday to Sunday
ETA Day of Week From Monday to Sunday
ETD Day of Week From Monday to Sunday

For the three “Day Period” related columns, daytime ranges are created as follows:

e Morning: From 06:00 to 11.:59.
e Afternoon: From 12:00 to 17:50.
e Evening: From 18:00 to 23:59.

e Night: From 00:00 to 05:59

3.4.6.2 - Categorical Attribute Encoding
The categorical variables in the final dataset are encoded with different proper methods as
follows:

e NMOT (target variable): Manual mapping is used as the encoding method, ensuring
consistency with the domain-specific relevance of each category, which is the mode of
transport.

o Ifthe NMOT is 8 (Inland Water) then it is encoded as 0.
o Ifthe NMOT is 3 (Road) then it is encoded as 1.
o Ifthe NMOT is 2 (Rail) then it is encoded as 2.

e Full/Empty: Label encoding* is used to convert “Empty” and “Full” into 0 and 1 in the
column.

e Loading Location, Party ID, Carrier ID: Target Mean Encoding with smoothing® This
method is chosen due to the high number of unique values in each attribute.

e Discharge_DayTime, ETA_DayTime, ETD_DayTime, Discharge_WeekDay,
ETA_WeekDay, ETA_WeekDay, ETD_WeekDay: Ordinal Encoder® is used since the
category orders has a meaning (e.g. from morning to night, from Monday to Sunday).

3.5 - NMOT Prediction Model

This section provides a detailed explanation of the NMOT (Next Mode of Transport) prediction
model. The objective is to predict the mode of transport that will be used to pick up containers at
the terminal. The task is structured as a multi-class classification problem:

e Class 0: Originally “8" - “Inland Water”

4 https:/ /scikit-learn.org/stable/modules/generated/sklearn.preprocessing.LabelEncoder.html
5 https.//scikit-learn.org/stable/modules/generated/sklearn.preprocessing. TargetEncoder.html
® https.//scikit-learn.org/stable/modules/generated/sklearn.preprocessing.OrdinalEncoder.html
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e Class 1: Originally “3" - “Road"

e Class 2: Originally “2" - “Rail"
The section covers all steps specific to NMOT prediction:

(i) Data preparation
(ii) (i) Experimental design and results, including the meta-model development.

3.5.1 - Data preparation
The preparatory steps taken prior to modeling are summarized in Figure 2 - NMOT Data
Preparation Steps:

. Stratified
. . Correlation Imbalance . Data Feature
Attribute Selection Analysis Analysis Traslr’;—l'il'test Balancing Scaling

Figure 2. NMOT data preparations steps

Attribute Selection: Following preprocessing and feature engineering (as outlined in the
previous section), 19 features were selected for NMOT prediction:

Table 12. Selected Features for NMOT prediction

Party ID Carrier ID Full/Empty

Loading Location Previous_port_distance Next_port_distance

Length Height Expected_ship_turnaround_time
Discharge_DayTime ETA_DayTime ETD_DayTime
Discharge_WeekDay ETA_WeekDay ETD_WeekDay

LH_Group C_Group CC_Group

NMOT

Correlation Analysis: \Xith the attributes selected above, pair-wise correlations are calculated,
and a correlation matrix is created.
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Figure 3. NMOT Correlation matrix

A Pearson correlation matrix was generated (see Figure 3 = NMOT Correlation Matrix). Key
findings:

e C_Group and CC_Group: Fully correlated (correlation = 1.0)
e Height and LH_Group: Highly correlated (correlation = 0.95)
e Height and Length: Strong correlation (correlation = 0.85)

To reduce multicollinearity, the following attributes were removed

e Height
o CC_Group
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Imbalance Analysis: Before starting the modelling part, one another important point to check is
the distribution of the target variable NMOT.

NMOT (Target) Class Distribution

80,00%

70,14%
70,00%

60,00%
50,00%
40,00%
30,00% 26,43%
20,00%

10,00% 3,43%

0,00% [
Class O : Inland Water Class 1: Road Class 2 : Rail

B Percentage

Figure 4. NMOT Class Distribution of Target Variable

As can be seen in Figure 4 the classes are imbalanced, and they can bias the prediction results
since the model will be learning more from the majority class while it learns less from the minority
classes. In the contrast, high accuracy as a misleading performance evaluation metric will come
for the prediction of majority classes which is not the true model predictive capability. Thus, it is
necessary to balance the data.

The following two methods are included in the experimental phase to balance the dataset, and
the candidate models will be evaluated one for each.

Stratified Train-Test Split: Regular train and test split approach is enhanced with “stratified"”
method due to imbalanced data issue to ensure that relative class frequencies are approximately
preserved in each train and validation fold. An 80-207% ratio is used to split data into the training
and test sets.

Data Balancing: The following techniques are applied after train and test split is conducted, and
it is to apply only on the training sets (x_train and y_train).

1. SMOTE?®: As an oversampling technique?, it is used to oversample the minority classes by
generating synthetic data samples instead of duplicating existing ones. It selects a
minority class sample and create new data samples along the line segments connecting

7 https:/ /scikit-learn.org/stable/modules/cross_validation html#cross-validation-iterators-with-
stratification-based-on-class-labels

8 https.//imbalanced-learn.org/stable/references/generated/imblearn.over_sampling. SMOTE html
9 https.//imbalanced-learn.org/stable/over_sampling.html
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it to its closest (nearest) class neighbours - SMOTE helps the models to learn better the
decision boundaries without overfitting to duplicated data.

2. ADASYN® : As an oversampling technique, an extension of SMOTE, it focuses again on the
minority class samples, but the ones that are harder to classify. It does this by assigning
more synthetic samples to the minority instances that are incorrectly classified by a
classifier. ADASYN helps the models to focus on challenging areas in the feature space,
improving ability to generalise.

After either SMOTE or ADASYN applied, there is the oversampled and balanced target variable
in the training set.

NMOT (Target) Class Distribution

100000 92820 92820 92820
90000
80000
70000
60000
50000
40000
30000
20000
10000

0
Class O : Inland Water Class 1 : Road Class 2 : Rail

B Number of Records

Figure 5. NMOT Class distribution of Target Variable after oversamping

Feature Scaling: With the purpose of standardising the continuous features and improve model
performance, Standard Scaler* is applied to training and test sets. The Standard Scaler is fitted
only on the training data to ensure that there will no data leakage. After that, the same
transformation is applied to the test set. Some of the model algorithms can handle the unscaled
features with built-in functions with no issue, while some others cannot, and they are sensitive to
the scaling. To ensure consistency and enable fair comparison among the candidate models
later, Standard Scaler is applied to the input dataset.

Feature Importance Analysis with Random Forest**: Random Forest as an ensemble learning
method combines/aggregates multiple decision trees to improve the overall accuracy and to
reduce overfitting. The feature importance is calculated by an evaluation as how much each

© https://imbalanced-learn.org/stable/references/generated/imblearn.over_sampling ADASYN.html
 https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.StandardScaler.html
2 https.//scikit-learn.org/stable/auto_examples/ensemble/plot_forest_importances.html
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feature decreases impurity across all trees. This step is to see how much each variable
contributes to the target variable prediction, and, if necessary, to eliminate the unnecessary
columns.

Feature Importance from RF
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Figure 6. NMOT Feature importance from Random Forest method

Athreshold of 0.035 is detected and the attributes’ importance value with less than this threshold
is removed. This removal is not permanent, it is to introduce it to the model and see the
performance difference to decide the set of attributes.

3.5.2 - Experiments

3.5.2.1 —Baseline Models Methodology
In this section, the objective is to have a set of experiments at different levels with the aim of
reaching the best “winner" model.

Since the input data had the imbalance data problem, and two oversampling methods were
proposed, they both used to create different datasets. With this approach, two main categories
are created as SMOTE and ADASYN.
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With SMOTE:

e X_train_smote
o Only selected features after Random Forest feature importance analysis.
o All attributes included.

e X_test_smote
o Only selected features after Random Forest feature importance analysis.
o All attributes included.

e y_train_resampled_smote

e y_test (same as before)

With ADASYN:

X_train_ada
o Only selected features after Random Forest feature importance analysis.
o All attributes included.

X_test_ada
o Only selected features after Random Forest feature importance analysis.
o All attributes included.

y_train_resampled_ada

y_test (same as before)

After the structure of experiments is created for the baseline models, the candidate models list
as follows is created for NMOT prediction.

1. Linear Models:

a. Logistic Regression®3: A solid baseline model that assumes linear separability
between all classes. It is helpful to see it as a benchmark before exploring more
complex models.

b. SVM (SGD - Linear SVM)*: Stochastic Gradien Descent, as a possible good choice
when working high-dimensional data and sparse features.

2. Non-linear Models:

a. KNN?®: A proximity-based, non-parametric classification approach that does not
assume a pre-defined decision boundary. It allows to capture the local patterns and
nonlinear relationships.

3. Probabilistic Models:

a. Gaussian Naive Bayes®®: A quick probabilistic modeling based on Bayes' theorem that

assumes feature independence.
4. Tree-based Models:
a. Decision Tree': It is another baseline model to understand the variable interactions.

13 https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html
“ https.//scikit-learn.org/stable/modules/generated/sklearn.linear_model. SGDClassifier.html

5 https.//scikit-learn.org/stable/modules/generated/sklearn.neighbors.KNeighborsClassifier.html
6 https.//scikit-learn.org/stable/modules/generated/sklearn.naive_bayes.GaussianNB.html

7 https./ /scikit-learn.org/stable/modules/generated/sklearn.tree DecisionTreeClassifier.ntml
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b. Random Forest®®: A model that is built on a forest of decision trees, and reduced
overfitting via ensemble averaging.

c. XGBoost*: A model that is powerful with its gradient boosting approach, the way of
handling feature interactions, optimisation techniques.

d. LightGBM2°: Complementing model for XGBoost, more computationally efficient. With
a different algorithm, it can handle categorical features with a competitive manner.

3.5.2.2 — Baseline Models Evaluation Metrics
For classification problems, the accuracy matrix is fundamental, and performance metrics are
designed using it as described in the next table:

Table 13. Accuracy Matrix Representation

Real Label
True False
. True True Positive (TP) False Positive (FP)
Predicted Label False False Negative (FN) True Negative (TN)

In order to compare the baseline model performances, the following model performance metrics
are selected to be used:

Table 14. NMOT performance metrics

Metric Description Formula
Accuracy | The proportion of correctly classified instances of all 2TP+TN
instances. TP+ TN+ FP+FN
Precision | Overall average precision of classes, where precision 1 > TP
(Macro) is how many predicted true instances are actually N> Y TP + FP
true. It treats all classes equally.
Fi-score | Overall average fi-score of classes, where fi-score | 1 Precision X Recall
(Macro) is the harmonic mean of precision and recall. N Xax Precision + Recall
Balanced | It is an adjusted version of "Accuracy”, which is the 1 xTP
Accuracy | average recall for each class. It ensures that all N X TP + FN
classes are equal.

3.5.2.3 —Baseline Models Experiment Outputs & Comparison
The model performance outputs for individual baseline models are detailed in Annex 5 - NMOT
model performance outputs for individual baseline models.

Key observations:
e No baseline model achieved strong performance across all classes

e Differences between SMOTE and ADASYN results were minimal

® https./ /scikit-learn.org/stable/modules/generated/sklearn.ensemble RandomForestClassifier.ntml
9 https.//xgboost.readthedocs.io/en/stable/python/
20 https.//lightgbm.readthedocs.io/en/stable/
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e Both oversampling methods were carried forward into the meta-model phase

3.5.2.4 —-Meta-Model Outputs
Meta-model Design:

Using a stacking ensemble approach, a meta-model (Random Forest Classifier) was built on top
of three selected baseline models, chosen based on their class-wise performance.

Best Triple Discovery:
e All ordered model triples were evaluated
e Meta-features were created using their probability outputs

e Each triple was used to train a stacked model; performance was ranked by balanced
accuracy

Winning Model Combination:
e SVM (SGD) + Gaussian Naive Bayes + Random Forest Classifier

e Trained on SMOTE-balanced data with all features included

Table 15. NMOT - Stacked Meta-Model

Meta-Model: Random Forest

Precision Recall Fi-score

Class 0 - Inland Water 0,83 0,78 0,80
Class 1 - Road 0,90 0,94 0,92
Class 2 - Rail 0,79 0,52 0,63
Accuracy 0.75

Balanced Accuracy 0,88

AUC-ROC 0,97

PR-AUC (Macro) 0.89

Oversampling SMOTE

D6.5 Demo report on the Cargo Flow Prediction 34



PIONEERS

Confusion Matrix
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Figure 7. NMOT Meta-model confusion matrix
The performance metrics of the meta-model indicates the following findings:

Class 0 (Inland water)

¢ Precision (0.83): When the model predicts class 0, 83% of time it is correct. Indicates that
FPs (predicting Class 0 when it is not) are relatively low.

e Recall (0.78): 78% of all actual class 0 instances are identified correctly.

e F1-score (0.80): The balance between precision and recall is good, meaning reliable
performance for predicting Class 0.

Class 1 (Road)

e Precision (0.90): When the model predicts class 1, 90 % of time it is correct. Indicates that
FPs (predicting Class 0 when it is hot) are relatively low; high precision here indicates that
the model rarely misclassifies other classes as Class 1.

e Recall (0.94): The model is quite good, 94% of all actual Class 1 cases are succesfully
identified; the model is good to capture the TPs.
e F1-score (0.92): Excellent performance by balancing both high precision and high recall.

Class 2 (Rail)

e Precision (0.79): A decent level of correctness with 79% when model predicts Class 2.
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e Recall (0.52): The model misses large number of true Class 2 cases. It can only identify
52% of the Class 2 instances correctly.

e Fia-score (0.63): Due to the low recall, fi-score indicates that the balance/trade-off
between precision and recall is not excellent for Class 2.

It seems like the meta-model does great job to predict the Class 1, good job to predict the Class
0, and normal job to predict Class 2. There are a few significant reasons for Class 2 prediction:

e There is no baseline model that performs good for Class 2 alone (low fi-scores).

e The available amount of data for Class 2 challenges the model training even though it was
oversampled.

Multiclass Precision-Recall Curve

Precision

0.2 4 = Inland Water (PR-AUC = 0.915)
Road (PR-AUC = 0.983)

— Rail (PR-AUC = 0,773)

= = Macro-Average (PR-AUC = 0.889)

0.0 -

T T T T T T
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Figure 8. NMOT Multiclass Precision-Recall Curve

The plot above is for Precision-Recall Curve, which is a performance evaluation metric commonly
used when the dataset was imbalanced. It considers the trade-off (balance) between precision
(positive predicted value) and recall (sensitivity). The precision-recall curve is used by treating
each single class as the positive class in a OvR (one-vs-rest) approach. In different words, for each
class, it is computed how well the model performs and distinguishes it from the rest of the
classes. The value of PR-AUC is a summarised metric to show how well the model balances
precision and recall for each class. In the light of this information, the interpretations are as
follows:
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e Class 0 (Inland water): PR-AUC = 0.915. Model maintains good precision even as recall
increases. 0.916 suggests good performance, and it shows that the model is reliable in
distinguishing Class 0.

e Class 1 (Road): PR-AUC = 0,983. The orange line stays very close to 1, which shows that
the model is very good at distinguishing Class 1. The model causes very few FPs and FNs.

e Class 2 (Rail): PR-AUC = 0.773. The green line drops quickly when recall is increased. Class
2 is harder for the meta-model to classify. The model struggles with FPs that leads lower
precision. In other words, the model is confused Class 2 with other classes (i.e. in our case
it is with Class 1).

3.6 — Gate Out Datetime Prediction Model

This section details the Gate Out Datetime prediction model. The objective is to forecast the
gate-out datetime of containers arriving at the terminal. The task is initially framed as a
regression problem, designed as follows:

e From historical data, the time difference is calculated as;

Min Dif f = Gate Out Datetime — Discharge Datetime

This value represents the number of minutes between container discharge and gate-out.

e The modelis trained to predict this min_diff value.
e After prediction, the Gate Out Datetime is reconstructed as:
Gate Out Datetime (predicted) = Discharge Datetime + predicted mindif f

Based on expert input from PoAB, the distinction between full and empty containers is critical
due to differences in dwell time. Therefore, the dataset was split into:

o full_containers_dataset
e empty_containers_dataset

Separate preprocessing rules and models were applied to each.

3.6.1 - Data preparation

The following steps were applied to both datasets before model training (see Figure 9 - Gate
Out Datetime Prediction Data Preparation Steps):

Target Attribute Attribute Subset Outlier Train-test Skewness Feature
Creation Selection Creation Removal Split Correction Scaling

Figure 9. Gate Out Datetime Prediction - data preparations steps
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Target Attribute Creation: As it is mentioned in Section 3.6 — Gate Out Datetime Prediction Model,
‘min diff" is created as the target variable and the problem is converted into a regression task.

Attribute Selection: After the agnostic data preprocessing and feature engineering steps
applied, the following 16 attributes are taken into consideration for Gate Out Datetime prediction:

Table 16. Selected Features for Gate Out Datetime Prediction

Party ID Carrier ID Full/Empty

Loading Location Previous_port_distance Next_port_distance
Length Expected_ship_turnaround_time | Discharge_DayTime
ETA_DayTime ETD_DayTime Discharge_WeekDay
ETA_WeekDay ETD_WeekDay LH_Group

C_Group

Correlation analysis step in this model is not repeated since the same dataset with NMOT
prediction model is used as input dataset. "Height” and “CC_Group" (containers that have the
same Characteristics and Characteristics Additional pair) attributes are already removed during
the NMOT prediction model data preparation.

Subset Creation: Two datasets using the filter based on “Full/Empty" attribute are created: (i)
full_containers_dataset, (i) empty_containers_dataset.

Outlier Removal: For both subsets of dataset, the rules to exclude unrealistic values are applied
as follows:

e From minimum tail > Remove the records if mindif f < 30 minutes. This rule is applied to
both subsets.
e From maximum tail:
o For full_containers_dataset: Remove the records if mindiff > 14 days (14 X 24 x
60 = 20160 minutes).
o For empty_containers_dataset: Remove the records if mindiff > 104 days
(104 x 24 x 60 = 149760 minutes).

After the rules are applied, another simple and automatic outlier removal process is applied as
the secondary layer. This automatised method, named IQR* , is to ensure that remaining extreme
values are filtered out as well. The filters that are applied for both full_containers_dataset and
empty_containers_dataset excluded the out-of-range values, but the remaining ones on both
minimum and maximum tail can still be outliers. With IQR, this potential issue is prevented.

Train-test Split: To train and to evaluate the regression model, both full_containers_dataset and
empty_containers_dataset are splitted into training and testing sets using an 80-20% ratio.

2 https.//docs.scipy.org/doc/scipy/reference/generated/scipy.stats.igr.ntml
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Skewness Correction: A log transformation is applied to improve the distribution of continuous
features®. The detection of skewed features is done by measuring the skewness of each
continuous attribute in the dataset, and features with an absolute skewness greater than 0.5 are
identified as “skewed - log transformation needed".

Feature Scaling: With the purpose of standardising the continuous features and improve model
performance, Standard Scaler® is applied to training and test sets. The Standard Scaler is fitted
only on the training data to ensure that there will no data leakage. After that, the same
transformation is applied to the test set. Some of the model algorithms can handle the unscaled
features with built-in functions with no issue, while some others cannot, and they are sensitive to
the scaling. To ensure consistency and enable fair comparison among the candidate models
later, Standard Scaler is applied to the input dataset.

Feature Importance: For both empty_containers_dataset and full_containers_dataset
separately, the Figure 10 and Figure 11 show the feature importance levels.

2 West, R. M. (2022). Best practice in statistics: The use of log transformation. Annals of Clinical
Biochemistry, 59(3), 162-165.
= https./ /scikit-learn.org/stable/modules/generated/sklearn.preprocessing.StandardScaler.html
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Figure 10. Feature Importance with Random Forest for Empty Containers - Regression for Gate Out Datetime Prediction
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Figure 11. Feature Importance with Random Forest for Full Containers - Regression for Gate Out Datetime Prediction

3.6.2 - Experiments

3.6.2.1 -Baseline Models Methodology
Experiments were conducted separately for full_containers_dataset and
empty_containers_dataset.

Baseline model candidates:

1. Linear Models:
a. ElasticNet** Regression: It is the combination of L1 (Lasso)*® and L2 (Ridge)*®

regression regularization that balances feature selection and coefficient shrinkage
with the purpose of overfitting prevention and improved generalisation.

2 https:/ /scikit-learn.org/stable/modules/generated/sklearn.linear_model.ElasticNet.html
2 https./ /scikit-learn.org/stable/modules/generated/sklearn.linear_model.Lasso.html
2 https.//scikit-learn.org/stable/modules/generated/sklearn.linear_model Ridge.html
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b.
c.

Huber?” Regression: A linear model that is less sensitive to the outliers.
Tweedie?® Regression: A generalised linear model with a Tweedie distribution; often
used for the dataset with a target variable with a non-negative skewed distribution.

2. Non-linear Models:

a.

Polynomial®* Regression: It is an extended version of linear regression that captures
non-linear relationships. It does this by transforming input features into polynomial
terms. With this approach, it allows the model to detect and fit more complex patterns
in the data.

KNN?3° Regression: It is a non-parametric distance-based model that predicts the
target values. It does not assume any data distribution and it is effective to detect the
non-linear patterns.

3. Tree-based Models:

a.

b.

Decision Tree3* Regression: A simple but an effective model, which splits the data
based on values of features and forming a tree-like structure.

Random Forest3?* Regression: An ensemble of a forest of trees that reduces overfitting
and it corrects the errors from previous trees.

XGBoost** Regression: A gradient boosting algorithm, which builts trees in a
sequantial way, and it corrects the errors of previous trees.

LightGBM3* Regression: A gradient boosting algorithm like XGBoost, but instead of
depth-wise it grows trees leaf-wise.

3.6.2.2 —Baseline Models Evaluation Metrics

Unlike classification models, which rely on accuracy-based performance evaluation metrics,
regression models based on error metrics and goodness-of-fit measurements. These metrics are
to show how the model's predictions align with actual values.

In order to compare the baseline model performances, the following error metrics are selected
to be used:

Table 17. Gate Out Date Time prediction error measurement metrics

Metric Description Formula

MAE Mean Absolute Error. The average .of the absolute lZ?’:ﬂyi — 9|, where y; is
differences between actual and predicted values. gctual and § is predicted.

RMSE | Root Mean Squared Error.

1 A .
Mean Squared Errorr (MSE) is the average of squared \/ﬁzﬁvﬂ(yi — $)% where y; is
differences between actual and predicted values. actual and j is predicted.
RMSE is the root version of MSE to provide an error
metric in the same unit with the target variable.

# https:/ /scikit-learn.org/stable/modules/generated/sklearn.linear_model.HuberRegressor.html

28 https://scikit-learn.org/stable/modules/generated/sklearn.linear_model. TweedieRegressor.html

29 https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.PolynomialFeatures.html
30 https.//scikit-learn.org/stable/modules/generated/sklearn.neighbors. KNeighborsRegressor.html

3 https.//scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeRegressor.html

2 https:/ /scikit-learn.org/stable/modules/generated/sklearn.ensemble. RandomForestRegressor.html
3 https:/ /xgboost.readthedocs.io/en/stable/python/

3 https://lightgbm.readthedocs.io/en/latest/pythonapi/lightgbm.LGBMRegressor.html
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R2 R-squared. Variance proportion that is explained by | ; _ Z0i=9)?

the model. Lo .
actual and 9 is predicted

and y is mean value of y.

where y; is

3.6.2.3 —Baseline Models Experiment Outputs & Comparison
The model performance outputs for individual baseline models are presented in Annex 6 - Gate
out datetime regression model performance outputs for individual baseline models.

Baseline Models’ Comparison: As it can be seen there is no good enough model that can perform
well to predict with a low error. Thus, they will be treated equally for the first round of “regression
model selection”; later, they will be reconsidered for the meta-model evaluation to reach the
lowest MAE error along with the consideration of RMSE and R2 as well.

3.6.2.4 —-Meta-Model Outputs

Meta-model Design: With stacking, a meta model structure is created where meta-model means
a roof model that combines the pre-selected baseline models strength with one ML model. The
meta-model is defined as a Random Forest Regressor.

Best Triple Discovery: The idea is to find the best triple that will work as stacked models
accompanied with a meta-model. The approach to find the best triple is based on the evaluation
of all possible ordered triples of baseline models to identify the triple combination with the lowest
MAE in the stacked regression set-up. Using permutations, all possible triple combinations are
generated and meta-features are constructured by their probability output scores. For each triple
combination, the meta-model (Random Forest Regressor) is trained, and the MAE measurements
are stored. Later, the triple with lowest MAE measured is chosen as follows:

For Full Containers: Stack (Random Forest Regressor + KNN Regressor + LightGBM Regressor)
with Random Forest Regressor as the meta-model.

Table 18. Gate Out Datetime Prediction - Regression Stacked Meta-Model for Full Containers

Meta-Model 1.1. Full Containers

RMSE 1872,7769
MAE 1310,2308
R2 0.5482
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Figure 12. Gate Out Datetime - Full containers - Regression Performance Plots

In Figure 12, the Histogram of Residuals, is to show the residual (errors) distributions from the
winner stacked meta-model. The residuals are approximately centered around zero, so model is
not biased in one direction. The Binned y_test plot, it shows the MAE accross different quantile
bins of the actual target variable. The almost U shape in that plot shows that the model performs
better for mid-range values/quantiles while it performs worse for minimum and maximum tails.

For Empty Containers: Stack (KNN Regressor + XGBoost Regressor + LightGBM Regressor) with
Random Forest Regressor as the meta-model.
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Table 19. Gate Out Datetime Prediction - Regression Stacked Meta-Model for Empty Containers

Meta-Model 1.2. Empty Containers

RMSE 2503,2603
MAE 1482,6658
R2 0,672
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Figure 13. Gate Out Datetime - Empty containers - Regression Performance Plots

In Figure 13, the Histogram of Residuals, is to show the residual (errors) distributions from the
winner stacked meta-model. The residuals are approximately centered around zero, so model is
not biased in one direction. The Binned y_test plot, it shows the MAE accross different quantile
bins of the actual target variable. The errors are relatively stable across most of the ranges but
increases when it goes to the maximum tail.
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3.6.2.5 - Regression Model Limitations & Possible Solution

The regression model for both full_containers_dataset and empty_containers_dataset models
are designed to predict the “min diff", which is the representative target attribute that was
calculated as mindiff = Gate Out Datetime — Discharge Datetime. However, the performance
analysis showed the fact that model performs not as good as desired.

Solution: Reformulating Prediction as a Classification Problem

To address the mentioned limitations, the prediction is reformulated as a classification problem,
categorising the gate out min diff values into discrete classes/categories:

Table 20. Gate Out Date Time - New Class Creation Rules

Class Label (NEW)  Gate Out Timining Definition

0 Same Day 0-1440 minutes (0 - 23h 59m)

1 Next Day 1440-2880 minutes (24h - 47h 50m)
2 Two Days Later 2880-4320 minutes (48- 71h 50m)
3 Three Days Later 4320-5760 minutes (72 - 95h 50m)
4 Four Days Later 5760-7200 minutes (96 - 119h 59m)
+5 Five and More Days Later +7200 minutes

This transformation gives the opportunity to test with better handling of discrete time patterns;
the model will focus on much broader relevant time categories. Classification model in that sense
can better capture the underlying patterns more than the regression model. The overall goal is
to improve the model performance.

The limitation of the possible approach is that the predicted outcomes will not present the exact
Gate Out Datetime values, instead it will inform about the gate out day after discharge of the
container.

The feature importance scores are recalculated with classification approach for both
empty_containers_dataset and full_containers_dataset subsets.
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Figure 14. Feature Importance with Random Forest for Empty Containers - Classification for Gate Out Daytime Prediction
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Figure 15. Feature Importance by Random Forest for Full Containers - Classification for Gate Out Datetime Prediction

3.6.3 — Conversion to a Classification Problem

As is explained in detail in Section 3.6.2.5 - Regression Model Limitations & Possible Solution, the
Gate Out Datetime prediction model is converted into a classification task. The approach of
having two models separately (i.e. full_containers_dataset and empty_containers_dataset) is still
valid, just the supervised learning approach has been changed.

3.6.3.1 -Baseline Models Methodology

The same candidate models for NMOT classification have been used (for details, check Section
3.5.2.1 —-Baseline Models Methodology). As the oversampling method, SMOTE has been choosen
to deal the imbalance distribution of target variable classes.
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Figure 16. Before Oversampling - Target Variable Distribution

3.6.3.2 — Baseline Models Evaluation Metrics

The same performance evaluation metrics from NMOT prediction model will be used here since
they are both classification tasks (for details, check Section 3.5.2.2 — Baseline Models Evaluation
Metrics).

3.6.3.3 —Baseline Models Experiment Outputs & Comparison
The model performance outputs for individual baseline models are presented in Annex 7 — Gate
out day classification model performance outputs for individual baseline models.

Baseline Models' Comparison: As it can be seen there are no very good models that can perform
well to predict classes with very high balanced accuracy and other relevant metrics. Thus, they
will be treated equally for the first round of ‘regression model selection”; later, they will be
reconsidered for the meta-model evaluation to reach the highest balanced accuracy along with
the consideration of F1-score.

3.6.2.4 —-Meta-Model Outputs

Meta-model Design: With stacking, a meta model structure is created where meta-model means
a roof model that combines the pre-selected baseline models strength with one ML model. The
meta-model is defined as a Random Forest Classifier.

Best Triple Discovery: The idea is to find the best triple (one model per class) that will work as
stacked models accompanied with a meta-model. The approach to find the best triple is based
on the evaluation of all possible ordered triples of baseline models to identify the triple
combination with the highest balanced accuracy in the stacked classification set-up. Using
permutations, all possible triple combinations are generated and meta-features are
constructured by their probability output scores. For each triple combination, the meta-model
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(Random Forest Classifier) is trained, and the balanced accuracy measurements are stored. Later,
the triple with highest balanced accuracy measured is chosen as follows:

For Full Containers: Gaussian Naive Bayes + LightGBM + XGBoost Classifier > with SMOTE.

Table 21. Gate Out Day Prediction - Classification Stacked Meta-Model for Full Containers

Meta-Model: Random Forest

Precision Recall Fi-score
0: Same Day 0,69 0,61 0,65
1. Next Day 0,69 0,71 0,70
2; 2 days later 0,66 0,68 0,67
3: 3 days later 0,64 0,65 0,64
4: 4 days later 0,63 0,55 0,58
5: 5 days later 0,64 0,69 0,66
Accuracy 0,656
Balanced Accuracy | 0,6483
AUC-ROC 0,9394
PR-AUC (Macro) 0,7732
Oversampling SMOTE

Confusion Matrix

(<) 274 152 238 195 2500
-
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- 1000
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- 500
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0 1 2 3 4 5

Figure 17. Gate Out Day - Full Containers - Classification - Meta-model confusion matrix

The meta-model performed better than the individual baseline models. As seen in the confusion
matrix above, the majority of the predictions for each class are correctly classified. While some
errors exist due to misclassifications, theirimpact stays at minimal level compared to the correctly
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predicted classes. In each class, total number of correctly classified samples outweights the
misclassified samples.

Multiclass Precision-Recall Curve
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Figure 18. Gate Out Datetime Multiclass Precision-Recall Curve for Full Containers

Multiclass Precision-Recall curve is to show in detail how model's ability is to balance precision
and recall for each class. The PR-AUC in Figure 18, area under the curve values present the
model's performance to distinguish each class from the others. All classes PR-AUC value is 70%.
Despite some variations among classes’ PR-AUC values, the model maintains a good balance
between precision and recall (meaning that the model minimizes both FPs and FNs).

For Empty Containers: LightGBM + Random Forest Classifier + Logistic Regression > with
SMOTE.

Table 22. Gate Out Day Prediction - Classification Stacked Meta-Model for Empty Containers

Meta-Model: Random Forest

Precision Recall Fi-score

0: Same Day 0,83 0.72 0.77
1: Next Day 0,77 0,81 0,79
2: 2 days later 0,78 0,73 0.75
3: 3 days later 0,72 0,66 0,69
4: 4 days later 0,81 0,72 0,76
5: 5 days later 0.79 0,89 0,84
Accuracy 0,7829

Balanced Accuracy | 0,7548

AUC-ROC 0,9728
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Figure 19. Gate Out Day - Empty Containers - Classification - Meta-model confusion matrix

The meta-model performed better than the individual baseline models and demonstrated
stronger classification accuracy. As seen in the confusion matrix above, the majority of the
predictions for each class are correctly classified. While some errors exist due to
misclassifications, their impact stays at minimal level compared to the correctly predicted
classes. In each class, total number of correctly classified samples outweights the misclassified

samples.
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Figure 20. Gate Out Day Multiclass Precision-Recall Curve for Empty Containers

The precision-recall curve shows strong model performance across all classes, with the
maximum of 93.6% and 87.8% as average. Overall, the model maintains consistent and high-
quality predictions ensuring reliability.
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4 — Demonstration evaluation

4.1 - Dashboards

The dashboard provides a simple and intuitive interface for users to visualise model
performance and, if needed, interact with the results.

The first version of the dashboard is divided into five sections, each representing the
performance of the best model for:

e NMOT prediction

o Gate-out datetime prediction (both regression and classification) for full and empty
containers

In each section, a table presents general performance metrics, offering an overview of the
model's effectiveness.

For classification models, the dashboard includes:
e A classification report showing precision, recall, and F1-score for each class
Note: Class imbalance should be considered when interpreting these metrics.
e Two visualisations:
o A confusion matrix (the most detailed)

o An additional chart illustrating per-class performance
Figure 21 Classification dashboard - NMOT prediction.

Figure 22 Classification dashboard - Gate-out day prediction (full containers)

Figure 23 Classification dashboard - Gate-out day prediction (empty containers).
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PIONEERS - NMoT

NMoT  Gateout Class (Empty) Gateout Class (Full)

Next Mode of Transport

Metrics

Accuracy Score  Balanced Accuracy

0.8826

0.7465

Classification Report

Inland Water

precision 0.8329
recall 0.7782
fl-score 0.8046
support 8,745

Road

0.9024

0.9397

0.9206

23,206

Rail

0.7383

0.5216

0.6278

1,135

0.9703

accuracy

0.8826

0.8826

0.8826

0.8826

0.8304

AUC-ROC  PR-AUC (Macro)

Gateout Reg (Empty) Gateout Reg (Full)

macro avg weighted avg

0.8412 0.8801
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0.7843 0.8799
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PIONEERS - NMoT

NMoT  Gateout Class (Empty) Gateout Class (Full) Gateout Reg (Empty) Gateout Reg (Full)

Gateout Classification (Full)

Metrics

Accuracy Score  Balanced Accuracy AUC-ROC  PR-AUC (Macro)

0.656 0.6483 0.9394 0.7732

Classification Report

0.0 10 2.0 3.0 4.0 5.0 accuracy macroavg weighted avg
precision 0.6894 0.6877 0.6614 0.6378 0.6297 0.6373 0.656 0.6572 0.6561
recall 0.6131 0.7135 0.678% 0.6512 0.5455 0.6873 0.656 0.6483 0.656
fl-score 0.649 0.7004 0.67 0.6444 05846 0.6614 0.656 0.6516 0.6552
support 2,520 3,571 4,098 4,237 2,625 3,809 0.656 20,860 20,860
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Figure 22. Dashboard - Full containers gate out day classificationprediction

D6.5 Demo report on the Cargo Flow Prediction



PIENEERS

PIONEERS - NMoT

NMoT  Gateout Class (Empty} Gateout Class (Fulll Gateout Reg (Empty) Gateout Reg (Full)
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Figure 23. Dashboard - Empty containers gate out day classificationprediction
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In terms of regression, the errors of the model are visualised through a simple histogram.
Additionally, the mean absolute error of the histogram bins are shown so that the user can assess
the magnitude of the errors.

PIONEERS - NMoT

NMoT Gateout Class (Empty) Gateout Class (Full) Gateout Reg (Empty) Gateout Reg (Full)

Gateout Regression (Full)

Metrics

Metric = Value
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Model Performance Summary
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Figure 24. Dashboard - Full containers gate out datetime regression prediction
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PIONEERS - NMoT

NMoT  Gateput Class (Empty) Gateout Class (Full) Gatecut Reg (Empty)  Gatesut Reg (Full)

Gateout Regression (Empty)

Metrics

Metric  Value

rmse 2,504.2603
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5 — Conclusions

This report documents the full process of preparing, executing, and evaluating the Cargo Flow
Predictor demonstration at the Port of Antwerp-Bruges (PoAB), based on the initial scoping
document and aligned with the objectives of the PIONEERS project.

Stakeholder Engagement & Data Access

Throughout the demonstration, the project team encountered challenges related to stakeholder
engagement and data sharing. Several workshops and meetings were held with shipping
agencies, carriers, and terminal operators to raise awareness of the project's goals and to gain
access to critical operational data. The active involvement of stakeholders was essential to
obtaining permissions and building the models.

Eventually, NxtPort provided anonymised COARRI (container discharge/loading) and CODECO
(gate-in/gate-out) messages from a deep-sea terminal in POAB for the period July to December
2023, forming the backbone of the model development process.

This demonstration contributes to PoAB's broader strategic ambitions by showcasing how
predictive analytics can support modal shift, reduce congestion, and enable more sustainable
and data-driven port operations—directly supporting the goals of the Modal Shift and Flows
Optimisation pillar.

Key Outcomes

NMOT Prediction:

e The best-performing model is a meta-model combining SVM (SGD), Gaussian Naive
Bayes, and Random Forest Classifier.

e Performance:
o Balanced Accuracy: 74.65%
o AUC-ROC: 97.1%
o PR-AUC: 89%
e Class-level performance:
o Very good for Road (Class 1)
o Good for Inland Water (Class 0)

o Moderate for Rail (Class 2), due to limited data
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Key insights:

e Mostinfluential features: Loading Location, Party ID, Discharge DayTime, Expected Ship
Turnaround Time, and container grouping features.

e Lessinfluential: Carrier ID, Previous Port Distance, Length, and ETD Weekday.

This model demonstrates clear potential for supporting yard planning and mode-specific
container allocation, offering tangible benefits to terminal operators and the port authority.

Gate-Out Datetime Prediction:

Initially framed as a regression problem, the task was reformulated into a classification problem
due to limited regression performance. The gate-out event was categorised into six discrete time
buckets (e.g., same day, next day, etc.).

Meta-model outcomes:
e Full Containers (Gaussian Naive Bayes + LightGBM + XGBoost)
o Accuracy: 65.6%
o Balanced Accuracy: 64.83%
o AUC-ROC: 93.9%
o PR-AUC: 77.3%
e Empty Containers (LightGBM + Random Forest + Logistic Regression)
o Accuracy: 78.29%
o Balanced Accuracy: 75.48%
o AUC-ROC: 97.3%
o PR-AUC: 87.9%
Key insights:

e Acrossall models, Loading Location and Expected Ship Turnaround Time were the most
important predictors.

o Discharge DayTime, Discharge_Weekday, and C_Group also contributed meaningfully,
especially in classification models.

e Carrier ID had varying influence, significant only in the regression model for empty
containers.

D6.5 Demo report on the Cargo Flow Prediction 61



PIONEERS

Together, these models form a robust framework for forecasting container gate-out timing,
offering terminal operators early visibility that can optimise yard operations and resource
planning.

Lessons Learned

Benefits Must Be Clearly Communicated

Clearly articulating the experiment's value to each stakeholder type is essential to build
trust and engagement.

Data Sharing Remains a Barrier

Organisational silos, legal concerns (e.g., GDPR), and internal data policies often impede
data sharing—even when operational benefits are clear.

Involve Top Management Early

Decision-makers have the authority to remove barriers and enable cross-departmental
collaboration. Their early and active involvement proved essential.

Opportunities for Future Development

Expand and Improve with Additional Data
New data from future periods will allow retraining and performance monitoring:
o Detect changes in patterns over time
o Identify potential model drift
o Improve robustness and generalisability
Introduce Real-Time Testing and Feedback Loops
By integrating with live COARRI and CODECO feeds, the models can:
o Generate near real-time predictions
o Compare predictions with actual events for continuous validation
Integrate into the PoAB Digital Ecosystem

Once validated in real-time, the models can be embedded into POAB applications and
made accessible to stakeholders via existing platforms—supporting operational and
strategic decision-making.

Enhance with Additional Data Sources
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Inclusion of customs data, transport network information, or third-party industry
intelligence could further improve prediction quality—especially for underrepresented
classes such as Rail.

Final Thoughts

The Cargo Flow Predictor lays the foundation for Al-driven decision support tools within the Port
of Antwerp-Bruges. The models developed during this demonstration show promising
performance and operational relevance. The accompanying dashboard tool is already structured
to support scalability and future integration, making it a viable candidate for production
deployment once additional validation steps are completed.

Continued collaboration, data sharing, and strategic alignment will be critical to realise the full
potential of this digital innovation. As the port ecosystem becomes more connected and data-
driven, tools like the Cargo Flow Predictor will play a pivotal role in shaping efficient, resilient,
and sustainable port logistics.
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Annex 1 - COARRI dataset attribute detail

1. Message Type — value to be used as filter criteria

<xs:element name="DocumentMessageNameCoded">

<xs:enumeration value="98"/> <!-- Discharge Report -->

2. Mode of Transport

<xs.element name="ModeOfTransportCoded">

<xs:enumeration value="1"/> <!-- Maritime transport (ocean) -->

3. Carrier code of the vessel

<xs:element name-="Carrierldentifier" type="tns:TypeStringMaxLength17" minOccurs="0"/>
4.IMO-number of the vessel

<xs:element name-="ldOfMeansOfTransportldentification” type="tns: TypeStringMaxLengthg"
minOccurs="0"/>

5.Vessel Name

<xs:ielement name-="ldOfMeansOfTransport’ type="tns:TypeStringMaxLength35" minOccurs="0"/>
6.Voyage Number

<xs.complexType name="STypeReference">

<xs:element name="ReferenceQualifier'>

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="VON"/> <!-- Voyage Number -->

<xs:element name="ReferenceNumber" type="tns: TypeStringMaxLength35" minOccurs="0"/>
7.Location Type

<xs:complexType name="STypePlacelLocationldentification">

<xs:ielement name="PlacelocationQualifier">

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="5"> <!-- Place of departure -->

<xs.enumeration value="7"> <!-- Place of delivery -->

<xs:enumeration value="9"> <!-- Place/port of loading -->

<xs.enumeration value="11"> <!-- Place/port of discharge -->

<xs:enumeration value="147"> <!-- Stowage cell -->
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<xs:enumeration value="PDS"> <!-- Place of destination (for stowage purposes) -->
8.Location Name

<xs:ielement name-="Locationldentification">

<xs:ielement name-="Placelocationldentification" type="tns:TypeStringMaxLength25"/>
9.Terminal Location

<xs:ielement name="RelatedLocationOneldentification" minOccurs="0">

<xs:ielement name-="RelatedPlacelocationOneldentification” type="tns: TypeStringMaxLength25"/>
10.Shipping Line of container

<xs:element name="GroupEquipmentDetails" maxOccurs="unbounded">

<xs:element name="NameAndAddress" type="tns:.STypeNameAndAddress" minOccurs="0"
maxOccurs="1"/>

<xs.complexType name="STypeNameAndAddress">

<xs:element name="PartyQualifier">

<xs:restriction base="tns:TypeStringMaxLength3"'>

<xs:enumeration value="CF"'/>

<xs:element name-="PartyldentificationDetails">

<xs:element name="Partyldldentification” type="tns: TypeStringMaxLength35"/>

11.Container details

<xs.complexType name="STypeEquipmentDetails">

<xs:element name="EquipmentQualifier">

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="CN"/><!-- Container -->

<xs:element name="Equipmentldentification” minOccurs="0">

<xs:element name="EquipmentidentificationNumber" type="tns: TypeStringMaxLength17"/>
<xs:element name="EquipmentSizeAndType" minOccurs="0">

<xs:element name="EquipmentSizeAndTypeldentification" type="tns: TypeStringMaxLength10"
minOccurs="0"/>

<xs:element name="EquipmentSizeAndType" type="tns:TypeStringMaxLength35" minOccurs="0"/>
<xs:element name="EquipmentSupplierCoded" minOccurs="0">

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="1"/><!-- Shipper supplied -->

<xs:enumeration value="2"/><!-- Carrier supplied -->

D6.5 Demo report on the Cargo Flow Prediction 66



PIONEERS

<xs:enumeration value="3"/> <!-- Third party supplied -->

<xs:element name="EquipmentStatusCoded" minOccurs="0">

<xs:restriction base="tns:TypeStringMaxLength3">
<xs:enumeration value="1"/><!-- Continental -->
<xs:enumeration value="2"/> <!-- Export -->
<xs.enumeration value="3"/> <!-- Import -->
<xs:enumeration value="5"/> <!-- Shifter (Restow) -->
<xs.enumeration value="6"/> <!-- Transhipment -->
<xs:enumeration value="12"/><!-- Shortlanded -->

<xs.enumeration value="13"/><!-- Overlanded -->

<xs:element name="FullEmptyIndicatorCoded" minOccurs="0">

<xs:restriction base="tns:TypeStringMaxLength3">
<xs:enumeration value="4"/><!-- Empty -->
<xs.enumeration value="5"/><!-- Full -->

12.Discharge date/time

<xs:element name="GroupEquipmentDetails" maxOccurs="unbounded">

<xs:element name="DateTimePeriod" type="tns:STypeDateTimePeriod" minOccurs="0" maxOccurs="9"/>

<xs.complexType name="STypeDateTimePeriod">

<xs:element name="DateTimePeriod" type="xs.dateTime"/>
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Annex 2 - CODECO dataset attribute detail

1.Message Type — value to be used as filter criteria

<xs:element name="DocumentMessageNameCoded">

<xs:.enumeration value="36"/> <!-- Gate Out Report -->

2.Mode of Transport

<xs:.element name="ModeOfTransportCoded">

<xs:enumeration value="1"/> <!-- Maritime transport (ocean) -->

3.Carrier code of the vessel

<xs:element name-="Carrierldentifier’ type="tns:TypeStringMaxLength17" minOccurs="0"/>
4.IMO-number of the vessel

<xs:element name="ldOfMeansOfTransportldentification" type="tns: TypeStringMaxLengthg"
minOccurs="0"/>

5.Vessel Name

<xs:element name-="ldOfMeansOfTransport" type="tns: TypeStringMaxLength35" minOccurs="0"/>
6.Location Type

<xs:complexType name-="STypePlacel ocationldentification">

<xs:ielement name-="PlacelocationQualifier">

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="5"> <!-- Place of departure -->

<xs.enumeration value="7"> <!-- Place of delivery -->

<xs:enumeration value="9"> <!-- Place/port of loading -->

<xs.enumeration value="11"> <!-- Place/port of discharge -->

<xs:enumeration value="88"> <!-- Place of receipt -->

<xs.enumeration value="147"> <!-- Stowage cell -->

<xs.enumeration value="165"> <!-- Construction country -->

<xs:enumeration value="PDS"> <!-- Place of destination (for stowage purposes) -->
7.Location Name

<xs:element name-="Locationldentification">

<xs:element name-="PlacelLocationldentification’ type="tns:TypeStringMaxLength25"/>

8.Terminal Location
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<xs:element name="RelatedLocationOneldentification” minOccurs="0">
<xs:ielement name-="RelatedPlacelocationOneldentification” type="tns: TypeStringMaxLength25"/>
9.Shipping Line of container

<xs:element name="GroupNameAndAddress" maxOccurs="unbounded">

<xs:element name="NameAndAddress" type="tns:.STypeNameAndAddress" minOccurs="0"
maxOccurs="1"/>

<xs.complexType name="STypeNameAndAddress"™>

<xs:ielement name-="PartyQualifier">

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="CF"'/>

<xs:element name-="PartyldentificationDetails">

<xs:element name="Partyldldentification” type="tns: TypeStringMaxLength35"/>

10.Container details

<xs.complexType name="STypeEquipmentDetails">

<xs:ielement name="EquipmentQualifier">

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="CN"/><!-- Container -->

<xs:element name="Equipmentldentification” minOccurs="0">

<xs:element name="EquipmentidentificationNumber" type="tns: TypeStringMaxLength17"'/>
<xs:element name="EquipmentSizeAndType" minOccurs="0">

<xs:element name="EquipmentSizeAndTypeldentification” type="tns:TypeStringMaxLength10"
minOccurs="0"/>

<xs:element name="EquipmentSizeAndType" type="tns: TypeStringMaxLength35" minOccurs="0"/>
<xs:element name="EquipmentSupplierCoded" minOccurs="0">

<xs:restriction base="tns:TypeStringMaxLength3"'>

<xs:enumeration value="1"/><!-- Shipper supplied -->

<xs:enumeration value="2"/><!-- Carrier supplied -->

<xs:enumeration value="3"/> <!-- Third party supplied -->

<xs:element name="EquipmentStatusCoded" minOccurs="0">

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="1"/><!-- Continental -->

<xs:enumeration value="2"/> <!-- Export -->
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<xs.enumeration value="3"/> <!-- Import -->

<xs:enumeration value="5"/> <!-- Shifter (Restow) -->
<xs.enumeration value="6"/> <!-- Transhipment -->
<xs:enumeration value="12"/><!-- Shortlanded -->
<xs:enumeration value="13"/><!-- Overlanded -->

<xs:element name="FullEmptyIndicatorCoded" minOccurs="0">
<xs:restriction base="tns:TypeStringMaxLength3"'>
<xs:enumeration value="4"/><!-- Empty -->

<xs:enumeration value="5"/><!-- Full -->

11.Gate Out date/time

<xs:element name="GroupEquipmentDetails" maxOccurs="unbounded">

<xs:element name="DateTimePeriod" type="tns:STypeDateTimePeriod" minOccurs="0" maxOccurs="9"/>
<xs.complexType name="STypeDateTimePeriod">

<xs:ielement name="DateTimePeriod" type="xs:.dateTime"/>

12.Details of Transport

<xs:complexType name="STypeDetailsOf Transport">

<xs:element name="ConveyanceReferenceNumber" type="tns:TypeStringMaxLength17" minOccurs="0"/>
<xs:element name="ModeOfTransport'>

<xs:element name="ModeOfTransportCoded">

<xs:restriction base="tns:TypeStringMaxLength3">

<xs:enumeration value="2"/> <!-- Rail -->

<Xs.enumeration value="3"/> <!-- Road -->

<xs:enumeration value="8"/> <!-- Inland Water -->

<xs:element name="TransportMeans" minOccurs="0">

<xs:element name="TypeOfMeansOfTransportldentification” minOccurs="0">
<xs:restriction base="tns:TypeStringMaxLength8">

<xs:enumeration value="11"/> <!-- Barge-->

<xs:enumeration value="21"/> <!-- Rail-->

<xs:enumeration value="31"/> <!-- Truck-->

<xs:element name="Carrier" minOccurs="0">

<xs:element name-="Carrierldentifier' type="tns:TypeStringMaxLength17" minOccurs="0"/>
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<!-- Name of Barge / Rail / Truck operator-->
<xs:ielement name="Transportldentification" minOccurs="0">

<xs:element name-="ldOfMeansOfTransportldentification” type="tns: TypeStringMaxLengthg"
minOccurs="0"/>

<!-- Barge ID / Train ID / Truck License Plate-->
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Annex 3 - COARRI and CODECO attribute

renaming

For COARRI dataset:

Table 23. COARRI mapping

./ /ns0:BeginningOfMessage/nso:DocumentMessageName/nso:.Document
MessageNameCoded
./ /ns0:GroupDetailsOfTransport/nso:Reference/nso:ReferenceQualifier

./ /ns0:GroupDetailsOfTransport/nso:Reference/nso:.ReferenceNumber

./ /ns0:GroupDetailsOfTransport/nso:DetailsOf Transport/nso:ModeOfTrans
port/nso:ModeOfTransportCoded

./ /ns0:GroupDetailsOfTransport/nso:DetailsOf Transport/nso:Carrier/nso.C
arrierldentifier

./ /ns0:GroupDetailsOfTransport/nso:DetailsOf Transport/nso:Transportiden
tification/nso:ldOfMeansOfTransport

./ /ns0:GroupDetailsOfTransport/nso:DetailsOf Transport/nso: Transportiden
tification/nso:ldOfMeansOfTransportldentification

./ /ns0:GroupDetailsOfTransport/nso:PlacelLocationldentification/nso:Place
LocationQualifier

./ /ns0:GroupDetailsOfTransport/nso:PlacelLocationldentification/nso:Locat
ionldentification/nso:PlacelLocationldentification

./ /ns0:GroupDetailsOfTransport/nso:PlacelLocationldentification/nso:Relat
edLocationOneldentification/nso:RelatedPlacelLocationOneldentification

./ /ns0:GroupEquipmentDetails/nso:NameAndAddress/nso:PartyQualifier

./ /nso:GroupEquipmentDetails/nso:NameAndAddress/nso:Partyldentificati
onDetails/nso:Partyldidentification

./ /nso:GroupEquipmentDetails/nso:EquipmentDetails/nso:EquipmentQuali
fier

./ /ns0:GroupEquipmentDetails/nso:EquipmentDetails/nso:Equipmentident
ification/nso:EquipmentldentificationNumber

./ /ns0:GroupEquipmentDetails/nso:EquipmentDetails/nso:EquipmentSize
AndType/nso:EquipmentSizeAndTypeldentification

./ /nso:GroupEquipmentDetails/nso:EquipmentDetails/nso:EquipmentStatu
sCoded

./ /ns0:GroupEquipmentDetails/nso:EquipmentDetails/nso:FUllEmptylndica
torCoded

./ /ns0:GroupEquipmentDetails/nso:DateTimePeriod/nso:Date TimePeriod

./ /ns0:GroupEquipmentDetails/nso:Placelocationldentification/nso:Placel.
ocationQualifier
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./ /ns0:GroupEquipmentDetails/nso:PlacelLocationldentification/nso:Locati
onldentification/nso:PlacelLocationldentification

For CODECO dataset:

Table 24. CODECO mapping

./ /nso:BeginningOfMessage/nso:DocumentMessageName/nso:Document
MessageNameCoded

./ /ns0:GroupDetailsOfTransport/nso:TransportDetails/nso:ModeOfTranspo
rt/nso:ModeOfTransportCoded

./ /ns0:GroupDetailsOfTransport/nso:TransportDetails/nso:Carrier/nso:Carr
ierldentifier

./ /ns0:GroupDetailsOfTransport/nso: TransportDetails/nso:Transportldentifi
cation/nso:ldOfMeansOfTransportidentification

./ /ns0:GroupDetailsOfTransport/nso: TransportDetails/nso:Transportldentifi
cation/nso:ldOfMeansOfTransport

./ /ns0:GroupDetailsOfTransport/nso:Placelocationldentification/nso:Place
LocationQualifier

./ /ns0:GroupDetailsOfTransport/nso:Placelocationldentification/nso:Locat
ionldentification/nso:PlacelLocationldentification

./ /ns0:GroupDetailsOfTransport/nso:PlacelLocationldentification/nso:Relat
edLocationOneldentification/nso:RelatedPlacel ocationOneldentification

./ /ns0:GroupNameAndAddress/nso:NameAndAddress/nso:PartyQualifier
./ /ns0:GroupNameAndAddress/nso:NameAndAddress/nso:Partyldentifica
tionDetails/nso:Partyldidentification

./ /ns0:GroupEquipmentDetails/nso:EquipmentDetails/nso:EquipmentQuali
fier

./ /ns0:GroupEquipmentDetails/nso:EquipmentDetails/nso.Equipmentident
ification/nso:EquipmentldentificationNumber

./ /ns0:GroupEquipmentDetails/nso:EquipmentDetails/nso.EquipmentSize
AndType/nso:EquipmentSizeAndTypeldentification’

./ /nso:GroupEquipmentDetails/nso:EquipmentDetails/nso:EquipmentStatu
sCoded

./ /ns0:GroupEquipmentDetails/nso:EquipmentDetails/nso:FullEmptylndica
torCoded

./ /ns0:GroupEquipmentDetails/nso:DateTimePeriod/nso:Date TimePeriod
Qualifier

./ /nso:GroupEquipmentDetails/nso:DateTimePeriod/nso:DateTimePeriod
./ /ns0:GroupEquipmentDetails/nso:GroupDetailsOf Transport/nso:Transpor
tDetails/nso:ModeOfTransport/nso:ModeOfTransportCoded

./ /ns0:GroupEquipmentDetails/nso:GroupDetailsOf Transport/nso:Transpor
tDetails/nso: TransportMeans/nso: TypeOfMeansOfTransportldentification

./ /ns0:GroupEquipmentDetails/ns0:GroupDetailsOf Transport/nso: Transpor
tDetails/nso:Carrier/nso:Carrierldentifier
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./ /ns0:GroupEquipmentDetails/nso:GroupDetailsOf Transport/nso: Transpor
tDetails/nso:Transportldentification/nso:ldOfMeansOfTransportldentificatio
g

./ /nso.GroupEquipmentDetails/ns0:GroupDetailsOf Transport/nso:PlacelL.o
cationldentification/nso:PlacelocationQualifier

./ /ns0:GroupEquipmentDetails/nso:GroupDetailsOf Transport/nso:Placel.o
cationldentification/nso:Locationldentification/nso:Placel.ocationldentificati
on

./ /nso.GroupEquipmentDetails/ns0:GroupDetailsOf Transport/nso:PlacelL.o
cationldentification/nso:RelatedLocationOneldentification/nso:RelatedPlac
elLocationOneldentification

./ /ns0:GroupEquipmentDetails/nso:PlacelLocationldentification/nso:Placel
ocationQualifier

./ /nso.GroupEquipmentDetails/nso:Placelocationldentification/nso:Locati
onldentification/nso:Placelocationldentification

./ /ns0:GroupEquipmentDetails/nso:PlacelLocationldentification/nso:Relate
dLocationOneldentification/nso:RelatedPlacel.ocationOneldentification
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Annex 4 - Container size and type
attribute detail

Container size and type different values:

Table 25. Container size and type description

Size and Type Size Type
45G1 Length 40 Heigth 9.6 Gengral purpose container without ventilation
Passive vents at upper part of cargo space
22G1 Length 20 Heigth 8.6 Gengral purpose container without ventilation
Passive vents at upper part of cargo space
. Thermal container
45R1 Length 40 Heigth 9.6 Mechanically refrigerated and heated
42G1 Length 40 Heigth 8.6 Gengral purpose container without ventilation
Passive vents at upper part of cargo space
. Pressurised tank container (liquids and gases)
22K2 Length 20 Heigth 8,6 oo
eng €9 Liguid tank dangerous goods >2,65 barc and < 10 barc pressure
. General purpose container without ventilation
4510 Length 40 Heigth 9.6 Passive vents at upper part of cargo space
. Platform (container)
42P3 Length 40 Heigth 8.6 Folding complete end structure
. General purpose container without ventilation
L5G1 Length 45 Heigth 9.6 .
5 ength 45 neigth 9 Passive vents at upper part of cargo space
Open-top container
22U1 Length 20 Heigth 8,6 Opening(s) at one or both ends, plus removable top member(s)
in end frames
Open-top container
42U1 Length 40 Heigth 8,6 Opening(s) at one or both ends, plus removable top member(s)
in end frames
Thermal container
R L h 20 Heigth 8, . .
22/ ength 20 Heigth 8.6 Mechanically refrigerated and heated
2276 Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
dangerous goods
2210 Length 20 Heigth 8,6 General purpose with ventilation. Active vents at upper part
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Platform (container)

45P3 Length 40 Heigth 9.6 Folding complete end structure
. General purpose container without ventilation
55G1 Length 45 Heigth 0.6 Passive vents at upper part of cargo space
. General purpose container without ventilation
5EGB Length 45 Heigth 9.6 Passive vents at upper part of cargo space
Open-top container
45U1 Length 40 Heigth 9,6 Opening(s) at one or both ends, plus removable top member(s)
in end frames
4EG1 Length 40 Heigth 9.6 Gengral purpose container without ventilation
Passive vents at upper part of cargo space
Platform (container)
22P Length 20 Heigth 8, :
3 ength 20 Heigth 8.6 Folding complete end structure
Length 20 Heigth 8.6 Pressurls.ed tank container (liquids and gases)
22K7 Cryogenic Tank
. General purpose container without ventilation
Length 45 Heigth 9.6 .
LEGB ength 45 Reigth 9 Passive vents at upper part of cargo space
Length 20 Heigth 8.6 Gengral purpose container without ventilation
22GB Passive vents at upper part of cargo space
. General purpose container without ventilation
Length 45 Heigth 9, .
LEG1 ength 45 Heigth 9.6 Passive vents at upper part of cargo space
2200 Length 20 Heigth 8,6 General purpose without ventilation. Passive vents at upper part
. Pressurised tank container (liquids and gases)
22K8 Length 20 Heigth 8,6 Gas Tank
Length 20 Heigth 9.6 Gengral purpose container without ventilation
25G1 Passive vents at upper part of cargo space
Thermal container
L h 40 Heigth g, . . .
45R5 ength 40 Heigth 9.6 Integrated machinery, mechanically refrigerated and heated
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
22T1 dangerous goods
. i ith ilati
Length 40 Heigth 8,6 Geheral purpose container without ventilation
4310 Active vents at upper part
General purpose container without ventilation
Length 20 Heigth 8,6 Opening(s) at one or both ends plus 'full' opening(s) on one or
22G2 both sides
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Length 20 Heigth 8,6

General purpose container with ventilation

2211 Active vents at upper part
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
22To dangerous goods
. Thermal container
22RB Length 20 Heigth 86 Mechanically refrigerated and heated
. Platform (container)
42P1 Length 40 Heigth 8.6 Two complete and fixed ends
. General purpose without ventilation. Openings at one or both
22GD Length 20 Heigth 8.6 ends, plus full openings on one or both ends
Length 20 Heigth 8.6 Open-top container. Open topped container with removal hard
22U6 top
. Platform (container)
45P8 Length 40 Heigth 9.6 Timber / pipe carrier
22P1 Length 20 Heigth 8,6 Platform (container). Two complete and fixed ends
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
22T7 dangerous goods
. General purpose container without ventilation
42Go Length 40 Heigth 8.6 With bulk capabilities
General purpose container with ventilation
Length 45 Heigth 9,6 Non-mechanical system, vents at lower and upper parts of
LEVA cargo space
. Open-top container
22Uo Length 20 Heigth 86 Opening(s) at one or both ends
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
22T5 dangerous goods
. General purpose container without ventilation
42Ga Length 40 Heigth 8,6 Unassigned
. Platform (container)
45P1 Length 40 Heigth 9.6 Two complete and fixed ends
RNRB null null
. General purpose container without ventilation
45Go Length 40 Heigth .6 Opening(s) at one end or both ends
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Length 20 Heigth 8,6

Open-top container

22UV Open topped container with removable hard top
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
2276 dangerous goods
. Pressurised tank container (liquids and gases)
22KD Length 20 Heigth 86 Liguid tank dangerous goods >2,65 barc and < 10 barc pressure
General purpose container without ventilation
Length 40 Heigth 9,6 Opening(s) at one or both ends plus 'full’ opening(s) on one or
45G2 both sides
. General purpose container without ventilation
45G4 Length 40 Heigth 9,6 Unassigned
. Pressurised tank container (liquids and gases)
Length N Heigth oo
AMKD eng onereigtin 9 Liquid tank dangerous goods >2,65 barc and < 10 barc pressure
General purpose container without ventilation
Length 20 Heigth 9,6 Opening(s) at one or both ends plus 'full’ opening(s) on one or
25GD both sides
. Pressurised tank container (liquids and gases)
48K8 Length 40 Heigth 4,3 Gas Tank
. Open-top container
42Uo0 Length 40 Heigth 8.6 Opening(s) at one or both ends
. General purpose container without ventilation
22GA Length 20 Heigth 86 Opening(s) at one end or both ends
. General purpose container without ventilation
L h 40 Heigth g, .
45GB ength 40 Heigth 9.6 Passive vents at upper part of cargo space
. Open-top container
42U9 Length 40 Heigth 8.6 Coil carrier
Pressurised tank container (liquids and gases)
Length 20 Heigth 8,6 Liquid tank for dangerous goods < 10 barc requiring power
22Ks5 supply
. Pressurised tank container (liquids and gases)
L h 20 Heigth . .
20K3 ength 20 Heigth 8 Liguid tank dangerous goods > 10 barc high pressure
. Platform (container)
25P1 Length 20 Heigth 9.6 Two complete and fixed ends
. Platform (container)
27PV Length 20 Heigth &> Ship's gear carrier
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Length None Heigth 9

Pressurised tank container (liquids and gases)

EMKD Liquid tank dangerous goods >2,65 barc and < 10 barc pressure
Open-top container
Length 20 Heigth 9,6 Opening(s) at one or both ends, plus removable top member(s)
25U1 in end frames
General purpose container without ventilation
Length 40 Heigth 9,6 Opening(s) at one or both ends plus 'full’ opening(s) on one or
45GD both sides
. Pressurised tank container (liquids and gases)
25K1 Length 20 Heigth 9.6 Liquid tank dangerous goods < 2,65 barc pressure
4541 Length 40 Heigth 9,6 Con-air container.
. Open-top container
Length 40 Heigth g, . .
45U6 ength 40 Heigth 9.6 Open topped container with removable hard top
. Pressurised tank container (liquids and gases)
28K8 Length 20 Heigth 4.3 Gas Tank
. Thermal container
LER1 Length 45 Heigth 9.6 Mechanically refrigerated and heated
48T9 Length 40 Heigth 4,3 Pressurised tank container (gases). Gas tank.
Length 20 Heigth 8.6 Genergl purpose container without ventilation
22G4 Unassigned
. Pressurised tank container (liquids and gases)
40K8 Length 40 Heigth 8 Gas Tank
. General purpose container without ventilation
25G) Length 20 Heigth 9,6 Unassigned
. General purpose container without ventilation
L h 20 Heigth 9, .
25GB ength 20 Heigth 9.6 Passive vents at upper part of cargo space
2264 Length 20 Heigth 8,6 Platform (container). incomplete superstructure: folding
4363 Length 40 Heigth 8,6 Platform (container). incomplete superstructure: folding
45GL Length 40 Heigth 9,6 General purpose without ventilation. Passive vents at upper part
Platform (container)
L h 40 Heigth :
46P3 ength 40 Heigth >9.6 Folding complete end structure
Length 20 Heigth 8.6 Gene'ral purpose container without ventilation
2CG1 Passive vents at upper part of cargo space
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Length 20 Heigth 9,6

Pressurised tank container (liquid and gases). Liquid tank

25To0 dangerous goods
Pressurised tank container (liquids and gases)
Length 20 Heigth 8,6 Liquid tank for dangerous goods < 10 barc requiring power
22KM supply
. General purpose container without ventilation
42Go Length 40 Heigth 8.6 Opening(s) at one end or both ends
. General purpose container without ventilation
22Go Length 20 Heigth 8.6 Opening(s) at one end or both ends
. Thermal container
22H7 Length 20 Heigth 8,6 Unassigned
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
22T2 dangerous goods
Open-top container
Length 40 Heigth >9,6 Opening(s) at one or both ends, plus removable top member(s)
46U1 in end frames
. General purpose container without ventilation
Length 40 Heigth 8, .
4CG1 ength 40 Heigth 8.6 Passive vents at upper part of cargo space
. Platform (container)
22P8 Length 20 Heigth 8.6 Timber / pipe carrier
4561 Length 40 Heigth 9,6 Platform (container). incomplete superstructure: fixed
General purpose container without ventilation
Length 40 Heigth 9,6 Opening(s) at one or both ends plus "partial’ opening(s) on one or
45G3 both sides
2251 Length 20 Heigth 8,6 Open-top container. Openings at one or both ends.
23G1 Length 20 Heigth 8,6 General purpose without ventilation. Passive vents at upper part.
. Pressurised tank container (liquids and gases)
L h 20 Heigth 8, oo
22K1 ength 20 Heigth 8.6 Liguid tank dangerous goods = 2,65 barc pressure
2064 Length 20 Heigth 8,6 Platform (container). incomplete superstructure: folding
Platform (container)
Length 40 Heigth 8,6 Folding posts, either free-standing or with removable top
42P4 member
Platform (container)
L h 20 Heigth 8, . . . .
22P2 ength 20 Heigth 8,6 Fixed posts, either free-standing or with removable top member
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Length 20 Heigth 9,6

Pressurised tank container (liquids and gases)

25Ko Liquid tank non-regulated goods
Platform (container)
Length 40 Heigth 9,6 Folding posts, either free-standing or with removable top
45P4 member
Thermal container
Length 20 Heigth 8,6 Refrigerated and/or heated with removable equipment located
22H1 internally
. Platform (container)
25PM Length 20 Heigth 9.6 Open top, open ends (skeletal)
2510 Length 20 Heigth 9,6 General purpose with ventilation. Active vents at upper part
. Pressurised tank container (liquids and gases)
22KO Length 20 Heigth 8.6 Liquid tank non-regulated goods
: General purpose container without ventilation
Length 45 Heigth 9, .
LsGB ength 45 Heigth 9.6 Passive vents at upper part of cargo space
4519 Length 40 Heigth 9,6 General purpose with ventilation. Active vents at upper part
. Thermal container
44R1 Length 40 Heigth 9 Mechanically refrigerated and heated
4210 Length 40 Heigth 8,6 General purpose with ventilation. Active vents at upper part.
. Pressurised tank container (liquids and gases)
48Ko Length 40 Heigth 4,3 Unassigned
Length 20 Heigth 8 Pressurised tank container (liquid and gases). Liquid tank
20T6 dangerous goods.
43P3 Length 40 Heigth 8,6 Platform (container). incomplete superstructure: folding
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
22T9 dangerous goods
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
22T8 dangerous goods
2261 Length 20 Heigth 8,6 Platform (container). incomplete superstructure: fixed
2231 Length 20 Heigth 8,6 Thermal container. Mechanically refrigerated and heated
General purpose container without ventilation
Length 20 Heigth 8,6 Opening(s) at one or both ends plus 'partial’ opening(s) on one or
22GG both sides
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Length 20 Heigth 8,6

Platform (container)
This is a group type code and does not have main

22PL characteristics.
General purpose container without ventilation
Length 40 Heigth 8,6 Opening(s) at one or both ends plus 'full' opening(s) on one or
42G2 both sides
. Pressurised tank container (liquid and gases). Liquid tank
2MT5 Length 20 Heigth 9 dangerous goods
. Pressurised tank container (liquids and gases)
2CKD Length 20 Heigth 86 Liquid tank dangerous goods >2,65 barc and < 10 barc pressure
2219 Length 20 Heigth 8,6 General purpose with ventilation. Active vents at upper part
. Pressurised tank container (liquids and gases)
47KX Length 40 Heigth 8> Gas Tank
. Pressurised tank container (liquids and gases)
Length 20 Heigth 8, . )
22KG ength 20 Heigth 8.6 Liguid tank dangerous goods > 10 barc high pressure
Length 40 Heigth 8.6 Dry bulk container non-pressurized, box type. Active vents at
4381 upper part
2250 Length 20 Heigth 8,6 Open-top container. Openings at one or both ends.
. General purpose container without ventilation
Length 40 Heigth g, . . -
45GP ength 40 Heigth 9.6 This is a group type code and does not have main characteristics
Platform (container)
Folding posts, either free-standing or with removable top
Length 20 Heigth 8,6 member
22P4
Thermal container
Length 40 Heigth 9,6 . . -
45RT ength 40 meigth 9 This is a group type code and does not have main characteristics
. Platform (container)
L h 40 Heigth 8, ) . . .
42P2 ength 40 Heigth 8.6 Fixed posts, either free-standing or with removable top member
. Pressurised tank container (liquids and gases)
L h 20 Heigth 8, oo
22Ko ength 20 Heigth 8.6 Liguid tank non-regulated goods
22F1 Length 20 Heigth 8,6 -
. General purpose container without ventilation
Length 20 Heigth 8,6 . . -
22GP eng €9 This is a group type code and does not have main characteristics
. General purpose container without ventilation
L h 40 Heigth g, )
45G8 ength 40 Heigth 9.6 Unassigned

D6.5 Demo report on the Cargo Flow Prediction 82




PIONEERS

Length 20 Heigth 8,6

Pressurised tank container (liquids and gases)

22KX Gas Tank
2410 Length 20 Heigth 9,6 General purpose with ventilation. Active vents at upper part.
Length 20 Heigth 8.6 Pressurised tank container (liquid and gases). Liquid tank
2275 dangerous goods
. Open-top container
45U9 Length 40 Heigth 0.6 Coil carrier
General purpose container without ventilation
Length 40 Heigth 9,6 Opening(s) at one or both ends plus 'partial’ opening(s) on one or
45GG both sides
. Thermal container
45R4 Length 40 Heigth 9,6 Unassigned
. General purpose container without ventilation
22GY Length 20 Heigth 8.6 With bulk capabilities
. Open-top container
45U0 Length 40 Heigth 9.6 Opening(s) at one or both ends
General purpose container without ventilation
Length 20 Heigth 8,6 Opening(s) at one or both ends plus 'partial’ opening(s) on one or
22G3 both sides
Length 20 Heigth 8.6 Pressurised tank container (liquid). Liquid tank non-dangerous
2270 goods
. Open-top container
Length 40 Heigth 8,6 . .
42U6 ength 40 nelg Open topped container with removable hard top
23U1 Length 20 Heigth 8,6 Open-top container. Openings at one or both ends.
. General purpose container without ventilation
L h 20 Heigth 9, .
2EG1 ength 20 Heigth 9.6 Passive vents at upper part of cargo space
. Pressurised tank container (liquids and gases)
L h 20 Heigth oo
20K2 ength 20 Heigth 8 Liguid tank dangerous goods >2,65 barc and < 10 barc pressure
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Annex 5 - NMOT model performance
outputs for individual baseline models

LINEAR MODELS:

Model 1: Logistic Regression

Table 26. NMOT - Logistic Regression with SMOTE

Model 1.1 - SMOTE: Best Logistic Regression Moc
Precision Recall F1-score

Class 0 - Barge 0.48 0,54 0,5
Class 1 - Road 0,79 0.77 0,78
Class 2 - Rail 0,05 0,03 0,04
Accuracy 0.69
Precision (Macro) 0.44
F1-score (Macro) 0.43
Balanced Accuracy 0.47
Oversampling SMOTE

Table 27. NMOT - Logistic Regression with ADASYN

del 1.2- ADASYN: Best

Precision Recall F1i-score

Class 0 - Barge 0,48 0,48 0.48
Class 1 - Road 0,78 0,74 0,76
Class 2 - Rail 0,06 0,12 0,08
Accuracy 0.65

Precision (Macro) 0.44

F1-score (Macro) 0.44

Balanced Accuracy | 045

Oversampling ADASYN

Model 2: Linear SVM (SGD)

Table 28. NMOT - SGD Regression with SMOTE

Model 2.12. SMOTE: Best SVM (SGD) Model

Precision Recall F1i-score
Class 0 - Barge 0.49 0,51 0,5
Class 1 - Road 0,78 0,66 0,72
Class 2 - Rail 0,06 0,22 0,09
Accuracy 0.61
Precision (Macro) 0.44
F1-score (Macro) 0.44
Balanced Accuracy | 046
Oversampling SMOTE
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Table 29. NMOT - SGD Regression with ADASYN

Model 2.1. ADASYN: Best SVM (SGD) Model

Precision Recall Fi-score

Class 0 - Barge 0,47 0.5 0,49
Class 1 - Road 0,79 0.74 0,76
Class 2 - Rail 0,06 0,11 0,08
Accuracy 0.66

Precision (Macro) 0.44

F1-score (Macro) 0.44

Balanced Accuracy | 045

Oversampling ADASYN

NON-LINEAR MODELS:

Model 3: Weighted KNN

Table 30. NMOT - Weighted KNN Regression with SMOTE

Model 3.12. SMOTE: Best Weighted KNN Model

Precision Recall Fi-score

Class 0 - Barge 0,31 0,33 0,32
Class 1 - Road 0,74 0,56 0,64
Class 2 - Rail 0,04 0,23 0,07
Accuracy 0.49

Precision (Macro) 0.37

F1-score (Macro) 0.19

Balanced Accuracy | 045

Oversampling SMOTE

Table 31. NMOT - Weighted KNN Regression with ADASYN

odel 3.2. ADASYN: Best Weighted KNN Mode

Precision Recall Fi-score

Class 0 - Barge 0,31 0,33 0,32
Class 1 - Road 0,74 0,53 0,62
Class 2 - Rail 0,04 0,25 0,07
Accuracy 0.47

Precision (Macro) 0.36

F1-score (Macro) 0.34

Balanced Accuracy | 0.37

Oversampling ADASYN

PROBABILISTIC MODELS:

Model 4: Gaussian Naive Bayes

D6.5 Demo report on the Cargo Flow Prediction 85



PIONEERS

Table 32. NMOT - Gaussian Naive Bayes Regression with SMOTE

ussian Naive Bayes Mo

Precision Recall Fi-score

Class 0 - Barge 0,34 0,68 0,46
Class 1 - Road 0,79 0,02 0,03
Class 2 - Rail 0,05 0,94 0,09
Accuracy 0.21

Precision (Macro) 0.39

F1-score (Macro) 0.19

Balanced Accuracy 0.45

Oversampling SMOTE

Table 33. NMOT - Gaussian Naive Bayes Regression with ADASYN

el 4.2. ADASYN: Best G

aussian Naive Bayes Model

Precision Recall Fi-score

Class 0 - Barge 0,36 0,71 0,48
Class 1 - Road 0,9 0,08 0,15
Class 2 - Rail 0,05 0,58 0,09
Accuracy 0.26

Precision (Macro) 0.44

F1-score (Macro) 0.24

Balanced Accuracy 0.46

Oversampling ADASYN

TREE-BASED MODELS

Model 5: Decision Tree

Table 34. NMOT - Decision Tree Regression with SMOTE

Model 5.1. SMOTE: Best Decision Tree Model

Precision Recall Fi-score
Class 0 - Barge 0,36 0,5 0,42
Class 1 - Road 0,78 0,62 0,69
Class 2 - Rail 0,07 0,16 0,1
Accuracy 0.58
Precision (Macro) 0.4
Fi-score (Macro) 0.4
Balanced Accuracy | 043
Oversampling SMOTE

Table 35. NMOT - Decision Tree Regression with ADASYN

Model 5.2. ADASYN: Best Decision Tree Model

Precision Recall F1-score
Class 0 - Barge 0,34 0,47 0.4
Class 1 - Road 0,77 0.47 0,59
Class 2 - Rail 0,06 0.35 01
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Accuracy 0.47
Precision (Macro) 0.39
F1-score (Macro) 0.36
Balanced Accuracy 0.43
Oversampling ADASYN

Model 6: Random Forest

Table 36. NMOT - Random Forest Regression with SMOTE

Model 6.1. SMOTE: Best Random Forest Model

Precision Recall Fi-score

Class 0 - Barge 0.5 0,42 0.45
Class 1 - Road 0,78 0,81 0,79
Class 2 - Rail 0,11 0.17 0,13
Accuracy 0.69

Precision (Macro) 0.46

F1-score (Macro) 0.46

Balanced Accuracy | 046

Oversampling SMOTE

Table 37. NMOT - Random Forest Regression with ADASYN

Model 6.2. ADASYN: Best Random Forest Mode

Precision Recall Fi-score

Class 0 - Barge 0.47 0.4 0,43
Class 1 - Road 0,78 0,66 0,72
Class 2 - Rail 0,07 0,37 0,12
Accuracy 0.58

Precision (Macro) 0.44

Fi1-score (Macro) 0.42

Balanced Accuracy | 048

Oversampling ADASYN

Model 7: XGBoost

Table 38. NMOT - XGBoost Regression with SMOTE

Model 7.12. SMOTE: Best XGBoost Model

Precision Recall Fi-score
Class 0 - Barge 0,74 0,03 0,05
Class 1 - Road 0,72 1 0,83
Class 2 - Rail 0,28 0,01 0,03
Accuracy 0.72
Precision (Macro) 0.58
Fi-score (Macro) 03
Balanced Accuracy 0.35
Oversampling SMOTE
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Table 39. NMOT - XGBoost Regression with ADASYN

Model 7.2. ADASYN: Best XGBoost Model

Precision Recall Fi-score

Class 0 - Barge 0,6 0,05 0,09
Class 1 - Road 0,72 0,99 0.83
Class 2 - Rail 0,14 0,02 0,03
Accuracy 0.72

Precision (Macro) 0.49

Fi1-score (Macro) 0.34

Balanced Accuracy 0.37

Oversampling ADASYN

Model 8: LightGBM

Table 40. NMOT - LightGBM Regression with SMOTE

Model 8.1. SMOTE: Best LightGBM Model

Precision Recall Fi-score

Class 0 - Barge 0,63 0,16 0,26
Class 1 - Road 0.74 0,97 0,84
Class 2 - Rail 0,27 0,04 0,07
Accuracy 0.73

Precision (Macro) 0.55

F1-score (Macro) 0.39

Balanced Accuracy | 0.39

Oversampling SMOTE

Table 41. NMOT - LightGBM Regression with ADASYN

Model 8.2. ADASYN: Best LightGBM Model

Precision Recall Fi-score
Class o0 - Barge 0,69 0,08 0,14
Class 1 - Road 0,73 0,99 0,84
Class 2 - Rail 0,39 0,01 0,02
Accuracy 0.72
Precision (Macro) 0.6
F1-score (Macro) 0.33
Balanced Accuracy | 0.36
Oversampling ADASYN
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Annex 6 — Gate out datetime regression
model performance outputs for individual
baseline models

LINEAR MODELS:

Model 1: ElasticNet Regression

Table 42. Gate Out Datetime - ElasticNet Regression for Full Containers

Model 1.1. Full Containers: Best ElasticNet Regression Model

RMSE 2723,669009
MAE 2144,152937
R2 0,054202

Table 43. Gate Out Datetime - ElasticNet Regression for Empty Containers

Model 1.2. Empty Containers: Best ElasticNet Regression Model

RMSE 4073,354088
MAE 3110,172424
R2 0,135802

Model 2: Huber Regression

Table 44. Gate Out Datetime - Huber Regression for Full Containers

Model 2.1. Full Containers: Best Huber Regression Model

RMSE 2739,276812
MAE 2115,856335
R2 0,043332

Table 45. Gate Out Datetime - Huber Regression for Empty Containers

Model 2.2. Empty Containers: Best Huber Regression Model
RMSE 4142,991333
MAE 3000,986173
R2 0,106001

Model 3: Tweedie Regression
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Table 46. Gate Out Datetime - Tweedie Regression for Full Containers

Model 3.1. Full Containers: Best Tweedie Regression Model

RMSE 2723,510481
MAE 2144,742629
R2 0,054312

Table 47. Gate Out Datetime - Tweedie Regression for Empty Containers

Model

.2. Empty Containers: Best Tweedie Regression Model

RMSE 4032,717292
MAE 3074,43268
R2 0,152959

Model 4: SDG Regression

Table 48. Gate Out Datetime - SGD Regression for Full Containers

el 4.1. Full Containers: Best SGD Regression Model

RMSE 2725,253194
MAE 2147,663477
R2 0,053102

Table 49. Gate Out Datetime - SGD Regression for Empty Containers

L 4.2. Empty Containers: Best SGD Regression Model

RMSE 4086,588634
MAE 3087.055573
R2 0,130178

NON-LINEAR MODELS

Model 5: Polynomial Regression

Table 50. Gate Out Datetime - Polynomial Regression for Full Containers

Model 5.1. Full Containers: Best Polynomial Regression Model

RMSE 2658,679213
MAE 2058,335418
R2 0,098799

Table 51. Gate Out Datetime - Polynomial Regression for Empty Containers

. Empty Containers: Best Polynomial Regression Model

RMSE 3496,701083
MAE 2634,653639
R2 0,363167
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Model 6: Weighted KNN Regression

Table 52. Gate Out Datetime - Weighted KNN Regression for Full Containers

Model 6.1. Full Containers: Best Weighted KNN Regression Model

RMSE 2442,478436
MAE 1767.303377
R2 0,239409

Table 53. Gate Out Datetime - Weighted KNN Regression for Empty Containers

mpty Containers: Best Weighted KNN Regression Model

RMSE 2870.,934451
MAE 1776.709357
R2 0570706

TREE-BASED MODELS:

Model 7: Decision Tree Regression

Table 54. Gate Out Datetime - Decision Tree Regression for Full Containers

. Full Containers: Best Decision Tree Regression Model

RMSE 2424,032965
MAE 1803,765287
R2 0,250854

Table 55. Gate Out Datetime - Decision Tree Regression for Empty Containers

Model 7.2. Empty Containers: Best Decision Tree Regression Model

RMSE 2086,90817
MAE 195293595
R2 0,535322

Model 8: Random Forest Regression

Table 56. Gate Out Datetime - Random Forest Regression for Full Containers

Model 8.1. Full Containers: Best Random Forest Regression Model

RMSE 2373.256507
MAE 1745,867212
R2 0,28191

Table 57. Gate Out Datetime - Random Forest Regression for Empty Containers

Model 8.2. Empty Containers: Best Random Forest Regression Model

RMSE 2841,955689
MAE 1828,502227
R2 0579328
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Model 9: XGBoost Regression

Table 58. Gate Out Datetime - XGBoost Regression for Full Containers

Model 9.1. Full Containers: Best XGBoost Regression Model

RMSE 2398,10358
MAE 1745,16349
R2 0,266795

Table 59. Gate Out Datetime - XGBoost Regression for Empty Containers

.2. Empty Containers: Best XGBoost Regression Model

RMSE 2832,05567
MAE 1766,08869
R2 0,582254

Model 10: LightGBM Regression

Table 60. Gate Out Datetime - LightGBM Regression for Full Containers

0.1. Full Containers: Best LightGBM Regression Model

RMSE 2400,97532
MAE 1813,77335
R2 0,265038

Table 61. Gate Out Datetime - LightGBM Regression for Empty Containers

.2. Empty Containers: Best LightGBM Regression Model

RMSE 2831,02013
MAE 1828,78669
R2 0,582294
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Annex 7 — Gate out day classification
model performance outputs for individual
baseline models

LINEAR MODELS:

Model 1: Logistic Regression

Table 62. Gate Out Datetime - Logistic Regression for Full Containers

1.1 - Full Containers: Best Logistic Regression Model

Precision Recall Fi-score
0: Same Day 0,23 0,32 0,27
1. Next Day 0,27 0,38 0,31
2: 2 days later 0,27 0,16 0,2
3: 3 days later 0,26 0,06 0.1
4: 4 days later 017 0,35 0,23
5: 5 days later 0,29 0,26 0,28
Accuracy 0,240253
Precision (Macro) 0,248072
F1-score (Macro) 0,231869
Balanced Accuracy 0,256753
Oversampling SMOTE

Table 63. Gate Out Datetime - Logistic Regression for Empty Containers

.2 = Empty Containers: Best Logistic Regressio

Precision Recall Fi-score
0: Same Day 0,19 0,32 0,24
1. Next Day 0,39 0,26 0,31
2: 2 days later 0.44 0,36 0.4
3: 3 days later 0,27 0,36 0,31
4: 4 days later 0,24 0,5 0,32
5: 5 days later 0,57 0.33 0,42
Accuracy 0,343988
Precision (Macro) 0,348884
Fi-score (Macro) 0,331754
Balanced Accuracy 0,355387
Oversampling SMOTE

Model 2: SGD Classifier

Table 64. Gate Out Datetime - SGD Classifier for Full Containers

el 2.1 - Full Containers: Best SGD Classifier Mo
Precision Recall Fi-score
0: Same Day 0,2 0,45 0,28
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1. Next Day 0,25 0,33 0,28
2; 2 days later 0,2 0.3 0,24
3: 3 days later 0,27 0,01 0,01
4: 4 days later 0,14 0,24 0,18
5: 5 days later 0 0 0
Accuracy 0,199696

Precision (Macro) 0,177767

F1-score (Macro) 0,165097

Balanced Accuracy 0,219178

Oversampling SMOTE

Table 65. . Gate Out Datetime - SGD Classifier for Empty Containers

Model 2.2 - Empty Containers: Best SGD Classifier Model

Precision Recall F1-score
0: Same Day 0,17 0,07 0.1
1. Next Day 0,32 0,29 0,31
2: 2 days later 0,39 0,17 0,24
3: 3 days later 0,23 0,32 0,27
4: 4 days later 0,13 0,06 0,08
5: 5 days later 0,41 0,69 0,52
Accuracy 0,344352
Precision (Macro) 0,27655
F1-score (Macro) 0,251962
Balanced Accuracy | 0,267158
Oversampling SMOTE

NON-LINEAR MODELS:

Model 3: Weighted KNN Classifier

Table 66. Gate Out Datetime - Weighted KNN Classifier for Full Containers

- Full Containers: Best Weighted KNN Classifi

Precision Recall Fi-score
0: Same Day 0,41 0,44 0,43
1. Next Day 0,45 0,51 0,48
2: 2 days later 0.45 0.47 0,46
3: 3 days later 0,41 0.4 0,41
4: 4 days later 0.35 0,28 0,31
5: 5 days later 0,48 0.44 0,46
Accuracy 0,431171
Precision (Macro) 0,424223
F1-score (Macro) 0,4234
Balanced Accuracy | 0,42517
Oversampling SMOTE

Table 67. Gate Out Datetime - Weighted KNN Classifier for Empty Containers

Model 3.2 - Empty Containers: Best Weighted KNN Classifier Model
Precision Recall F1-score
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0: Same Day 0,66 0,72 0,69
1. Next Day 0,71 0.73 0.72
2; 2 days later 0,67 0,68 0,68
3: 3 days later 0,63 0,59 0,61
4: 4 days later 0,66 0,69 0,68
5: 5 days later 0,79 0,75 0,77
Accuracy 0,706502

Precision (Macro) 0,687587

Fi1-score (Macro) 0,690772

Balanced Accuracy 0,604838

Oversampling SMOTE

NON-LINEAR MODELS:

Model 4: Gaussian NB Classifier

Table 68. Gate Out Datetime - Gaussian NB Classifier for Full Containers

4.1 - Full Containers: Best Gaussian NB Classifie

Precision Recall Fi-score

0: Same Day 0,24 0,22 0,23
1. Next Day 0,27 0,39 0,32
2: 2 days later 0,28 0,23 0,25
3: 3 days later 0,27 0,02 0,04
4: 4 days later 0,17 0,46 0,25
5: 5 days later 0,29 0,2 0,24
Accuracy 0,237507

Precision (Macro) 0,253974

F1-score (Macro) 0,221835

Balanced Accuracy 0,254476

Oversampling SMOTE

Table 69. Gate Out Datetime - Gaussian NB Classifier for Empty Containers

- Empty Containers: Best Gaussian NB Classi
Precision Recall Fi-score

0: Same Day 0,19 0,18 0,19

1. Next Day 0,32 0,06 01

2: 2 days later 0.33 0,46 0,38

3: 3 days later 0,22 0,41 0,29

4: 4 days later 0,19 0,48 0,28

5: 5 days later 0,38 0,15 0,21

Accuracy 0,262259

Precision (Macro) 0,272439

F1-score (Macro) 0,241618

Balanced Accuracy | 0,290403

Oversampling SMOTE

TREE-BASED MODELS:

Model 5: Decision Tree Classifier
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Table 70. Gate Out Datetime - Decision Tree Classifier for Full Containers

1 - Full Containers: Bes

t Decision Tree Classifi

r Model

Precision Recall Fi-score

0: Same Day 0,37 0,48 0,42
1. Next Day 0,44 0.5 0,47
2; 2 days later 0,46 0,43 0,44
3: 3 days later 0,44 0,34 0,38
4: 4 days later 0,31 0,35 0,33
5: 5 days later 0,47 0,42 0,45
Accuracy 0.418714

Precision (Macro) 0,415032

F1-score (Macro) 0,415023

Balanced Accuracy | 0421252

Oversampling SMOTE

Table 71. Gate Out Datetime - Decision Tree Classifier for Empty Containers

Model 5.2 - Empty Containers: Best Decision Tree Classifier Model

Precision Recall Fi-score
0: Same Day 0,64 0,71 0,67
1. Next Day 0.74 0.71 0,72
2: 2 days later 0,7 0,6 0,65
3: 3 days later 0,53 0,77 0,63
4: 4 days later 0,58 0,73 0,65
5: 5 days later 0,83 0,68 0,75
Accuracy 0,689066
Precision (Macro) 0,670703
F1-score (Macro) 0,678211
Balanced Accuracy 0,700935
Oversampling SMOTE

Model 6: Random Forest Classifier

Table 72. Gate Out Datetime - Random Forest Classifier for Full Containers

Model 6.1 - Full Containers: Best Random Forest Classifier Model
Precision Recall Fi-score
0: Same Day 0,39 0,47 0,42
1. Next Day 0,46 0,5 0,48
2: 2 days later 0,46 0.43 0.44
3: 3 days later 0,44 0,34 0,38
4: 4 days later 0,32 0,38 0,35
5: 5 days later 0,47 0,45 0,46
Accuracy 0.42455
Precision (Macro) 0,420546
F1-score (Macro) 0,421448
Balanced Accuracy | 0,42687
Oversampling SMOTE
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Table 73. Gate Out Datetime - Random Forest Classifier for Empty Containers

Model 6.2 - Empty Containers: Best Random Forest Classifier Model
Precision Recall F1-score

0: Same Day 0,64 0,72 0,67

1: Next Day 0,74 0.7 0.72

2; 2 days later 0,71 0,6 0,65

3: 3 days later 0,53 0,76 0,62

4: 4 days later 0,58 0,74 0,65

5: 5 days later 0,83 0,69 0.75
Accuracy 0,689066

Precision (Macro) 0,670328

Fi1-score (Macro) 0,678014

Balanced Accuracy 0,700319

Oversampling SMOTE

Model 7: XGBoost Classifier

Table 74. Gate Out Datetime - XGBoost Classifier for Full Containers

7.1 - Full Containers: Best XGBoost Classifier
Precision Recall Fi-score
0: Same Day 0,41 0,42 0,42
1. Next Day 0,44 0,52 0,48
2: 2 days later 0,44 0,44 0,44
3: 3 days later 0,42 0,33 0,37
4: 4 days later 0,33 0,36 0,34
5: 5 days later 0.45 0,46 0,46
Accuracy 0,421951
Precision (Macro) 0,417294
F1-score (Macro) 0,417735
Balanced Accuracy 0,421636
Oversampling SMOTE

Table 75. Gate Out Datetime - XGBoost Classifier for Empty Containers

Model 7.2 - Empty Containers: Best XGBoost Classifier Model

Precision Recall Fi-score

0: Same Day 0,64 0,74 0,69
1. Next Day 0,75 0.7 0.73
2: 2 days later 0,71 0,61 0,66
3: 3 days later 0,52 0,78 0,62
4: 4 days later 0.6 0,73 0,66
5: 5 days later 0,84 0,69 0,76
Accuracy 0,695242

Precision (Macro) 0,676814

Fi-score (Macro) 0,684134

Balanced Accuracy | 0,708004

Oversampling SMOTE
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Model 8: LightGBM Classifier

Table 76. Gate Out Datetime - LightGBM Classifier for Full Containers

Model 8.1 - Full Containers: Best LightGBM Classifier Model

Precision Recall Fi-score

0: Same Day 0,41 0,45 0,43
1. Next Day 0,47 0.5 0,48
2; 2 days later 0,45 0,45 0,45
3: 3 days later 0.43 0,36 0,39
4: 4 days later 0,33 0,36 0,34
5: 5 days later 0,46 0,46 0,46
Accuracy 0,429748

Precision (Macro) 0,424883

Fi1-score (Macro) 0,426344

Balanced Accuracy 0,429504

Oversampling SMOTE

Table 77. Gate Out Datetime - LightGBM Classifier for Empty Containers

8.2 - Empty Containers:
Precision Recall Fi-score

0: Same Day 0,65 0,73 0,69
1. Next Day 0,75 0.7 0.72
2: 2 days later 0,71 0,6 0,65
3: 3 days later 0,53 0,76 0,62
4: 4 days later 0,59 0.73 0.65
5: 5 days later 0,82 0.7 0,76
Accuracy 0,693789

Precision (Macro) 0,675034

Fi-score (Macro) 0,682739

Balanced Accuracy | 0,704326

Oversampling SMOTE
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