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Abstract

This thesis focuses on the optimization of selected operational processes within a
port container terminal. The work has been developed in close collaboration with
PSA Genova Pra’ terminal, one of the major container terminals in Northern Italy.
The terminal is modeled as a system of systems, comprising the berth, yard, gate, and
rail yard subsystems, which interact to achieve the common objective of efficiently
handling containerized cargo flows. Within this framework, the thesis concentrates
on the gate and rail subsystems, which represent the primary interfaces between the
terminal and the inland transport network. The main focus is to optimize processes
associated with these subsystems through the application of prediction, optimization,
and simulation methodologies, while accounting for their interactions with other ter-
minal components, such as the yard and berth. For the gate subsystem, the thesis
proposes predictive models for container arrivals and departures by truck. The pre-
dicted demand is then analyzed to evaluate its impact on terminal congestion and
emissions. Based on this analysis, optimization strategies are developed to proac-
tively redistribute truck arrivals, with the aim of mitigating congestion in yard areas
and reducing emission peaks on critical days. The rail subsystem is addressed from
two perspectives: the optimization of train discharge operations and the assessment
of overall rail yard capacity. Although initial analytical and optimization models are
developed, the inherent complexity of the system necessitates simplifying assump-
tions. To overcome these limitations, detailed simulation models are implemented,
allowing a more realistic representation of operational constraints and interactions.
Simulation results demonstrate improved accuracy in capacity evaluation compared
to purely mathematical approaches. Overall, the methodologies and results pre-
sented in this thesis provide a structured decision-support framework for port ter-
minal operators, illustrating how integrated prediction, optimization, and simulation
tools can effectively support operational planning. Furthermore, this work highlights
the value of close collaboration between academic research and industry in address-
ing real-world operational challenges in port terminals.
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Introduction

The first time I visited a port terminal, I was surprised by how many things were happening at
once, cranes lifting containers, trucks moving in and out, vessels being discharged and loaded,
yvard workers coordinating on screens and radios. What looked like a simple goal, moving cargo
from ship to shore and beyond, turned out to be a highly complex operation. Over time, I began
to see the terminal not just as a single system, but as many independent systems working together.
This idea closely matches the concept of a System of Systems (SoS), which [3] defines as a super
system made up of separate, complex operational systems that interact to achieve a common
goal. A port terminal brings together several distinct but interconnected subsystems, like yard
management, berth allocation, gate operations, rail yard operations, and IT systems, each with
its own complexity, autonomy, and responsibilities. Yet, they all need to work together efficiently
to ensure that containers are handled smoothly and vessels, trucks and trains are served on time.
From this perspective, it becomes clear that a port terminal can and should be viewed as a SoS,
as also confirmed by [4]. This view has guided much of the thinking and direction behind the
optimization work presented in this thesis.

Owing to its cost-efficiency and capacity to handle large-scale cargo, maritime transport contin-
ues to serve as a vital foundation of international commerce, as over 80% of world trade volume
is carried by sea. In 2023, 11.6 billion metric tons of goods were loaded for international mar-
itime trade, a slight decrease of 0.6% from 2022, and only 1.3% higher than in 2018. Although
growth has slowed in recent years, international trade volumes have increased substantially over
the long term. Since the start of the millennium, the total volume of goods loaded for interna-
tional trade has grown significantly, with a 14.2% increase recorded between 2013 and 2018.
During this period, dry cargo shipments, including containers, dry bulk, and general cargo, more
than doubled [1]].

As for the containerized port traffic, again according to [1], in 2023, global container ports
processed around 858 million twenty-foot equivalent units (TEUs). Compared to 2013, when
throughput was about 641 million TEUs, this represents a growth of 33% over the past decade.
However, in both 2022 and 2023, container volumes increased by only 0.5%, marking the slow-
est pace of expansion in more than ten years, aside from the exceptional downturn during the
COVID-19 pandemic in 2020. These trends underline the dual reality of containerized trade:
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while the long-term trajectory remains one of significant growth, the recent slowdown empha-
sizes the need for ports to focus on improving efficiency and operational performance rather than
relying solely on expanding traffic volumes.

Fig. [T)illustrates the trends in container throughput over time for Europe, Southern Europe, and
Italy. Between 2010 and 2023, container throughput in Europe demonstrated a long-term growth
trend, rising from approximately 86 million TEUs in 2010 to a peak of about 120.6 million TEUs
in 2021, before declining to around 110 million TEUs in 2023. A similar pattern is observed in
Southern Europe, where throughput grew from 28.2 million TEUs in 2010 to 43 million TEUs in
2021, followed by a slight contraction to 41.3 million TEUs in 2023. In contrast, Italy’s container
throughput has remained relatively stable, fluctuating between 9.7 and 11.5 million TEUs over
the same period, with only modest growth compared to broader regional and continental trends.
In 2023, Italy accounted for roughly 10% of Europe’s total container traffic and about one-quarter
of Southern Europe’s throughput, underscoring its consistent but comparatively limited role in
the region’s containerized trade.
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Figure 1: Throughput of containers over the years for Italy, Southern Europe, and Europe (Data
source: [1])

Moreover, the graph in Fig. [2] shows how Italy’s share of Europe’s container throughput has

evolved between 2010 and 2023. In 2010, Italy held a relatively high share of about 11.3%,
but this quickly declined in 2011 to around 10.3%, and then fluctuated around 10-10.5% until
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2016. From 2017 onwards, the trend reveals a gradual decline, reaching its lowest point in 2019
at approximately 9.2%, indicating a period where Italy was losing relative weight within the
European container market. After 2019, Italy’s share showed signs of stabilization and modest
recovery, particularly from 2021 to 2023, when it rose again above 10%. By 2023, Italy’s share
stood at roughly 10.3%, suggesting that while the country did not return to the higher levels of
the early 2010s, it regained some ground after the decline. These dynamics highlight the need
for Italian ports to prioritize efficiency and process optimization, given that growth in volumes
has remained relatively flat, unlike the stronger expansion trends seen at the European level.

Italy's Share of Europe’s Container Throughput (2010-2023)
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Figure 2: Italy’s Share of European container throughput over time (Data source: [1]])

To fully understand the implications of Italy’s container throughput trends, it is essential to situ-
ate these national dynamics within the broader context of global maritime developments. While
Italy has maintained comparatively stable volumes over the past decade, the wider logistics en-
vironment has become increasingly volatile and unpredictable. In recent years, ports worldwide
have been confronted not only with slowing growth but also with severe external shocks that
have reshaped shipping routes, vessel deployment strategies, and port demand. These global dis-
turbances place additional operational demands on ports, including those in Italy, where stable
throughput levels mean that competitiveness is increasingly supported by efficiency, reliability,
and coordinated logistics rather than by expansion in scale.

To contextualize these increasing operational demands, it is useful to examine the major disrup-
tions that have recently reshaped global maritime routes and global shipping patterns.
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Between 2024 and 2026, multiple geopolitical crises targeted some of the most critical choke-
points in the world. In 2024-2025, escalating attacks in the Red Sea and Bab el-Mandeb Strait
forced major carriers to abandon the area entirely, resulting in a more than 50% drop in Suez
Canal traffic and forcing ships to reroute thousands of miles around the Cape of Good Hope and
adding roughly 12 days to certain voyages [/1]].

Beyond the Red Sea and Suez Canal crisis, the Panama Canal also faced severe disruption in
2024, driven by historically low water levels that limited transit capacity. Traffic through the
canal fell by more than 50% by mid-2024, forcing carriers to seek alternative routes and com-
pounding the global rerouting already triggered by the Suez situation. These parallel disrup-
tions, one driven by geopolitical conflict, the other by climate conditions, significantly length-
ened global shipping distances, increased operational costs, and underscored how vulnerable key
maritime chokepoints have become.

The situation intensified into 2025 as continued insecurity made normal passage impossible. By
late 2023 and throughout 2024-2025, the Red Sea had effectively become a conflict zone, caus-
ing a 70% decline in ship tonnage through Suez and a corresponding 90% increase in traffic
around southern Africa, according to [1/] assessments. These disruptions strained global sched-
ules, raised freight and insurance costs, and exposed the vulnerability of global supply chains
that rely on predictable, uninterrupted maritime flows.

In 2026, the situation intensified further when military escalation in the Middle East prompted
major shipping lines to suspend transit through the Strait of Hormuz, one of the world’s most vital
energy corridors [5]. These disruptions did not simply delay vessels,they reshaped trade flows,
extended voyage times, raised fuel and insurance costs, reduced schedule reliability, and placed
sudden, uneven pressure on port terminals worldwide [6]. As traffic surged at alternative ports
and declined at others, terminals are forced to adjust to volatile, unpredictable cargo patterns.

Port terminals sit at the heart of global trade, absorbing the impact of every maritime disruption.
As vessels reroute through longer, less predictable paths, terminals must handle fluctuating ar-
rival patterns, irregular cargo surges, equipment imbalances, and shifting global trade corridors.
For these reasons, optimizing port terminal operations is no longer optional. It is essential for:

* maintaining supply chain reliability in times of crisis;

* reducing congestion and vessel turnaround times;

* supporting resilience against geopolitical or climate-driven shocks;
* enabling more sustainable, fuel-efficient logistics networks;

* preventing minor disruptions from cascading into global shortages.

In a context where major logistics chokepoints can become inaccessible with little warning,
the role of well-optimized, technologically advanced, and resilient port terminals has become
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increasingly critical. These systems are essential for sustaining global trade flows and ensuring
economic stability across regions.

Building on this perspective, the focus of the present research shifts toward the operational sub-
systems that most directly influence terminal efficiency and resilience. In particular, this thesis
concentrates on two inland-facing components of a port terminal: the gate system and the rail
vard. This focus is motivated by the fundamental role of hinterland connectivity, which deter-
mines how effectively a port integrates with external transport modes such as trucks, rail, and
barges. Efficient inland connections reduce congestion, improve cargo flow, and enhance the
terminal’s ability to absorb operational disruptions. This further reinforces the concept of the
port terminal as a system of systems, where multiple interdependent components must operate in
a coordinated manner.

This work is developed as part of an industrial collaboration with a container terminal, from
which the main research problems and practical challenges addressed in this thesis originate.
The study is therefore driven not only by theoretical interest but also by the need to evaluate and
improve real-world terminal operations.

The analysis focuses on the optimization of two key inland-side subsystems of the port terminal:
the gate system, where trucks arrive to deliver or collect containers, and the rail yard, where
trains are loaded and discharged. Although these subsystems are the primary focus of the study,
they are examined in close connection with other terminal components, particularly the yard,
where containers are stored and handled, and the berth, where vessels arrive and depart. This
approach reflects the inherently interconnected nature of terminal operations, acknowledging
that the performance of gate and rail processes cannot be fully understood without considering
their dependence on yard availability and vessel-related activities. The objective is not to analyze
these components in isolation, but rather to understand their combined impact on overall terminal
operations.

The literature on port terminal optimization is extensive, with a large body of studies addressing
a wide range of operational problems. However, the majority of this research has traditionally
focused on the quay side of the terminal, where vessels are berthed and served. In particular,
significant attention has been devoted to the Berth Allocation Problem (BAP), which concerns
the optimal assignment of vessels to berth positions along the quay. This problem depends on
several factors, including berth length and depth, vessel dimensions, arrival times, and service
windows, and has been addressed using various modeling approaches [[7, 8, 9} 10} [11]].

Closely related to berth allocation, the Quay Crane Scheduling Problem (QCSP) has also been
widely studied in the literature [[12} [13]. This problem focuses on determining the optimal as-
signment and sequencing of quay cranes for loading and unloading vessel containers, accounting
for operational constraints such as crane interference, safety distances, and workload balancing.
Given its direct impact on vessel turnaround time and terminal productivity, QCSP has been
approached using both classical optimization techniques, including mathematical programming
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and heuristic methods [14], as well as more advanced approaches such as reinforcement learning
and hybrid intelligent frameworks [[15, [16]].

In addition, significant attention has been devoted to yard management problems, including con-
tainer storage strategies, reshuffling minimization, resource allocation, and coordination of han-
dling equipment [17, 18} [19]. Another well-studied area is ship stowage planning, a highly con-
strained problem where loading decisions must comply with vessel-specific requirements and are
subject to validation by the ship’s captain [20, 21].

Despite the extensive research on these core subsystems, less attention has been given to inland
operations, particularly those related to rail processes. While some studies address train loading
and discharge operations [22, 23], there remains limited understanding of how rail terminal ca-
pacity and performance influence overall terminal operations, especially when considered along-
side other subsystems. This limitation is particularly relevant given the increasing importance
of rail transport in sustainable logistics systems. Efficient rail operations have the potential to
reduce congestion and emissions at a system level, underscoring the need to better understand
their role within port terminal operations.

Similarly, although truck arrival prediction and the design of Truck Appointment Systems (TAS)
have been widely studied and provide valuable insights into gate-level performance [24, 23],
these approaches often consider truck flows in isolation, without explicitly accounting for their
interactions with other terminal subsystems. As a result, limited attention has been given to the
integration of truck-related decision-support tools with yard, berth, and rail operations. In partic-
ular, the potential of arrival prediction models and appointment systems to support coordinated
terminal-wide optimization, such as mitigating yard congestion, improving synchronization with
vessel and rail schedules, or reducing emissions through smoother traffic flows, remains insuf-
ficiently explored. This highlights the need for more comprehensive approaches that embed
truck-related processes within a system-level view of port terminal operations.

As an industrial PhD thesis, this work adopts a dual perspective. From an applied standpoint, it
aims to support the partner terminal by analyzing and improving specific operational processes
through data-driven and model-based decision-support approaches. From an academic stand-
point, it seeks to contribute to the literature by addressing the limited system-level understanding
of rail yard capacity and operations within port terminals, together with a systematic analysis of
gate-side dynamics and their traffic-related and environmental implications.

Building on the challenges and research gaps identified above, this thesis focuses on inland-side
port terminal operations, with particular emphasis on rail yard capacity, rail yard operations,
and gate processes. The scope of the work is centered on understanding how these components
affect terminal performance under conditions of operational variability, congestion, and sustain-
ability constraints. Although the study is developed in collaboration with an industrial partner,
the analysis is framed to generate insights that are applicable to port terminal operations more
generally.
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In close collaboration with the partner terminal, the objectives of this thesis are as follows:

* To analyze how gate operations, particularly truck arrival patterns, are influenced by vessel
arrivals and berth-related activities, and how these relationships affect inland-side terminal

performance.

* To evaluate the role of gate-related processes in contributing to yard congestion and overall
terminal efficiency, with specific attention to the implications of truck arrival dynamics.

* To investigate the environmental impact of gate operations, focusing on emissions associ-

ated with truck arrivals and movements within the terminal.

* To analyze the operational performance of rail yard processes, with particular emphasis on

train discharge activities within the port terminal.

* To assess rail yard operations through a detailed simulation-based representation of inter-
nal processes, in order to better understand their influence on overall terminal performance.

* To analyze rail yard capacity as a distinct aspect of terminal performance, considering both

analytical and simulation-based perspectives.

* To support terminal-level decision-making by evaluating alternative inland-side opera-

tional configurations and scenarios.

Based on the objectives defined above, the research is guided by the following research questions:

* How can vessel-related and berth-side operational information support the analysis and

prediction of truck arrival patterns at the terminal gate?

* How do gate operations and truck arrival dynamics contribute to yard congestion and

inland-side terminal performance?

* What are the environmental impacts associated with gate-related truck movements within

the terminal?

* How do rail yard discharge operations affect inland-side terminal performance and re-

source utilization?

* How can rail discharge scheduling operations be improved through the application of ana-

lytical and optimization-based approaches?

* How do internal rail yard processes influence terminal performance when analyzed through

a detailed simulation-based representation?
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* What are the capacity limitations of the rail yard, and how can these be evaluated through
analytical and simulation-based methods?

* How can scenario-based analysis support decision-making for inland-side port terminal
operations?

Building on the objectives and research questions outlined above, this thesis provides a set of
contributions addressing both practical and academic challenges related to inland-side port ter-
minal operations. The main contributions are summarized as follows.

Building on the objectives and research questions outlined above, this thesis provides a set of
contributions addressing both practical and academic challenges related to inland-side port ter-
minal operations. The main contributions are summarized as follows.

* An analysis of truck arrival dynamics at the terminal gate, examined in relation to vessel
arrivals and berth-side activities, in order to evaluate their impact on yard congestion and
inland operational performance.

* An evaluation of the traffic-related and environmental impacts associated with gate opera-
tions, with particular focus on truck-generated emissions and congestion effects within the
terminal area.

* The development and application of optimization approaches for rail yard discharge schedul-
ing problems, aimed at improving resource utilization and operational efficiency.

* The design and implementation of a detailed simulation model for rail discharge opera-
tions, aimed at reproducing the operational behavior and interactions of terminal resources
during train handling activities.

* The development of a mathematical framework for rail yard capacity evaluation, enabling
the estimation of theoretical capacity limits.

* The development of a simulation-based framework for evaluating rail yard capacity under
different operational scenarios and resource configurations.

The remainder of this thesis is organized as follows. Chapter [I] provides an overview of port
terminals, introducing their main components and operational processes, and outlining the mo-
tivations for conceptualizing a port terminal as a system of systems. This chapter also presents
the partner port terminal with which the thesis has been developed in close collaboration.

Chapter 2] reviews the relevant literature related to the main research topics addressed in this
thesis, with particular emphasis on port terminal operations and inland-side processes.
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Chapter 3|focuses on the case study terminal and describes its system architecture from a system-
of-systems perspective. The chapter details the main real-world operational processes occurring
within the terminal, which form the basis for the models and analytical approaches developed in
the subsequent chapters.

Chapter [ presents the theoretical foundations of the methodologies and analytical approaches
adopted to address the research objectives of the thesis. Given the central role of simulation in
this work, Chapter [5] is dedicated specifically to simulation-based approaches, providing a de-
tailed discussion of the underlying concepts, motivations, and the simulation tools employed.
This separation reflects the importance of simulation within the overall methodological frame-
work of the thesis.

The subsequent chapters present the core developments and contributions of the research. Chap-
ter [0 introduces the predictive analyses related to container flows handled by trucks, address-
ing both import and export operations, and discusses the results obtained through the proposed
methodologies. Building on these results, Chapter [/| examines how predictive insights can be
leveraged to optimize terminal operations, mitigate yard congestion, and assess traffic-related
and environmental impacts, including the reduction of emissions.

Chapter [§] addresses the second main inland-side subsystem considered in this thesis, focusing
on the improvement of rail yard operations, with particular attention to train discharge processes.

Chapter [9) subsequently investigates the problem of rail yard capacity evaluation, approached
through both analytical methods and, more extensively, through simulation-based modeling and
scenario analysis.

Finally, Chapter [I0] concludes the thesis by summarizing the main findings and contributions of
the research and by outlining potential directions for future work.

For the purposes of this thesis, the terms “vessel” and ““ship” are used interchangeably.
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Chapter 1

Introduction to Port Terminals

Port terminals represent fundamental components of the global transportation and logistics net-
work. They serve as critical interfaces between maritime transportation and inland transport
systems, enabling the transfer of goods between ships and land-based modes such as rail, road,
and inland waterways. Through these functions, port terminals play a key role in facilitating
international trade and supporting the efficient movement of cargo across global supply chains.
Beyond their role as simple transfer points, modern port terminals perform a wide range of op-
erations including cargo handling, temporary storage, consolidation and distribution of goods,
and coordination of different transport flows. These activities require the integration of infras-
tructure, specialized equipment, operational procedures, and information systems to ensure that
cargo can be processed efficiently and reliably.

Beyond their central role in sustaining global trade, the importance of port terminals also lies in
their broader economic and social contributions. Globally, ports support millions of jobs, both
directly ,involving dockworkers, terminal operators, and logistics professionals, and indirectly
through related sectors such as manufacturing, warehousing, and inland transport. Their capacity
to facilitate exports, attract foreign investment, and strengthen supply chain resilience positions
them as strategic assets for national and regional development.

As a result, port terminals can no longer be viewed simply as physical infrastructures, but rather
as complex operational environments where multiple processes, resources, and transport modes
interact. Understanding how these different elements interact is essential for analyzing terminal
performance, identifying bottlenecks, and improving operational efficiency. For this reason, port
terminals can be studied as complex systems composed of multiple interconnected subsystems,
each responsible for specific operational functions within the terminal.

This chapter first presents an overview of the main components of a port terminal. The focus is
then directed to the port terminal that serves as the case study of this thesis and with which this
research was carried out in collaboration.
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1.1 The terminal as a system-of-systems

A port terminal, due to its operational complexity and the inherent intricacy of the wider maritime
port environment, can be classified as a System of Systems (SoS). Its functioning depends on the
interaction and coordination of multiple interconnected subsystems, each fulfilling a distinct yet
complementary role within the overall logistics chain.

From an operational perspective, a port terminal can be viewed as an integrated ecosystem com-
posed of several key subsystems. The most central components are the berth area, where vessels
are moored and cargo is transferred between ship and shore, and the yard, which serves as the
temporary storage area for containers awaiting further movement.

In addition to these core areas, other critical operational subsystems support the overall func-
tioning of the terminal. These include the gate, where external trucks enter and exit to deliver
or collect containers, and the rail yard, which performs a similar role for intermodal transport
by train. Together, these elements ensure the smooth interface between maritime and inland
transportation flows, forming a continuous logistics cycle.

1.1.1 Berth operations

Within a container terminal, the berth represents one of the core subsystems in the overall system
of systems that defines terminal operations. It is the area where vessels are located and where the
discharge and loading of containers take place, linking the maritime domain with the landside
logistics network. The performance of berth operations has a direct influence on the overall
productivity of the terminal, as it determines vessel turnaround times and affects the utilization
of equipment and resources across the entire system. Berth operations are often coordinated
through a Terminal Operating System (TOS) or other supporting software systems, enabling the
management of vessel schedules, berth allocation, quay crane assignments, and integration with
yard and landside activities.

Berths are typically equipped with quay cranes, which are specialized handling units designed
to transfer containers between vessels and the yard equipment. The coordination between quay
cranes, yard equipment, and landside transport modes makes the berth a critical interface where
multiple subsystems interact.

From an operational point of view, three main container handling cycles can be identified:

» Export cycle: containers arrive at the terminal via land transport, such as truck or rail, and
are subsequently loaded onto vessels for maritime transport to their final destinations.

» Import cycle: containers are discharged from vessels and then delivered to their inland
destinations through the terminal’s road or rail connections.
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» Transshipment cycle: containers are discharged from one vessel and loaded onto another,
allowing for redistribution along different maritime routes.

In addition to these sea-land interactions, intermodal cycles also may exist within a terminal, in
which containers arrive and depart exclusively via land transport, such as truck-to-rail, rail-to-
truck, truck-to-truck, or rail-to-rail movements. Although this process does not involve the berth
directly, it remains an integral part of the overall terminal system, contributing to the efficient
transfer of cargo between different transport modes. The effective integration of these operational
cycles, together with the coordination between the berth, yard, gate, and rail subsystems, is
essential for achieving high terminal performance and ensuring a smooth flow of containers
throughout the entire logistics chain.

1.1.2 Gate operations

The gate constitutes one of the principal interface between the terminal and the external road
transport network. It is the subsystem through which trucks enter and leave the terminal to deliver
or collect containers, linking inland logistics flows with the internal operational environment. In
a system-of-systems view, the gate acts as the physical and informational boundary between the
terminal and its hinterland.

Gate operations consist of a sequence of control and verification activities designed to ensure the
secure and efficient movement of cargo and vehicles. These typically include the identification of
vehicles and drivers, the validation of booking information, the inspection of documentation, and,
when required, customs clearance procedures. Continuous coordination with the yard subsystem
is necessary so that containers can be positioned in advance for pickup or delivery, avoiding
congestion and idle time.

Modern terminals employ a high degree of automation at the gate. Technologies such as optical
character recognition (OCR), automatic number-plate recognition, appointment scheduling, and
self-service kiosks enable rapid processing of vehicles and reduce waiting times. The gate is also
tightly integrated with the TOS and external logistics platforms, which synchronize the exchange
of operational and administrative data in real time.

As a subsystem, the gate plays a crucial role in maintaining the balance between the landside
transport network and internal terminal operations. Its performance affects yard productivity,
berth planning, and the reliability of intermodal connections. Efficient gate management is there-
fore essential for the overall optimization of container flows across the entire terminal system.
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1.1.3 Rail operations

The rail subsystem provides the main interface between the terminal and the external rail freight
network, enabling the efficient movement of containers over medium and long distances. It plays
a fundamental role in supporting intermodal transport and reducing road congestion, offering
a sustainable alternative for the inland distribution of cargo. Within the terminal’s system of
systems, the rail operations interact closely with the yard, gate, and berth subsystems, forming
an essential link between maritime and inland logistics flows.

Rail operations are typically organized around a dedicated rail yard equipped with multiple tracks
and specialized handling equipment such as rail-mounted gantry cranes (RMGs). These units
transfer containers between rail wagons and the terminal yard, where containers are either tem-
porarily stored or prepared for loading onto vessels. Efficient coordination between train sched-
ules, yard planning, and berth activities is necessary to ensure a balanced flow of containers and
to minimize dwell times for both rail and maritime operations.

From a systemic perspective, the rail subsystem contributes to the overall performance of the ter-
minal not only through physical operations but also through informational integration. Real-time
data exchange between the TOS and railway operators allows accurate planning of train arrivals
and departures, allocation of handling equipment, and synchronization with vessel schedules.
Such coordination ensures that rail operations are effectively embedded within the terminal’s
broader logistics processes.

The rail subsystem therefore acts as a key enabler of intermodal connectivity, enhancing the
terminal’s capacity to serve distant hinterland markets while supporting environmental and effi-
ciency objectives. Its seamless integration with other subsystems, particularly the yard and gate,
is essential to achieving high levels of operational reliability and optimizing container flows
across the entire transport chain.

1.1.4 Yard operations

The yard constitutes the central subsystem within a container terminal, acting as the operational
hub that connects the maritime side with the landside transport systems. It functions primarily as
a temporary storage and transfer area where containers are positioned, sorted, and prepared for
further movement to or from other subsystems such as the berth, gate, or rail terminal. Within
the system-of-systems framework, the yard enables the coordination of container flows between
these interconnected subsystems, ensuring operational continuity across the entire terminal.

Yard organization typically follows a structured layout based on both operational function and
cargo characteristics. Dedicated areas are assigned for import, export, and empty containers,
while additional specialized zones accommodate refrigerated containers (reefers) and danger-
ous goods (IMO-classified cargo). Reefer containers require power supply points and constant
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monitoring to maintain controlled temperatures, whereas IMO containers are stored in strictly
regulated zones equipped with containment and fire protection systems. The segregation of these
areas 1s essential for safety, accessibility, and compliance with international standards.

Containers are generally stored in stacks, and their arrangement is determined by several oper-
ational criteria, such as destination port, vessel service, weight, size, and expected dwell time.
Proper stacking strategies are crucial to minimize rehandling operations and to facilitate efficient
container retrieval when required for vessel loading or inland delivery. Stacking policies also
vary depending on the level of yard automation and the type of handling equipment employed.

Different types of handling equipment can be used in yard operations, depending on the termi-
nal’s layout and level of mechanization. Rubber-tyred gantry cranes (RTGs) are widely adopted
for their flexibility and mobility, allowing container handling across multiple stacking rows.
RMG cranes are typically used in automated or semi-automated yards, providing high preci-
sion and efficiency along fixed rails. Straddle carriers and automated stacking cranes (ASCs)
allow independent container transport and stacking, offering high operational speed in large,
high-throughput terminals. Reach stackers and front loaders, on the other hand, provide greater
versatility for smaller terminals or specific operational areas, although they generally result in
lower stacking density and higher rehandling rates compared to gantry-based systems.

Yard operations therefore involve a continuous interaction between planning, equipment deploy-
ment, and information management. Modern terminals rely on a TOS to monitor container loca-
tions, manage stacking orders, and allocate handling resources in real time. Through this digital
layer, the yard subsystem interacts dynamically with the berth, gate, and rail systems, ensuring
synchronized flows of containers and efficient utilization of available capacity.

In essence, the yard acts as the heart of terminal operations, balancing incoming and outgoing
flows between maritime and inland transport. Its organization, handling equipment, and control
strategies directly influence the overall performance, reliability, and sustainability of the terminal
as an integrated system.

1.2 PSA International

PSA International is one of the leading global port operators and supply-chain solution providers.
Headquartered in Singapore, the company manages and develops a worldwide portfolio of port
terminals, logistics platforms, and related maritime services. Its operations extend across multi-
ple regions, including Southeast Asia, Northeast Asia, the Middle East and South Asia, Europe
and the Mediterranean, and the Americas.

The organization originated from the former Port of Singapore Authority, which was established
in 1964 to regulate and operate Singapore’s port. Over time, the institution evolved from a
national port authority into a global port operator. In 2003, PSA International was established

31



as the investment holding company responsible for coordinating the group’s worldwide port and
supply-chain activities.
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Figure 1.1: Global PSA network (Source: [2])

Today, PSA operates an extensive global network that includes approximately 185 locations in
more than 40 countries, as illustrated in Fig. @ This network comprises around 78 terminals,
including deep-sea terminals as well as rail and inland terminals.Through this global infrastruc-
ture, PSA supports international trade by providing port operations, cargo handling services,
and integrated supply-chain solutions that connect maritime transportation with inland logistics
systems. In addition to port operations, the group is also involved in related activities such as
logistics management, maritime services, and digital solutions.

The operational entities of PSA are organized into five major business areas known as “Regions”:
Southeast Asia, the Middle East and South Asia, Northeast Asia, Europe and the Mediterranean,
and the Americas. Each region is managed by a Regional Chief Executive Officer responsible
for the operational and financial performance of the terminals within that region. The Regional
CEOs report directly to the Group CEO, who is supported by a senior management team based
at the PSA Corporate Center.

Currently, PSA employs approximately 30,000 people worldwide, including around 20,000 di-
rect employees. The company’s main hub is located in Singapore, which represents the largest
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transshipment hub in the world. The Singapore hub alone handles nearly one-seventh of global
transshipment container traffic and in 2021 handled approximately 37.2 million TEUs.

One of the most important terminals within PSA’s international network is located in the Port of
Antwerp. Through PSA Antwerp, the group operates three major container terminals, making it
one of the most significant port operators in Belgium. This investment represents the largest PSA
project outside Singapore. The port has a handling capacity of approximately 9 million TEUs
and is equipped with 38 quay cranes and 228 yard cranes. Furthermore, with nearly 3,500 reefer
slots available, it hosts one of the largest refrigerated container storage areas in Europe. Due to
its strategic importance, PSA Antwerp serves as the headquarters of the Europe, Mediterranean,
and Americas region [2].

Within this regional structure, PSA also operates several container terminals across Europe, in-
cluding facilities located in major Mediterranean and Northern European ports. Among these
terminals is the PSA Genoa Pra’ terminal, located in the Port of Genoa, which represents the
case study analyzed in this thesis.

1.3 PSA Genova Pra’ terminal

As already mentioned in previous sections, the main case study on which this research is based is
the PSA Genova Pra’(PSA GP) terminal. The objectives of this thesis concern the optimization
of the terminal’s operational processes. This section provides a general overview of the PSA
GP terminal in order to contextualize the analytical and optimization work developed throughout
this thesis. The description includes a brief review of the terminal’s history, its geographical
location and strategic role, as well as its infrastructure, capacity, main operational areas, and key
handling equipment. This background information serves to facilitate a better understanding of
the operational framework within which the proposed methodologies and analyses are applied.
The information presented in this section is mostly based on data available on the official PSA
GP website [260]

1.3.1 History

The origins of the port area of Pra’ date back to a project developed during the 1970s and 1980s
by the former Consorzio Autonomo del Porto di Genova, which is now part of the Western
Ligurian Sea Port Authority (Autorita di Sistema Portuale del Mar Ligure Occidentale). The
project aimed to expand the capacity of the Port of Genoa and accommodate the growing demand
for containerized cargo.

In 1992, FIAT Impresit established SINPORT, a port services company, and obtained a conces-
sion from the Port Authority to complete and manage the container terminal of Pra’. During the
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same period, the terminal began its operational development, with the first freight ferry calling
in 1992, the first car carrier in 1993, and the first container vessel on May 5, 1994.

Since 1998, the terminal has been part of PSA International, the global operator introduced
in the previous section. Under PSA’s ownership, PSA GP has experienced continuous growth
and modernization. Despite the economic downturn of 2008, the terminal maintained steady
operations and contributed to the Port of Genoa surpassing the milestone of two million TEU
handled annually. In 2015, a major modernization program was launched to improve efficiency,
safety, and sustainability, positioning PSA GP as the first and only Italian gateway terminal
capable of accommodating Ultra Large Container Vessels (ULCVs) of up to 20,000 TEU.

On 6 August 2020, PSA Genoa Investments NV, a Belgian company 62% owned by PSA In-
ternational, acquired control of both PSA Genova Pra’ S.p.A. and Terminal Contenitori Porto di
Genova S.p.A. (PSA SECH), with the goal of creating operational synergies and consolidating
PSA’s leadership in the Northern Tyrrhenian area.

1.3.2 Location and strategic role

PSA GP is located in the western part of the Port of Genoa and serves as a key gateway to the
Italian market, as well as to Central and Southern Europe. Thanks to its strategic geographic
position, the terminal offers significantly shorter transit times, up to four days less, for containers
arriving from East—West maritime routes compared to ports in Northern Europe.

Because of this advantageous location, PSA GP has become an essential stop along the main
global shipping routes and is the preferred terminal for the world’s leading liner alliances, in-
cluding The Alliance, Ocean Alliance, and 2M. Since the establishment of these consortia in
2015, the terminal has consistently served as a reference point for major shipping companies.

The terminal also functions as a strategic intermodal hub, offering both rail and road connections
that ensure efficient cargo distribution across Europe. Its rail park provides regular intermodal
services to major industrial and commercial areas in Italy, Switzerland, Germany, and other
parts of continental Europe. A notable development was the inauguration of the Mittelmeerzug
(MMZ) service at the end of 2018, a direct rail link between Genoa and Basel. This connection
reduces transit times by at least seven days compared to maritime routes to Northern Europe and
provides a reliable and sustainable alternative to inland waterway transport. The train operates
three round trips per week, carrying both high-cube containers and ADR-classified cargo, with a
total length of 440 meters and a capacity of approximately 1,250 tonnes. Road access to the ter-
minal is equally efficient. PSA GP is directly connected to the Pra’ motorway junction, allowing
trucks to bypass urban traffic and quickly access the main motorway network, both towards La
Spezia (A10) and Milan (A26). These multimodal connections reinforce the terminal’s role as
a major logistics hub and as a critical link between maritime trade routes and inland European
markets.
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1.3.3 Infrastructure and capacity

PSA GP covers a total operational area of approximately 978,000 square metres, divided into
six modules. The terminal’s yard forms the core of its operations, where container handling and
storage activities take place. The yard includes around 14,500 ground slots, 978 reefer plugs,
and 320 dedicated ground slots for dangerous goods. The facility is equipped with a VGM
weighing station, in compliance with the SOLAS Convention, and operates with electric rubber-
tyred gantry cranes (E-RTGs) that ensure high performance with minimal environmental impact.

The IMO area provides safe handling and temporary storage for hazardous cargo. It has a maxi-
mum geometric capacity of 2,004 TEU, divided according to IMO classes, and is equipped with
sealed containment basins for recovery and disposal of potential leakages (for classes 6, 8, and
3). The area is surrounded by a fire-protection ring, featuring an auxiliary pumping station and
dedicated extinguishing equipment (for classes 2, 4, 9, and 5). In compliance with local regula-
tions, the facility operates under the Genoa Port Authority’s integrated fire-safety ordinance (No.
61/2001). The dangerous-goods yard is continuously monitored and supported by a dedicated
fire-prevention service.

For temperature-controlled cargo, PSA GP provides 978 reefer plugs and performs two inspec-
tions daily to ensure proper functioning and cargo safety.

The berth extends for 1,675 metres and is accessible through a wide navigation channel that
allows safe manoeuvring for all vessel types, including the latest-generation ULCVs of up to
20,000 TEU capacity. The basin layout enables the simultaneous berthing of three ULCVs,
which are served by new gooseneck quay cranes designed to reach across large-scale vessels. The
terminal’s lighting and natural draught permit safe operations even during night-time navigation.

The gate complex supports efficient truck operations with 12 inbound and outbound lanes, in-
cluding two bidirectional and interchangeable tracks. The system is equipped with automated
gate-in and gate-out processes using OCR technology for both empty and loaded trailers, and
with two dedicated lanes for non-containerized or exceptional cargo. The gate can handle more
than 2,400 vehicles per day and is directly connected to the Pra’ motorway junction, minimizing
interference with urban traffic. The truck service area includes 10 automated self-service totems
for registration and 10 staffed counters for document verification and acceptance, supported by
semi-automated IT systems and mobile-app integration for drivers. The documentation and cargo
acceptance office operates until 20:50 from Monday to Friday and 12:50 on Saturdays.

PSA GP also operates a rail terminal directly connected to the national railway network and
dedicated freight lines. The facility includes eight internal tracks, each 900 metres long, and is
equipped with four RMG cranes, enabling the handling of up to 120 trains per week. The rail
operations run continuously from 06:00 on Monday to 06:00 on Sunday, with 24-hour train load-
ing and unloading teams. The terminal accommodates trains up to 440 metres in length and can
handle containerized dangerous goods. PSA GP also acts as a Multimodal Transport Operator
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(MTO), managing complete rail shipments to and from northern Switzerland, particularly Basel,
and providing intermodal connections to destinations in Northern Europe, including Rotterdam,
Neuss, and Wolfurt (Austria).

1.3.4 Main container areas

In this section, the main operational areas of the PSA GP terminal are described in relation to
the positioning and type of containers handled within the different operational cycles. Each area
is identified by a specific color in the terminal layout, as illustrated in the following figure (Fig.

Container flows within the terminal can be broadly classified into import, export, transshipment,

and intra-modal movements, as described in previous sections. These different cycles determine
the utilization of terminal areas and the interaction among subsystems.

In addition to these main operational cycles, housekeeping activities are performed to reorganize
containers within the yard when initial storage positions are not optimal, supporting efficient
terminal operations across all container flows.

CR1l CR12Z CRO9  CR10

CR21 CR2z CR23 CR24

Figure 1.2: PSA GP main container areas

* Export Area (Green): This area is used to store containers that will subsequently be
loaded onto vessels. The majority of these containers enter the terminal by truck, while the
remaining portion arrives by vessel (transshipment containers) or by train.

* Import Area (Yellow): This area stores all containers that arrive at the terminal by vessel
and will subsequently leave the terminal by truck.
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* Empty Container Area (Purple): This area is dedicated exclusively to empty containers,
which mainly arrive by vessel and, to a lesser extent, by train. These containers may exit
the terminal by vessel, truck, or train.

* Reefer Area (Light Blue): This area is equipped with electrical power outlets and is
dedicated to the storage and connection of refrigerated containers arriving by vessel or by
truck.

* Out-of-Gauge Area (Orange): This area stores containers that exceed the standard di-
mensions of a container. These typically include industrial machinery, vehicles, or other
heavy industry components transported on flat-rack containers. These areas are generally
located close to the quay to facilitate storage and subsequent vessel loading operations.

* Rail Area (Brown): This area stores containers arriving by vessel or by truck that will
subsequently be loaded onto trains operating within the two rail yards of the terminal.

* IMO Area (Red): This area is exclusively dedicated to containers classified as dangerous
goods according to international maritime transport regulations. These areas are equipped
with dedicated containment basins for the collection of hazardous substances in the event
of accidental spills.

1.3.5 Handling equipment

Several types of handling equipment operate within a container terminal, each characterized by
a specific operational role. This section describes the main handling equipment used at the PSA
GP terminal, highlighting their primary functions as well as their main strengths and limitations
within terminal operations.

* Quay Cranes (QC): Quay Cranes are used to load and unload containers from vessels
berthed at the quay. PSA GP operates different types of quay cranes, capable of serving
both large container vessels and feeder ships. This allows the terminal to handle vessels of
different sizes simultaneously. All quay cranes are equipped with OCR systems that au-
tomatically identify container numbers and International Organization for Standardization
(ISO) codes, thereby eliminating the need for manual inspection.

* Rail-Mounted Gantry Cranes (RMG): RMG Cranes, also referred to as TransTainers,
are the main equipment used for train loading and unloading operations. They operate on
dedicated rails along the rail yards and are electrically powered. Their configuration allows
direct container handling between rail tracks and adjacent yard lanes, enabling efficient and
autonomous rail operations.
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* Rubber-Tired Gantry Cranes (RTG): RTGs are one of the primary yard handling equip-
ment used for container stacking operations. At PSA GP, both diesel-powered and electric-
powered RTGs are in operation, with a progressive transition toward electric units. RTGs
allow efficient space utilization within the yard by stacking containers in multiple tiers,
although their large dimensions limit their flexibility and relocation speed.

* Reach Stackers (RS): RSs are characterized by high operational flexibility and are capable
of rapid relocation within the terminal. They are mainly employed in export operations,
truck receiving activities, rail-related movements, and the handling of special containers.
Their main limitation lies in the higher number of reshuffling movements and higher fuel
consumption compared to gantry cranes when handling similar container volumes.

* Prime Movers (PM): PMs are the main vehicles used for horizontal container transporta-
tion within the terminal. They operate across all terminal cycles, transporting containers
between quay cranes, yard areas, rail yards, and gates, and primarily serve lifting equip-
ment rather than performing lifting operations themselves.

* Front Loaders (FL): FLs are primarily used for operations involving empty contain-
ers. Their compact structure and lifting configuration make them suitable for high-density
stacking and handling of empty containers within dedicated yard areas. Due to the lower
weight of empty containers, Front Loaders provide an efficient and cost-effective solution
for empty container storage and repositioning activities.

Fig. illustrates the main handling equipment operating at the PSA GP terminal, as described
in this section.
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(d) Reach Stacker (e) Front Loader (f) Prime Mover

Figure 1.3: Main handling equipment operating at the PSA GP terminal.

1.3.6 Key challenges in PSA GP terminal operations

Port terminals are complex systems composed of multiple interconnected subsystems and logis-
tics processes, each characterized by its own operational constraints and decision-making chal-
lenges. These challenges become even more significant in large, fully integrated terminals such
as PSA GP, where gate, yard, berth, and rail subsystems coexist and interact continuously. In
such environments, inefficiencies or disruptions in one subsystem can quickly propagate to other
parts of the terminal, affecting overall performance.

One of the most critical challenges in port terminal operations is congestion and capacity limita-
tion, particularly within the gate subsystem. Gate congestion is primarily caused by the arrival
of external trucks for container pickup and delivery. However, congestion is not restricted to
the gate area alone and often extends to internal terminal zones where trucks circulate to access
yard blocks and collect containers. This situation leads to increased truck turnaround times and
reduced operational efficiency.

In recent years, sustainability considerations have further intensified this challenge. The growing
number of trucks accessing port terminals contributes to higher emissions, making environmental
impact an increasingly important issue in terminal operations. The absence of a Truck Appoint-
ment System (TAS), which should be noted is not due to a decision by PSA GP but rather to the
lack of agreement within the trucking community, further complicates congestion management,
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as truck arrivals cannot be effectively coordinated with yard resource availability. For this rea-
son, a substantial body of research has focused on analytical, optimization, and simulation-based
approaches to study gate congestion and evaluate alternative operational policies under realistic
conditions.

Within the yard subsystem, one of the main challenges is the efficient allocation and coordina-
tion of handling resources and internal transport equipment. Inefficient resource allocation can
result in unbalanced workloads, increased travel distances, and reduced system productivity. In
addition, yard performance is strongly influenced by the storage and positioning of containers.
Non-optimal container placement often leads to additional re-handling operations, commonly
referred to as housekeeping movements, which increase operational costs and negatively affect
terminal efficiency. Simulation approaches are frequently used to analyze yard dynamics and
assess the impact of alternative storage strategies and resource deployment scenarios.

The berth subsystem also presents significant challenges due to uncertainty in vessel arrival times
and potential delays. The coordination between vessel operations and the arrival of trucks and
trains is essential to ensure smooth terminal functioning. Furthermore, container stowage plan-
ning on board vessels represents a complex decision problem that directly affects handling ef-
ficiency and vessel turnaround time. The assignment and coordination of quay cranes for ves-
sel loading and discharging operations are additional challenges that are commonly addressed
through optimization and simulation models.

The rail subsystem introduces further complexity to terminal operations. One of the main chal-
lenges concerns the evaluation of rail facility capacity in order to assess how effectively existing
infrastructure is utilized and how its performance can be improved. In addition, the optimization
of train loading and unloading processes, considering the interaction between trains, yard equip-
ment, and internal transport vehicles, represents a critical operational problem. Simulation-based
approaches are particularly suitable in this context, as they allow the realistic modeling of train
movements, resource interactions, and operational constraints within the rail yard.

Within this context, this thesis addresses several of the challenges described above by combining
data analysis, optimization methods, and simulation approaches. The objective is to support
improved decision-making and enhance operational performance at the PSA GP terminal.
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Chapter 2

Literature Review

As mentioned in the introduction of this thesis, the optimization of container terminal opera-
tions has been widely investigated in the literature due to its significant impact on operational
efficiency, environmental performance, and service quality. Over the past decades, researchers
have proposed a variety of analytical, simulation-based, and optimization-driven approaches to
address different aspects of terminal operations. This section reviews the most relevant contri-
butions related to the scope of this thesis, with particular emphasis on truck (gate) operations
and rail yard processes. The objective is to summarize existing methodologies, highlight their
strengths and limitations, and identify research gaps that motivate the proposed framework.

Given the focus of this thesis on landside terminal operations, the state of the art is structured
around the two main subsystems investigated: the truck subsystem and the rail subsystem. The
first part reviews the literature related to truck-based container flows, including prediction, emis-
sion assessment, and congestion mitigation. The second part focuses on rail terminal operations,
addressing train handling, scheduling, and rail yard capacity analysis.

2.1 Truck subsystem in container terminals

Starting from one of the main research objectives, related to the prediction of export and import
containers arriving at or leaving the terminal by truck, it can be observed that a substantial body
of literature already addresses the forecasting of container and truck flows in port terminals.
Existing studies investigate this problem using a wide range of methodologies and modeling
approaches, often relying on different types of information depending on the specific terminal
configuration, data availability, and operational context considered in each case study.

In the context examined in this thesis, the prediction problem is approached from the perspec-
tive of terminal operations, consistently with the other problems addressed in the research. As
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a result, the selection of input data and the adopted modeling choices are closely aligned with
the characteristics of the specific terminal under study. While the general prediction problem
has been widely investigated in the literature, the diversity of terminal layouts, operational prac-
tices, and available information implies that prediction models are often case-dependent. Con-
sequently, approaches developed for a specific terminal context may offer insights and method-
ological elements that are relevant for similar terminal configurations.

In recent decades, Artificial Intelligence (AI) and Machine Learning (ML) techniques have in-
creasingly been applied to prediction problems in port and terminal operations. Among these
techniques, Artificial Neural Networks (ANNs) have emerged as powerful tools for modeling
complex, nonlinear relationships in logistics systems. Early applications include the use of a
priori knowledge neural networks to analyze relationships between port logistics capacity and
regional economic development [27], as well as fuzzy Group Method of Data Handling (GMDH)
neural networks for container terminal demand forecasting [28]].

Several studies focus on vessel-related uncertainty as a key factor influencing truck flows and
terminal operations. In [29]], ship delays are forecast using neural-network-based learning al-
gorithms, demonstrating how improved delay prediction can support more effective resource
allocation. The importance of predicting vessel delays for operational optimization and cost re-
duction is further highlighted in [30]. Complementary approaches include the use of k-nearest
neighbors (kNN) algorithms to predict vessel arrivals at ports [31]], confirming the relevance of
data-driven methods for modeling ship-related processes.

More recent research has shifted attention toward operational-level prediction of container and
truck flows. In [32]], a Long Short-Term Memory Recurrent Neural Network (LSTM RNN) is
employed to forecast daily container volumes entering the storage yard prior to vessel arrival,
with specific emphasis on data preprocessing and outlier treatment. Similarly, [33] proposes a
two-stage prediction framework combining Deep Belief Networks (DBN) for feature extraction
and Support Vector Machines (SVM) for truck arrival forecasting, exploiting the complementary
strengths of both techniques. Hybrid approaches are further explored in [34], where SVM models
are combined with back-propagation neural networks to predict container traffic volumes.

Short-term truck traffic forecasting has also received attention in the literature. In [33], a feed-
forward neural network is used to predict short-term variations in outbound truck volumes gen-
erated by major container terminals, highlighting the relevance of high-resolution forecasts for
real-time traffic management. Additional contributions focus on predicting related operational
indicators, such as container dwell time. In [36], ANNs are applied to identify key factors influ-
encing dwell time, supporting improved yard planning and allocation of handling equipment and
human resources, and addressing challenges discussed in [37, 38]].

Several studies explicitly incorporate vessel-related information as an input for predicting truck
arrivals associated with both import and export operations. In [39], a Backpropagation Neu-
ral Network (BPN) is used to forecast inbound and outbound truck volumes using vessel data,
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emphasizing the importance of appropriate feature selection for improving predictive accuracy.
More recently, deep learning approaches have been proposed to capture complex temporal de-
pendencies and external influences. In [40], truck arrivals are categorized according to their
operational purpose and predicted using a hybrid Gated Recurrent Unit (GRU) and Fully Con-
nected Neural Network (FCNN) architecture, revealing the impact of factors such as weekdays,
weather conditions, and yard closing times. Similar deep learning—based forecasting approaches
are further explored in [41].

Beyond prediction accuracy, several studies highlight the operational implications of truck ar-
rival forecasting for congestion management and terminal performance. High truck volumes can
lead to congestion inside and outside terminal boundaries, increased accident risk, and reduced
service levels. Simulation-based analyses demonstrate how unmanaged truck flows generate in-
efficiencies and external costs such as congestion and air pollution [42]]. In response, Truck
Appointment Systems (TAS) have been proposed as coordination mechanisms to regulate truck
arrivals [43]]. Empirical and simulation-based studies show that TAS adoption can reduce truck
turnaround times, smooth arrival patterns, and improve yard and crane productivity [24, 25].
Accurate truck arrival prediction is widely recognized as a prerequisite for the effective imple-
mentation of such systems.

Overall, the literature demonstrates that prediction of truck-based container flows, covering both
import and export operations, has evolved from strategic-level throughput forecasting toward
short-term, operationally oriented models. ANN-based, hybrid, and deep learning approaches
have proven effective in capturing the complex interactions between vessel schedules, terminal
operations, and truck movements. However, while substantial progress has been made in im-
proving predictive accuracy, many studies focus on prediction as an isolated task, with limited
integration into downstream decision-support processes such as congestion mitigation, emission
reduction, and coordinated operational optimization. For this reason, in the present thesis, pre-
diction outputs are not treated as an end in themselves but are instead used as input to subsequent
analyses aimed at addressing emission and congestion mitigation problems in container terminal
operations.

Beyond the prediction of truck-based container flows, a substantial body of literature addresses
the environmental impacts associated with landside terminal operations. Truck traffic related
to container handling represents a significant source of local emissions, particularly under con-
gested conditions characterized by queuing at terminal gates, idling, and low-speed movements
within terminal areas. As a result, several studies extend the analysis of terminal performance
beyond purely operational indicators by incorporating emission estimation models and environ-
mental performance metrics, and by investigating operational strategies aimed at mitigating emis-
sion levels while maintaining acceptable service standards.

Several studies address emissions in port contexts by proposing frameworks and methodologies
for monitoring and evaluating greenhouse gas emissions associated with port and shipping ac-
tivities. A comprehensive review of methods and criteria used to monitor C'O, emissions from
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ports and ships is provided in [44]. Similarly, [45] investigates the challenge of assessing the
effects of emission reduction strategies in container terminals and shipping operations in situa-
tions where detailed energy consumption data are not available, highlighting the importance of
modeling approaches in supporting environmental assessment.

Within port areas, truck traffic associated with container handling contributes to local emissions.
Road transportation has therefore been extensively studied as a source of pollution, and numerous
approaches have been developed to estimate and predict emissions on road networks with the
objective of reducing their environmental impact. In this context, the application of traffic control
and operational strategies aimed at jointly reducing congestion and emissions has been explored
beyond the port domain. For instance, [46] proposes a two-class local ramp metering controller
for freeway networks, demonstrating that appropriate control actions can simultaneously reduce
congestion levels and lower C'O, emissions. A key contribution of this work is the formulation
of an emission model that links traffic flow conditions to pollutant generation.

In port-specific applications, different approaches have been proposed to estimate emissions gen-
erated by terminal operations. In [47], emissions at the Port of Rotterdam are estimated based on
energy consumption of handling equipment during transshipment processes, accounting for fac-
tors such as equipment type, deployment, energy-consumption patterns, and travel distances. A
similar energy-based logic is adopted in [48]], where carbon emissions are estimated by multiply-
ing the energy required at different stages of the container handling process by the corresponding
carbon emission density of the consumed energy. The considered stages include vessel opera-
tions as well as receiving and delivery activities.

When focusing specifically on truck-related emissions, the selection of an appropriate emission
model represents a critical aspect. Emission models differ in their level of detail and in the
traffic variables they consider, ranging from aggregate emission factors based on average speed
to more detailed formulations that account for driving conditions, congestion levels, stop-and-go
behavior, and queuing. A comparative review of ten emission models for estimating greenhouse
gas emissions from port truck operations is presented in [49]. The authors identify MOVES
and COPERT as the most suitable models for port-related applications, while also highlighting
their limitations in representing specific operational conditions typical of port terminals, such as
frequent idling, congestion, and gate queues.

The COPERT model has been applied in several port-related studies to evaluate emissions from
truck traffic. In [50], COPERT is used to estimate emissions generated by drayage trucks op-
erating at the Port of Incheon, with the objective of quantifying the contribution of port-related
trucking to urban air pollution and assessing potential policy measures for emission reduction.

In [51], vessel-dependent time windows are introduced as a gate management strategy, demon-
strating significant reductions in truck waiting times and C'O, emissions from both trucks and
Rubber Tyred Gantry (RTG) Cranes during idle periods.

Beyond operational measures, several studies emphasize that emission reduction strategies of-
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ten involve trade-offs between environmental objectives and operational performance. As high-
lighted in [52]], optimizing truck arrival patterns requires balancing the reduction of emissions
against the number of shifted or rescheduled truck arrivals, which may affect service levels and
stakeholder acceptance.

Additional approaches to emission estimation combine traffic activity indicators with emission
factors. In [53], emissions, including C'O,, are estimated by multiplying vehicle kilometers
traveled by emission factors associated with different vehicle types and average speeds using the
US EPA’s MOBILES®6.2 software. Similar principles underlie applications based on COPERT,
where emissions are computed as a function of traffic volumes and vehicle characteristics. More
recent studies also explore data-driven methods to enhance emission prediction, as in [54]], where
a deep learning approach is combined with an amended COPERT model to address data sparsity
and spatial heterogeneity in regional vehicle emission estimation.

Overall, the literature highlights that truck-related emissions in port terminals represent a signif-
icant environmental concern, particularly in urban settings. A wide range of emission estimation
models and mitigation strategies have been proposed, including energy-based approaches, traffic-
based emission models, and operational measures such as TASs and arrival time management.

In this thesis, the emission analysis builds upon well-established emission modeling approaches
widely adopted in the literature, specifically the COPERT framework. Consistently with the
predictive perspective discussed earlier, emission estimation is coupled with forecast information
on truck arrivals at the terminal. This integration makes it possible to evaluate emission levels
in advance, before truck traffic effectively occurs within the terminal. Such a forward-looking
assessment enables the investigation of proactive emission mitigation strategies. In particular,
anticipated emission levels are used to support the redistribution of truck arrivals over time, with
the objective of reducing emission peaks while preserving acceptable operational performance.
In this way, emission modeling is not treated as a standalone assessment tool, but as an integral
component of a decision-support framework aimed at mitigating the environmental impact of
truck operations in container terminals.

In addition to its role in supporting emission-related analyses, the availability of predicted truck
arrival patterns also enables the investigation of congestion-related issues within the terminal.
Truck traffic is not uniformly distributed across terminal areas, and congestion often arises at
specific locations where trucks arrive to pick up containers, such as yard blocks or transfer points.
Anticipating truck arrivals in both time and space therefore provides valuable information for
managing traffic intensity within these critical areas.

In this thesis, predicted truck arrivals are further exploited to support the development of opti-
mization schemes aimed at redistributing truck flows across time intervals and terminal areas.
The objective is to mitigate traffic congestion and reduce localized overcrowding, while main-
taining acceptable service levels for truck operations. In this context, prediction-based optimiza-
tion is used as a decision-support tool to improve the spatial and temporal distribution of truck
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movements within the terminal, contributing to smoother operations.

Congestion in maritime terminals has been extensively investigated in the literature due to its
direct impact on operational efficiency, service levels for hauliers, safety, and environmental per-
formance. Existing contributions analyze congestion phenomena in different terminal subsys-
tems and from different methodological perspectives, including analytical modeling, simulation,
and optimization-based decision support. Representative studies addressing congestion issues
in terminal environments include, among others, [55, 156, 57]. At a broader level, congestion in
multi-service port settings is examined in [38]], while [59] proposes a logistics network design
perspective, suggesting the coordinated use of multiple transport modes to reduce congestion
effects across the overall network.

A relevant research stream focuses specifically on landside congestion, particularly at terminal
gates and in areas where trucks interact with yard operations. One widely discussed approach
is the concept of Vessel Dependent Time Windows (VDTWs), introduced in [60]], where truck
arrivals are grouped and assigned dedicated time windows with the aim of smoothing arrival
patterns and improving gate management. Complementary analyses consider the broader op-
erational and administrative factors contributing to congestion. For example, [61] investigates
landside congestion in the ports of Nagoya and Hakata, highlighting the influence of documen-
tary processes and their interaction with the overall timing of terminal operations. Yard-side
congestion has also been studied in relation to internal transport disruptions: [62] addresses
yard congestion by modeling yard truck interruptions through a combination of probabilistic and
physics-based approaches.

In addition to analytical and optimization-oriented studies, simulation has been widely adopted to
evaluate congestion mitigation policies under realistic operating conditions. A relevant example
is provided by [42], which assesses the effectiveness of alternative algorithms within a truck
management system already implemented in an Italian port. Such contributions highlight the
value of simulation-based experimentation for comparing operational policies and understanding
congestion dynamics that are difficult to capture through purely analytical models.

Among the most frequently discussed practical solutions in the literature, TASs are widely recog-
nized as a key mechanism for managing gate arrivals and reducing congestion in port terminals.
A TAS typically regulates truck arrivals by introducing a booking procedure through which truck
operators reserve time slots for gate access. While this reduces hauliers’ autonomy in selecting
arrival times, it can lead to lower and more predictable service times inside the terminal and
contribute to improved coordination between terminal and trucking operations. Accordingly,
TASs are often considered a means of improving operational efficiency while also reducing the
environmental impacts associated with congestion and idling [63]].

A significant body of research addresses the design and implementation of TASs and the associ-
ated appointment scheduling problem. For instance, [43] proposes a mathematical optimization
model to assign appointments to gate opening time slots, with the objective of guaranteeing pre-
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defined service levels for hauliers while minimizing internal terminal congestion. Extending this
direction, [64] presents a combined data mining and optimization approach to support truck op-
erations management under a TAS. More broadly, [65] provides a comprehensive review of the
literature on external truck appointment scheduling, synthesizing key approaches and identifying
promising directions for future research.

In line with the emission-related analysis, truck arrival predictions are also used in this thesis to
anticipate congestion in specific terminal areas and to design redistribution strategies aimed at
smoothing truck flows and reducing localized congestion.

2.2 Rail subsystem in container terminals

The rail subsystem plays a strategic role in container terminal operations by enabling high-
capacity and environmentally efficient hinterland transportation. In contrast to truck-based oper-
ations, rail transport allows the movement of large container volumes with lower unit emissions
and reduced congestion impacts on surrounding road networks. For this reason, the integration
and efficient management of rail facilities within container terminals have attracted increasing
attention in the scientific literature.

Over the past years, a wide range of analytical, optimization-based, and simulation approaches
have been proposed to study and improve rail terminal performance. Existing research addresses
topics such as train arrival and departure scheduling, discharge and loading processes, resource
allocation, and rail yard capacity evaluation. The following section reviews the most relevant
contributions related to the rail subsystem in container terminals, with particular attention to
scheduling models, exact and heuristic solution approaches, and simulation-based capacity anal-
ysis.

Focusing on the train discharge process, the literature highlights its critical role within rail termi-
nal operations due to its direct impact on train turnaround times and downstream yard activities.
Many contributions focus on specific subsystems, such as yard cranes, quay cranes, or truck
operations, as illustrated in [66], [43], and [67]. While these studies provide valuable insights
into individual components of terminal operations, the strong interdependencies among handling
resources have motivated research toward integrated scheduling formulations.

Integrated scheduling problems in port terminals have been investigated using a variety of method-
ologies, including exact optimization models, heuristic algorithms, and metaheuristic approaches.
A representative contribution is presented in [68], where an integrated scheduling model for
handling operations in a container terminal railway area is proposed. The authors formulate
a mixed-integer programming (MIP) model aimed at minimizing the operation time of Rail-
Mounted Gantry Cranes, the travel time of Prime Movers, and the operation time of yard cranes.
To address the computational complexity of the problem, a multi-layer genetic algorithm is in-
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troduced.

The complexity of coordinating multiple types of handling equipment, combined with time-
sensitive container handling and potential operational conflicts, is further highlighted in [69]. In
this study, an integrated scheduling approach is proposed to reduce inter-equipment interference
and to balance gantry crane workloads, improving overall operational efficiency.

Uncertainty in rail terminal operations has also been explicitly addressed in the literature. In [70],
an integrated model is developed to optimize container prestaging, discharge, and loading rates at
seaport rail terminals under uncertain conditions. The problem is formulated as a stochastic dy-
namic programming model, with the objective of minimizing expected logistics costs associated
with container transportation and storage between yards and trains.

Earlier work on integrated scheduling can be found in the context of automated container ter-
minals. In [71], a MIP model is proposed to improve terminal productivity by integrating op-
erations across different types of handling equipment. Similarly, [[72] formulates a MIP model
that jointly considers vehicle scheduling and container storage decisions with the aim of min-
imizing ship unloading time. More recently, [73] addresses an integrated scheduling problem
involving dual-trolley quay cranes, conflict-free automated guided vehicles, and dual cantilever
rail cranes during loading and unloading operations. Given the NP-hard nature of integrated
scheduling problems in automated terminals, the authors adopt a reinforcement learning—based
hyper-heuristic genetic algorithm to obtain high-quality solutions within reasonable computa-
tional times.

Given the computational complexity of integrated scheduling problems in rail terminal opera-
tions, exact optimization approaches often become impractical for large-scale and realistic in-
stances. For this reason, heuristic and metaheuristic methods have been widely investigated in
the literature as effective tools for generating high-quality solutions within acceptable computa-
tional times.

Among these methods, Tabu Search (TS) has received considerable attention due to its capability
to escape local optima through the use of adaptive memory structures and a strategic exploration
of the solution space [74]. Since its introduction, TS has been successfully applied to a wide
range of port and terminal optimization problems, including berth allocation, crane scheduling,
and yard operations [75,[76].

Given the large number of decision variables characterizing real-world rail scheduling problems,
TS-based heuristic approaches have proven effective in producing high-quality solutions within
acceptable computation times, even in large-scale settings with complex operational constraints
[77]. Furthermore, its relevance for integrated rail-port decision-making is emphasized in studies
that jointly optimize container flows within port terminals and rail freight operations toward the
hinterland. These works show that integrated approaches can significantly reduce both internal
transport costs and railway delays compared to isolated optimization strategies [78].
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In addition to TS, several other metaheuristic approaches have been proposed in the literature to
address complex optimization problems in port and rail terminal operations, including Genetic
Algorithms (GA) [79, 180] and Simulated Annealing (SA) [81]. These methods have demon-
strated strong performance in handling large-scale and complex problem settings.

Beyond scheduling and operational optimization, the evaluation of rail terminal capacity repre-
sents another key aspect in the analysis of rail-based container operations. Capacity assessment
is essential to understand the limits of the existing infrastructure and to identify potential bottle-
necks affecting train handling performance.

In this thesis, the rail terminal capacity problem is addressed through two complementary ap-
proaches. First, an analytical model is developed to provide a theoretical evaluation of the rail
facility capacity based on simplified representations of the operational processes. Subsequently,
a discrete-event simulation model is employed to capture the dynamic behavior of the rail yard
and train movements in greater detail, allowing for a more realistic assessment of terminal ca-
pacity under operational conditions.

A key challenge in rail freight transportation is the determination of rail system capacity, com-
monly expressed as the maximum number of trains that can be accommodated and served within
a given time period [82]]. Accurate capacity assessment is particularly relevant at strategic and
tactical decision-making levels, where terminal operators must evaluate whether existing infras-
tructure and resources are sufficient to satisfy current and future demand.

Several analytical approaches have been proposed in the literature to assess railway capacity
in broader transportation contexts. For instance, [83] introduces multi-objective models and
techniques to analyze the absolute capacity of railway networks, providing insights into capacity
evaluation from a system-wide perspective. Although such studies are not specifically tailored
to port rail yards, they offer valuable methodological foundations that can be adapted to terminal
environments.

More specifically, analytical and model-based approaches for evaluating capacity in port terminal
contexts have been explored in [[84]] and [85]. These contributions investigate different aspects of
terminal capacity using analytical formulations, standardized performance indicators, and multi-
criteria evaluation frameworks, often in combination with scenario analysis.

Queue-based modeling has also been employed as an analytical tool to represent rail operations
in seaport terminals. In [86], a discrete-time, queue-based planning approach is proposed to
model railway operations associated with container handling processes in port environments.
Such formulations provide simplified yet informative representations of rail yard dynamics and
allow the identification of structural constraints affecting system performance.

Furthermore, simulation-based methodologies are widely recognized as effective tools for ana-
lyzing the stochastic and dynamic behavior of rail terminal operations. In contrast to analytical
models, which often rely on simplifying assumptions, simulation approaches enable the explicit
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representation of operational variability, resource interactions, and complex process logic. For
this reason, discrete-event simulation and microsimulation have been extensively applied to eval-
uate rail yard capacity, identify bottlenecks, and support decision-making in both port and inland
terminal contexts.

One of the early contributions in this area is presented in [87/], where rail yard operations are
modeled as interconnected queueing networks within a simulation framework. This approach
allows the evaluation of yard processing capabilities and the identification of structural and oper-
ational bottlenecks affecting system performance. Building on similar principles, [88] propose a
flexible simulation-based platform for assessing rail service infrastructures, supporting the evalu-
ation of alternative operational scenarios and infrastructure configurations. In [89]], a parametric
railway capacity evaluation tool is introduced, combining simulation outputs with multivariable
regression analysis to estimate capacity under varying operational conditions.

Microsimulation techniques have also been employed to assess rail terminal capacity at a detailed
operational level. In [90], microsimulation is applied to evaluate the capacity of a freight village
in Turin, enabling the analysis of terminal bottlenecks and performance under different traffic
demand scenarios. Although this study focuses on an inland intermodal terminal connecting rail
and road transport, it highlights the effectiveness of simulation-based approaches for capturing
system dynamics and assessing capacity in complex logistics environments.

Several studies specifically address simulation-based capacity evaluation in port-related rail ter-
minals. In [91], discrete-event simulation is used to analyze rail operations within a container
port, demonstrating how train scheduling policies and handling coordination influence overall
terminal capacity. Similarly, [92]] develop a discrete-event simulation framework to evaluate the
operational performance of the Ladkrabang Inland Container Depot (LICD) in Thailand, showing
how equipment utilization, infrastructure layout, and operational rules affect terminal efficiency
and throughput capacity.

More recent contributions emphasize the role of simulation as a strategic decision-support tool,
particularly in the context of infrastructure planning and expansion. In [93]], a discrete-event
simulation methodology is proposed to predict operational bottlenecks and evaluate rail capacity
in support of port expansion projects. The study highlights the importance of simulation-based
analysis in situations where historical data are limited or when future demand scenarios must be
assessed prior to large-scale investments.

Simulation frameworks have also been developed for broader intermodal and combined rail-road
terminal contexts. In [94]], a simulation-based approach is presented for the analysis of inter-
modal freight terminals, supporting the evaluation of operational policies and infrastructure uti-
lization. A comprehensive overview of simulation applications in ports and container terminals
is provided in [935]], where the authors review a wide range of simulation-based studies and under-
line their relevance for capacity assessment, performance evaluation, and operational planning.

Overall, the literature indicates that analytical capacity evaluation models play a valuable role in
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identifying the fundamental limits of rail yard performance by abstracting from detailed oper-
ational dynamics and supporting high-level assessments of infrastructure adequacy. In parallel,
simulation-based approaches are shown to be essential for capturing the stochastic behavior of
rail operations and the complex interactions among infrastructure components and resources.
When used in combination, analytical and simulation-based methods provide complementary
perspectives, allowing theoretical capacity estimates to be validated and refined under realistic
operating conditions and supporting more informed planning and decision-making.
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Chapter 3

System Architecture

This chapter provides an overview of the main subsystems of the PSA Genova Pra’ (PSA GP)
terminal and describes how they interact to form a complex and interconnected system. It also
outlines the key operational processes relevant to the research studies conducted in this thesis,
with a focus on explaining how these specific processes function within the terminal.

3.1 Subsystems and their interactions at PSA Genova Pra’

As mentioned earlier, in the case of PSA GP, the terminal benefits from the presence of berth,
yard, gate, and rail facilities within a single integrated infrastructure, making it a representative
example of a container terminal operating as a true system of systems.

Fig. shows a view of the PSA GP terminal with its main components: the quay, the yard, and
the connection to the hinterland provided by the truck gate and the rail park.

Although each subsystem fulfills a specific operational role, all subsystems are tightly intercon-
nected through the movement of containers and the exchange of operational information, and
they share critical resources, most notably yard space and handling equipment. As a result, the
overall performance of the terminal depends on the coordinated functioning of all subsystems
rather than on the isolated efficiency of individual components.

Terminal operations are largely governed by the berth subsystem, where vessel arrivals and de-
partures define the main operational milestones. Deviations from planned vessel schedules, such
as delays in vessel arrival, can propagate across the terminal and affect all other subsystems. In
the export cycle, a delayed vessel may lead to shifts in truck arrival patterns, as export contain-
ers are delivered earlier or later than planned, altering gate congestion profiles and increasing
pressure on yard storage capacity. Similarly, rail-delivered export containers may need to remain
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Figure 3.1: PSA GP main components (Source: Google Earth)

in the yard for longer periods, increasing yard occupancy and reducing operational flexibility.
Elevated yard congestion can, in turn, slow down truck service rates and delay rail loading oper-
ations, potentially causing missed train departure slots.

Comparable interactions occur in the import cycle, where delays in container evacuation by
trucks or trains can constrain yard capacity and interfere with ongoing vessel discharge opera-
tions. These examples illustrate how both physical container flows and information flows, such
as arrival times, schedules, and resource availability, move continuously between subsystems and
how local disruptions can escalate into system-wide effects, thereby motivating the system-level
modeling and integrated scheduling approach adopted in this thesis.

In the following subsections, the operational processes considered and modeled in this thesis
are described from a terminal and operational perspective, providing a detailed overview of
how these processes are executed in practice. While the terminal comprises multiple interact-
ing subsystems, the scope of this research focuses on selected processes that are most relevant
to container flows and resource coordination. In particular, attention is given to gate and berth
operations associated with container import and export via trucks, as these processes directly
influence yard occupancy and handling dynamics. Furthermore, the rail subsystem is examined
in greater detail, both in terms of facility capacity and operational constraints, and with specific
emphasis on the optimization of train discharge operations. This focused analysis enables a de-
tailed investigation of subsystem interactions while maintaining a system-level perspective on
terminal performance.
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3.1.1 Export process via truck in gate subsystem

Here a general view of the process of container exporting, starting from the containers arrival via
truck, housekeeping process and finally the loading of containers onto the ship, is firstly given.

The whole process can be separated in three sub-processes:

* Truck Arrival to the Terminal for Container Discharge
* Housekeeping Process

* Container Loading onto the ship

Truck Arrival to the Terminal: Different stakeholders are included in the process of the truck
arrivals to the terminal to bring containers for export.

It all begins with the customer which is in need of shipping a container.

To facilitate this, the customer contacts a freight forwarder, which is a company that takes care
of the shipping and ensures the container is cleared for import or export The forwarder, in turn,
contacts the maritime agency, responsible for presenting a commercial offer. Following the cus-
tomer’s acceptance of the offer, the forwarder requests an empty container from the maritime
agency and instructs the transport company to send a truck to the terminal to pick up the con-
tainer. This container is then transported via truck to the customer’s warehouse, where it is loaded
with the customer’s shipment. The process diagram of truck arrival in the terminal, developed
using Bizagi Modeler, is presented in Fig. Bizagi Modeler is a business process modeling
tool based on the Business Process Model and Notation (BPMN) standard and is widely used to
document, analyze, and communicate complex operational processes. It enables the structured
representation of sequential activities, decision points, and interactions among resources, making
it particularly suitable for modeling logistics and transportation processes. To avoid presenting a
very large diagram, what was described above is included as a sub-process in the diagram.

Following the sub-process of documentation preparation for the delivery of the container to the
terminal, a delivery order must be sent by the Maritime Agency to the forwarder before sending
the truck to the terminal. When the order is released, the truck can transport the container to
the terminal. Simultaneously, the Terminal Operating System (TOS) receives from Maritime
Agency the container gate-in booking and all the data relating that container will be inserted in
the TOS database. When the truck with the container arrives to the terminal, it initially stops at
the so called One-Stop Office, which checks if there is a Gate-in booking for the container. In
case of a booking existence the One-Stop Office performs the so called Administrative-Check
(A-Check) of the container, which is than registered in TOS. Following the A-Check, the truck
goes to terminal gate where the Physical Check (P-Check) of the container is performed. When
passing the gate, the truck can directly go to discharge the container in the predefined position if
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Figure 3.2: BPMN diagram illustrating the truck arrival in the terminal for container discharge

the specific area is free from trucks. Otherwise, in case the area where the container is destined
to be positioned can not accept more trucks, the truck is positioned in a buffer zone. The truck
will wait in the buffer zone until the area is cleared of previous trucks. Once the area is free, the
driver will receive an SMS and/or an alert through a dedicated mobile application notifying them
that they may proceed. Finally, the container is unloaded from the truck.

Housekeeping Process:

After being discharged from the trucks, the containers may not initially be placed in their optimal
and final positions within the yard. Consequently, housekeeping or re-handling movements are
required. These movements involve organizing the containers in stacks based on their weight
class, length, type, and port of destination (POD). The grouping of containers in stacks is em-
ployed to ensure the smooth loading operations of the ship. Upon receiving container details
from the TOS, the yard planners create a work-queue for container housekeeping. This work-
queue is then sent to the dispatcher office, which, in turn, decides the teams responsible for the
housekeeping process. The updated positions of the containers are recorded in the TOS. Sub-
sequently, the yard planners may review the stack division to ensure accuracy and determine if
additional housekeeping is necessary. As for the physical aspect of the housekeeping process, at
PSA GP terminal in the export area the movement of containers is done using Reach Stackers
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Figure 3.3: BPMN diagram illustrating the housekeeping process for exporting containers

(RS) and Prime Movers (PM). So, in case the container should be moved from position A to
position B, the steps would be:

1. PM goes to position A
2. RS1 loads the container into PM

3. PM transport the container in the position B

4. RS2 discharge the container from the PM

Fig. 3.3 shows the process diagram of the housekeeping process.
Container Loading onto the ship:

Before a specific container is loaded into the ship, the custom forwarder must prepare the required
export documentation for the container’s loading. The container can only be loaded into the ship
if the customs authority authorizes the documentation. In cases where the documentation is not
authorized, the container cannot be loaded, and it should change the ship. This change will be
registered in the TOS as a ’Change of Voyage’ (COV) container. Regarding the physical process,
which involves transportation within the yard and quay, the steps are as follows:

1. PM goes where the container is
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2. RS loads the container onto the PM
3. PM transport the container under the Quay Crane (QC)

4. QC discharge the container from PM and load it on the ship

The process diagram of container loaded into the ship is presented in Fig. [3.4]

3.1.2 Import process via truck in gate subsystem

The opposite process, namely the discharge of containers from the vessel followed by their trans-
port by truck, is described here. The process of discharging containers from a vessel that are
subsequently transported by truck generally follows the steps outlined below:

* the QC discharges the container from the ship and places it onto the PM;

* the discharged container undergoes a physical inspection, which may be performed auto-
matically or manually in case of system failures;

* the PM transports the container to its assigned location in the yard;

* the rubber tyred gantry (RTG) crane unloads the container from the PM and stacks it in the
designated yard block.

In most cases, trucks are allowed to enter the terminal for container collection only after a yard
block has been fully populated with containers discharged from the same vessel .Before a truck
arrives at the terminal, a set of administrative procedures involving the Forwarder, Customs For-
warder, and Maritime Agency must be completed, as also described in the export cycle. Once
these procedures are finalized, the truck is authorized to access the terminal.

The container pick-up process generally follows the steps described below:

the truck stops at the One-Stop Office to verify that all required documentation for con-
tainer pick-up is in order;

the truck passes through the terminal gate;

the truck proceeds to the container pick-up area; if the area is congested, the truck may be
required to wait in a buffer area until access is available;

the RTG crane lifts the container from the stack and places it onto the truck;

the truck exits the terminal.
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This sequence applies when a truck enters the terminal solely for container collection. In the
more common scenario where a truck both delivers a container and collects another during the
same visit, the One-Stop Office must also verify the existence of a valid booking for the inbound
container. The truck is first directed to the appropriate discharge area to unload the delivered
container and is then routed to another area to complete the pick-up of the outbound container.

3.1.3 Train entry and exit in rail subsystem

As already mentioned, one of the main topics of this thesis is the evaluation of the capacity of
the terminal’s rail yard. Therefore, this section describes, from an operational point of view, the
process of train entry and exit and into the terminal and the activities it involves.

From a physical infrastructure perspective, the rail subsystem of PSA GP is composed of three
main functional areas. The first area consists of six external tracks, commonly referred to as the
Voltri Mare tracks, where arriving trains are initially received. These tracks serve as the interface
between the national rail network and the terminal. One of the external tracks is not used for
train arrivals or departures but is dedicated to locomotive bypass operations. The second area
comprises two intermediate tracks, which act as a buffer and transition zone between the external
tracks and the internal rail yard. The third area is the internal rail yard of the terminal, which is
divided into two main parks, namely the East Park and the West Park, each containing multiple
internal tracks used for loading and unloading operations.

The process of train entry and exit is represented through a detailed process diagram, as shown
in Fig.[3.5]

When a train arrives at the external tracks, the external (line-haul) locomotive is decoupled from
the train. A terminal maneuvering locomotive is then coupled to the train to enable internal
shunting operations. The train subsequently moves through the intermediate tracks and enters the
internal rail yard, where it is positioned on one of the designated internal tracks. Once the train
reaches its assigned track, the maneuvering locomotive is decoupled, and container discharge
and loading operations are performed using dedicated rail handling equipment.

After the completion of loading and unloading operations, the maneuvering locomotive is cou-
pled again to the train, and the train undergoes a pressurization process. Train pressurization
refers to the charging of the pneumatic braking system, during which compressed air is supplied
through the main brake pipe to all wagons in the train. This process ensures that the brake system
reaches the required pressure level, allowing the brakes on each wagon to be correctly released
and guaranteeing safe and synchronized braking performance. Pressurization is a safety-critical
operation and must be completed successfully before the train is allowed to move.

Once pressurization is completed, the train exits the internal rail yard via the intermediate tracks
and reaches the external exit tracks of the terminal. At this stage, a series of technical and
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operational checks are performed to verify correct container placement, load securing, and the
proper functioning of onboard systems. The maneuvering locomotive is then decoupled, and the
external locomotive is coupled to the train. A final brake test is conducted to confirm that the
braking system responds correctly under the control of the external locomotive. Upon successful
completion of these checks, the train is authorized to depart from the terminal and re-enter the
national rail network.
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Figure 3.5: BPMN diagram illustrating train entry and exit in PSA GP

3.1.4 Train discharge in rail subsystem
The rail discharge process is described here in detail, as it represents one of the main processes
analyzed and optimized in this thesis.

The process represented in the schema describes the first phase of rail container discharge opera-

tions, which covers all activities from discharge planning to the placement of the container onto
PM.

The process starts with the Rail Planner, who initiates the operation by creating the Discharge
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Figure 3.6: BPMN diagram illustrating the process flow of rail container discharge operations

Planning. Once the discharge plan is defined, control is transferred to Rail Ground Operations,
which begin the operational validation phase.

The first operational step consists of Rail Ground OPS checking that the train is positioned where
planned by the Rail Planner. Once the correct positioning is confirmed, the twistlocks are un-
locked, enabling the physical discharge of containers from the train. Rail Ground OPS then
notifies the Rail Planner that the train is ready to be unloaded, signaling that the execution phase
can begin.

After Rail Ground OPS notifies the Rail Planner that the train is ready to be unloaded, control
flows back to the Rail Planner, who performs the assignment of the correct yard and rail track for
discharge to the Rail Mounted Gantry (RMG). Once this configuration is completed, the process
moves to Milos, which functions as a rail TOS: it manages the registration of rail operations
and supports the execution of rail processes. In Milos, the operation transitions from planning
to execution by enabling the crane view and registering the train convoy as being in discharge
operation mode.

Control then returns to the Rail Planner, who releases the container discharge tasks to the RMG
and makes the discharge list available to Rail Ground OPS via their tablets. After the release,
Rail Ground OPS receives the container discharge list on the tablet, and in parallel the Crane
Operator also receives the container discharge list on the tablet, allowing operations to start.

At this point, the process reaches a decision step regarding the discharge list:
* If the discharge list is confirmed, the discharging continues according to the planned se-
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quence;

* If the discharge list is not confirmed, the Crane Operator suggests a new container dis-
charge sequence to the Rail Planner.

If a new sequence is required, control flows back to the Rail Planner, who modifies the sequence
according to the received instructions and then sends the new sequence. The updated plan is
distributed to the operational actors: Rail Ground OPS receives the new sequence on the tablet,
and the Crane Operator receives the new sequence, after which unloading proceeds using the
revised order (again starting with discharging the next container onto the PM).

After each container is placed onto the PM (whether under the original confirmed list or a revised
sequence), control flows to Rail Ground OPS, which checks and enters the container seal number.
The seal number is acquired by the central TOS, which performs seal number acquisition.

Following seal number acquisition, Rail Ground OPS performs a physical check (P-check) of the
discharged container. Once the P-check is successfully completed, the container is registered in
SPACE through container acquisition in SPACE. SPACE is the software system responsible for
managing the positioning, tracking, and availability of containers within the terminal yard.

Then control flows to Milos, which updates the container status to “discharged” in the rail system.
Finally, the Rail Planner verifies that the container status has correctly changed in the discharge
list, ensuring consistency across planning, execution, and the involved IT systems.

This sequence repeats iteratively for all containers until the discharge list is completed. The
process represented in the schema ends once containers are unloaded from the train and placed
onto PMs, with correct status updates and registrations completed.

The process then continues with the PM transporting the container to the designated storage
area. If the container is a full export container, it is transported to the export stacks, where a RS
discharges it from the PM and stacks it accordingly. If the container is empty, it is transported to
the dedicated empty container area, where it is again unloaded by a reach stacker and placed in
the appropriate stack.

In the case of IMO containers, the unit is transported to the designated IMO area, where a RTG
discharges the container from the PM and places it in the stack.

This sequence completes the train discharge process.
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Chapter 4

Methodology

This chapter presents the theoretical background of the methods used to address the problems de-
fined in this thesis and to achieve its objectives. In particular, it introduces the main methodolog-
ical approaches adopted, including prediction models based on neural networks, optimization
models, emission estimation models, and scheduling approaches based on both exact methods
and heuristic and metaheuristic techniques.

For each of these components, the underlying principles and theoretical foundations are de-
scribed, while the detailed model formulations, data, and specific equations are provided in the
corresponding chapters.

4.1 Predictive models

An important component of this thesis is the development of predictive models for forecasting
import and export container flows. These predictions support the improvement of terminal op-
erations, which constitutes the primary focus of this research. By anticipating future container
movements, predictive models can contribute to more efficient planning, resource allocation, and
operational decision-making within container terminals.

Predictive models are computational techniques designed to estimate future or unknown out-
comes based on previously observed data. They operate by learning relationships between input
variables and target outputs and applying the learned patterns to generate predictions for new,
unseen data. As described by [96], predictive modeling is a data-driven approach that utilizes
historical and current data to forecast future outcomes and support decision-making processes. It
integrates techniques from statistics, machine learning, and optimization to identify patterns and
relationships within data and to produce reliable predictions.
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In applied research, predictive modeling typically follows a structured process that includes prob-
lem definition, data collection, data preprocessing, model development, and model evaluation.
The effectiveness of predictive models largely depends on the quality of the input data and the
suitability of the selected modeling techniques. Following this systematic process helps ensure
that predictive models are robust, reliable, and capable of generalizing to new data.

Within the context of logistics and transportation systems, predictive modeling plays a criti-
cal role in forecasting freight demand and vehicle flows. Transportation datasets often exhibit
temporal dependency, seasonality, and nonlinear behavior, which makes predictive modeling
techniques particularly suitable for such applications. Accurate forecasts of container and truck
flows can support terminal operators in managing congestion, optimizing resource utilization,
and improving overall operational efficiency.

Predictive models can be broadly categorized into regression-based models, time series forecast-
ing models, and machine learning-based models.Time series approaches, such as the Autore-
gressive Integrated Moving Average (ARIMA) and Seasonal Autoregressive Integrated Moving
Average (SARIMA) models, are commonly used to model temporal trends and seasonal patterns
in transportation data. Regression models provide interpretable baseline predictions, while ma-
chine learning models offer enhanced capability to capture complex and nonlinear relationships
among variables.

Among machine learning approaches, neural networks have gained increasing attention due to
their ability to learn from historical data and generalize patterns in complex systems. These
models are particularly well suited for transportation forecasting problems involving dynamic
trade patterns and fluctuating container and truck flows.

According to [97], a neural network can be defined as an interconnected assembly of simple
processing elements, referred to as units or nodes, whose functionality is conceptually inspired
by biological neurons. The processing capability of the network is determined by the strengths
of the connections between these units, known as weights, which are adapted through a learning
process based on training data.

A typical neural network consists of an input layer, one or more hidden layers, and an output
layer. Input data are propagated through the network by weighted connections, and each unit
applies a nonlinear activation function to produce its output. By combining multiple layers of
such units, neural networks are capable of modeling complex nonlinear relationships between
inputs and outputs.

Learning in neural networks is commonly achieved through supervised training, where the net-
work output is compared with known target values and the resulting error is used to update the
connection weights. This process is repeated iteratively over a set of training patterns until the
network converges to a configuration that minimizes prediction error. An important property
of neural networks is their ability to generalize, meaning that once trained, they can produce
accurate predictions for previously unseen data.
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Feed-forward artificial neural networks trained using the backpropagation (BP) algorithm repre-
sent one of the most widely adopted architectures for supervised learning and prediction tasks.
In feed-forward networks, information flows unidirectionally from the input layer through one
or more hidden layers to the output layer, without forming feedback connections. The BP algo-
rithm is commonly employed when target output values are known in advance, as it provides an
efficient mechanism for minimizing prediction error in supervised neural networks [98].

The BP algorithm outlines a technique for computing the derivatives of the network training
error with respect to the connection weights by applying the derivative chain rule [99]. The
training procedure typically consists of two main phases: a forward propagation phase and a
backward propagation phase [100]. During the forward phase, input data are propagated through
the network layer by layer to produce an output. For each neuron, the weighted sum of its
inputs is computed and processed by an activation function to generate the neuron output. This
operation can be expressed mathematically as:

e =p(2) = (Z Wep®p + bc> 4.1
p=1

where ¥, denotes the output of neuron ¢, w,, is the weight connecting neuron p in the previous
layer to neuron c in the current layer, x, represents the input to neuron c, b, is the bias term
associated with neuron ¢, and ¢(-) is the activation function.

During the backward phase, the network weights are updated according to an error-correction
rule. The error signal is obtained by comparing the network output with the desired target values,
and this error is propagated backward through the network to adjust the weights in a direction
that reduces the overall prediction error. The error function commonly adopted for regression
problems is defined as:

m

1
E= 5 Z(tc - yc)2 (42)

c=1
where m denotes the number of neurons in the output layer, ¢. is the target output, and . is the
actual output produced by the neural network. The corresponding weight update rule is given by:
OFE

0w,y

Awe, = —1 (4.3)
where Aw,, represents the update applied to the weight connecting neuron p to neuron c, 7 is the
learning rate, and BBTE is the partial derivative of the error with respect to the weight.

cp

Various optimization strategies can be employed to improve the efficiency and convergence speed
of the BP training process. Among these, the Levenberg—Marquardt (LM) algorithm is widely
used due to its fast convergence characteristics. The LM algorithm combines features of the
Gauss—Newton method and the steepest descent approach, providing a robust compromise be-
tween stability and computational efficiency [101].
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To assess predictive performance, standard evaluation metrics such as Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) are
commonly employed. These metrics provide quantitative measures of forecasting accuracy and
enable objective comparison among different predictive modeling approaches.

4.1.1 Cross-validation strategy

Cross-validation serves as a systematic approach for evaluating the performance of models and
making meaningful comparisons between different models [102]. Cross-validation operates by
partitioning the available dataset into training and testing subsets, where the model is trained on
the training data and subsequently evaluated based on its predictive performance on the test data
[1O3].

Several variants of cross-validation exist, each defined by a different strategy for partitioning
the available data. One of the most commonly used approaches is k-fold cross-validation, in
which the dataset is divided into k approximately equal-sized subsets, referred to as folds. This
procedure results in k£ distinct training—testing pairs, where in each iteration one fold is held out
as the test set and the remaining folds are used for training. The k-fold scheme may be applied
once using a single data partition, known as ordinary k-fold cross-validation, or repeated multiple
times with different partitions, referred to as repeated k-fold cross-validation [104].

An important limiting case of k-fold cross-validation is leave-one-out cross-validation (LOOCYV),
which corresponds to the special case where the number of folds is equal to the number of avail-
able observations, i.e., k = n. In this approach, a single observation is excluded from the dataset
and used as the validation sample, while the remaining n — 1 observations are employed for
model training. This procedure is repeated iteratively until each observation has been used once
as the validation sample. LOOCYV offers the advantage of making efficient use of the available
data, as nearly the entire dataset is used for training in each iteration. This property makes it
particularly suitable for applications where the dataset size is limited or where preserving train-
ing information is critical. Moreover, by evaluating model performance across all individual
observations, LOOCYV provides a thorough assessment of the model’s generalization capability.

In this thesis, leave-one-out cross-validation is adopted to evaluate the predictive performance of
the proposed neural network model. In addition to estimating overall generalization performance,
LOOCYV is also used as a diagnostic tool to analyze variations in prediction accuracy across
different validation cases, thereby supporting a deeper understanding of the model’s behavior
under different data configurations.

66



4.2 Emission estimation models

In the current global context, sustainability has become a central and increasingly complex con-
cern, particularly in relation to port terminals, which can represent significant sources of environ-
mental pollution. Given this context, the ability to anticipate operational impacts is of growing
importance. Starting from a predictive model of the number of trucks accessing the terminal,
the estimation of the associated emissions provides valuable insights into the potential environ-
mental effects of terminal activities. Such an approach enables the identification of periods with
increased emission levels and supports the adoption of proactive measures aimed at mitigating
emission peaks and improving the overall environmental performance of terminal operations.
Moreover, emission estimation models offer a practical alternative to direct emission measure-
ments by providing systematic and scalable methods for quantifying emissions based on traffic
activity and vehicle characteristics. In contrast, direct measurement through monitoring stations
can be costly and spatially limited, particularly in complex transport environments.

Among the various emission sources associated with port operations, road freight transport rep-
resents a major contributor, especially due to the high volume of heavy-duty vehicles accessing
terminals on a daily basis. Truck movements related to import and export activities can generate
significant emission peaks, particularly during periods of high traffic demand.

One established approach for estimating emissions from road transport is based on the methodol-
ogy presented in the 2023 edition of the COPERT Guidebook developed by [105] and published
by the European Environment Agency (EEA). The guidebook provides a comprehensive frame-
work for quantifying emissions associated with road vehicle activity across different vehicle cat-
egories, fuel types, and operating conditions. In this thesis, the COPERT methodology is applied
to estimate emissions associated with truck movements related to import and export activities at
a port terminal.

The emission estimation methodology covers a broad range of pollutants associated with road
transport activity. These include regulated gaseous pollutants such as carbon monoxide (CO),
nitrogen oxides (NO,.), non-methane volatile organic compounds (NMVOCs), methane (CH,),
and ammonia (NH3), as well as greenhouse gases such as carbon dioxide (COy) and nitrous ox-
ide (N2O). In addition, sulphur oxides (SO, ), exhaust particulate matter (PM), and several toxic
compounds related to fuel and lubricant composition, including polycyclic aromatic hydrocar-
bons (PAHs), persistent organic pollutants, and selected heavy metals, are also considered.

Within this framework, pollutants are classified into different groups according to the level of
detail available and the estimation methodology applied.

Group 1 includes pollutants for which a detailed, activity-based estimation methodology is avail-
able. Emissions in this group are calculated using specific emission factors that account for ve-
hicle technology, traffic situations, and operating conditions. The pollutants included in Group 1
are:
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» Carbon monoxide (CO), expressed as CO;
» Nitrogen oxides (NO,), expressed as NO- equivalent;

* Volatile organic compounds (VOCs), expressed as CH; g5 equivalent (also referred to as
hydrocarbons, HC, in emission standards);

e Methane (CH,);

* Non-methane volatile organic compounds (NMVOCs), expressed as VOCs (or HC) minus
CH4;

* Nitrous oxide (N,O);
e Ammonia (NH3);

* Exhaust particulate matter (PM), assumed to correspond to PMs 5;

Particle number and particle surface area.

Group 2 consists of pollutants whose emissions are estimated primarily on the basis of fuel
consumption. Although calculated using a different approach, the resulting emission estimates
are considered to be of comparable quality to those obtained for Group 1. The pollutants included
in Group 2 are:

« Carbon dioxide (CO,);
* Sulphur dioxide (SO,);

* Heavy metals contained in fuels and lubricants, including lead (Pb), arsenic (As), cadmium
(Cd), chromium (Cr), copper (Cu), mercury (Hg), nickel (Ni), selenium (Se), and zinc (Zn).

Group 3 includes pollutants for which a simplified estimation methodology is applied, mainly
due to limited availability of detailed emission data. This group comprises toxic compounds for
which emissions are estimated using aggregated or speciated approaches, including:

* Polycyclic aromatic hydrocarbons (PAHs) and persistent organic pollutants (POPs);
* Polychlorinated dibenzo dioxins (PCDDs) and polychlorinated dibenzo furans (PCDFs);

* Polychlorinated biphenyls (PCBs) and hexachlorobenzene (HCB).

Group 4 consists of pollutants that are derived as fractions of total NMVOC emissions. In this
group, certain compounds are estimated through NMVOC speciation procedures.
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4.2.1 COPERT model

The COPERT methodology distinguishes between different levels of methodological detail for
estimating emissions from road transport, commonly referred to as Tier 1, Tier 2, and Tier 3
approaches. These tiers reflect increasing data availability, modeling complexity, and estimation
accuracy.

The Tier 1 approach represents the most aggregated level of emission estimation and is based on
total fuel consumption data combined with fuel-specific emission factors. This method requires
limited input data and is typically applied when detailed information on vehicle activity or fleet
composition is not available. While suitable for high-level emission inventories, Tier 1 provides
limited resolution and does not explicitly account for vehicle technology or operating conditions.

The Tier 2 approach introduces a higher level of detail by incorporating vehicle categories and
emission-control technologies. Emissions are estimated using vehicle activity data expressed in
terms of distance travelled, combined with technology-specific emission factors. Compared to
Tier 1, this approach allows for a more refined representation of fleet composition and emission
standards, but still relies on aggregated traffic information.

Tier 3 represents the highest level of methodological detail within the COPERT framework. Un-
like Tier 1 and Tier 2 approaches, Tier 3 employs a vehicle-activity-based methodology that
explicitly accounts for vehicle category, fuel type, emission standard, and traffic conditions.
Emissions are calculated as a function of vehicle kilometres travelled and technology-specific
emission factors defined for different driving environments, such as urban, rural, and highway
conditions.

Implementation of the Tier 3 methodology requires detailed input data, including vehicle fleet
composition, vehicle activity levels, average travelling speeds, and traffic conditions. By incor-
porating both technological and operational parameters, the Tier 3 approach provides a high-
resolution and accurate estimation of emissions associated with road transport activity.

In this thesis, the Tier 3 methodology is adopted due to the availability of detailed information on
truck activity and vehicle characteristics derived from the traffic prediction model. The use of a
Tier 3 approach enables predicted truck flows to be directly translated into quantitative emission
estimates, supporting the assessment of emissions associated with future import and export truck
movements at the terminal. Furthermore, in the case study presented in a subsequent chapter
in this thesis, only exhaust emissions are considered, while evaporative emissions are excluded
from the analysis. This is justified by the focus on heavy-duty truck traffic, for which exhaust
emissions constitute the primary source of pollutant emissions and are directly related to vehicle
activity.

Under the Tier 3 methodology, total exhaust emissions are composed of hot emissions, gener-
ated when the engine operates at normal operating temperature, and cold emissions, which arise
during transient engine operation before the engine reaches its optimal thermal state.
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Then,
Etotal = Ehot + Ecold (44)

where:

- Fio1q are the total emissions (g) of any pollutant for the spatial and temporal resolution of
the application;

- FEj are the emissions (g) during stabilised (hot) engine operation;

- FE.q are the emissions (g) during transient thermal engine operation (cold start).

Hot exhaust emissions depend on factors such as vehicle travel distance, speed or road type, ve-
hicle age, engine size, and vehicle weight. Since comprehensive data for all these parameters are
often unavailable, emission estimation methods rely on the best available data. The calculation
of hot emissions for a given time period is performed using experimentally derived emission
factors, as described by the following expression:

Ehotiyk,,,. = Ni X My, X EFhotivk,,,. 4.5)

where, in the considered time period:

- Ehot, .. are the hot exhaust emissions of pollutant i[g], produced by vehicles of technology
k driven on roads of type r;

- N, is the number of vehicles [veh] of technology & in operation;

- M, is the mileage per vehicle [km /veh] driven on roads of type r by vehicles of technol-
ogy k;

- EFj,,, is the emission factor in [g/km).

Vehicle technologies are defined according to vehicle category, engine type, and emission con-
trol standard. This classification is primarily based on the European emission standards (Euro
classes), which distinguish vehicles according to their regulated emission performance. Vehicle
categories include, among others, passenger cars, light commercial vehicles, heavy-duty vehi-
cles, buses, and L-category vehicles. Each category is further subdivided by fuel type and Euro
standard, resulting in a detailed representation of vehicle fleet composition.

The emission factor depends on the vehicle speed as reported in the following generic equation:

av? + Bu+ v+ (0/v)

EFF =
ev? +(v+n

x (1 — RF) (4.6)
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where:
RF is a reduction factor, whereas «, (3, 0, €, (, n are coefficients differing by fuel, vehicle class
and engine technology.

As for the cold-start emissions, they are calculated in a similar way using the equation:

EFcold
Eeoid;, = Bik X Ng X My X EFpo,, X ((W)zk —1) 4.7)

where:

- FEeoud, ,, are the cold-start emissions of pollutant ¢, produced by vehicle of technology £;

- B, 1 is the fraction of mileage driven with a cold engine or the catalyst operated below the
light-off temperature for pollutant - and vehicle of technology k;

Ny is the number of vehicles [veh] of technology £ in circulation;

M, is the total mileage per vehicle [km/veh| in vehicle of technology k;

- EFjot,, 1s the hot emission factor for pollutant 7 and vehicles of technology #;

sold
_ (EF(,O

For )ik 18 the cold/hot emission quotient for pollutant 7 and vehicles of technology .

4.3 Optimization models

In logistics and transportation systems, optimization models are widely applied due to the com-
plexity of operations and the presence of multiple interacting constraints. Such systems often
involve limited resources, competing objectives, and dynamic demand patterns. Port terminals
represent a critical component of logistics networks, where road, rail, and maritime transport in-
teract within confined spatial and operational environments. In this context, optimization models
play a key role in supporting decision-making by improving planning and operational efficiency,
addressing challenges related to routing, scheduling, capacity allocation, and infrastructure uti-
lization.

Optimization can be regarded as a systematic approach for supporting effective decision- making
and prediction across a wide range of application domains, including production planning, en-
gineering design, and financial analysis. In general terms, the optimization process begins with
the formulation of a mathematical model that represents a specific decision problem, followed
by the solution of this model using appropriate numerical algorithms. An optimization model
typically requires the definition of a quantitative objective function, which represents a measure
of performance to be maximized or minimized, such as benefit or cost. In addition, the model
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incorporates a set of constraints that reflect physical, technical, or resource-related limitations on
the feasible decisions. An optimal solution is defined as one that achieves the best possible value
of the objective function while satisfying all imposed constraints [106].

From a solution perspective, optimization problems can be addressed using different classes
of methods depending on their computational complexity and the guarantees required on the
solution quality. As discussed in the optimization literature, these methods are commonly clas-
sified into exact methods and approximate methods. Exact methods aim to identify a globally
optimal solution by exploring the feasible solution space, whereas approximate methods seek
good-quality solutions with reduced computational effort, without guaranteeing optimality.

An algorithm designed for a minimization problem is referred to as an approximation algorithm
if the worst-case solution it produces is guaranteed to be within a bounded factor of the optimal
solution. This factor, greater than one, is known as the approximation guarantee and represents
the maximum deviation of the algorithm’s solution from the optimal value. In practice, however,
it is often preferable to address large-scale optimization problems using heuristic approaches.
Heuristics aim to identify suboptimal solutions efficiently, but their quality cannot be guaranteed
analytically and is instead assessed through computational experiments. As a result, heuristic
methods are typically employed for optimization problems that are not only difficult to solve
exactly, but also challenging to approximate within guaranteed bounds [107]].

Exact methods, and in particular mathematical programming techniques, play a central role in
solving optimization problems when optimality, transparency, and reproducibility of the solution
are essential. Despite the fact that many problems formulated as mathematical programming
models are NP-hard, advances in modeling techniques and solver technology have made exact
approaches applicable to a wide range of practical logistics and transportation problems.

4.3.1 Mathematical programming

Optimization models employed in logistics and transportation systems can take different forms
depending on the nature of the decision problem and the characteristics of the underlying sys-
tem. According to [108]], mathematical programming encompasses several classes of optimiza-
tion models, including linear programming, nonlinear programming, integer programming, and
mixed-integer programming.

Linear programming

Linear programming is an optimization approach that represents a decision problem through a
mathematical model. The term linear indicates that both the objective function and all constraints
are expressed as linear functions of the decision variables. The term programming is used in the

sense of planning rather than computer programming, referring to the systematic allocation of
resources and activities in order to achieve an optimal outcome. Linear programming therefore
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focuses on determining the best feasible solution, as defined by the mathematical model, among
all possible alternatives. Although resource allocation problems constitute the most common
application, linear programming is applicable to a wide range of decision problems. Any problem
that can be represented using the general linear programming structure falls within this class.

A commonly used standard form of a linear programming model is:

Maximize Z = cix1+ Coxo + -+ + €y, 4.8)

subject to
1171 + a9 + - - + app Ty, < by, 4.9)
2171 + A20%2 + -+ - + A2, Ty < by, (4.10)
4.11)
101 + ATy + -+ ATy < by, 4.12)

and

$120,x220a"‘,xn20~ (413)

In this formulation, the function being optimized is referred to as the objective function, while
the restrictions on the decision variables are referred to as constraints. The first m inequalities
represent the functional (or structural) constraints of the model, and the conditions z; > 0 are
known as nonnegativity constraints.

Nonlinear programming

Linear programming assumes that both the objective function and the constraint functions are lin-
ear. While this assumption holds for many practical decision problems, it is not always satisfied
in real-world applications. When one or more relationships are nonlinear, the resulting optimiza-
tion problem is formulated as a nonlinear programming model. In its general form, a nonlinear
programming problem consists of determining a vector of variables x = (z1,xs,...,z,) that
optimizes a objective function subject to a set of constraints,when either the objective function
or one or more constraints are nonlinear:

Maximize f(x), (4.14)
subject to
gi(x) <b;, fori=1,2,...,m, (4.15)
and
x >0, (4.16)

where f(x) and ¢;(x) are given functions of the n decision variables. Nonlinear programming
problems can vary significantly depending on the structure of the objective function and con-
straints. While certain classes of nonlinear problems can be solved efficiently, others may present
substantial computational challenges, even for relatively small problem instances.
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Integer Programming

One of the key assumptions underlying linear programming is the assumption of divisibility,
which allows decision variables to take noninteger values. In many practical applications, how-
ever, this assumption is not appropriate, since decision variables often represent quantities that
must be chosen in whole units, such as the assignment of vehicles, machines, or personnel to
activities. When integrality requirements constitute the only deviation from the linear program-
ming formulation, the resulting model is referred to as an integer programming problem.

From a modeling perspective, integer programming is obtained by extending the standard linear
programming formulation by imposing integrality constraints on the decision variables.

A particularly important class of integer programming problems arises when decision variables
represent yes-or-no choices. These decisions can be modeled using binary variables, which are
restricted to take values in the set {0, 1}. In this case, a binary variable z; can be defined as:

1, if decision j is selected,
Ty = e (4.17)
0, if decision j is not selected.

Integer programming models that involve only binary decision variables are commonly referred
to as binary integer programming problems.

In this thesis, mathematical programming is used to formulate problems related to the minimiza-
tion of congestion and emissions within the port terminal. It is also applied to model the problem
of minimizing train discharge time and to determine the maximum number of trains that the rail
yard can handle, which corresponds to the evaluation of its capacity.

4.4 Scheduling framework

In this thesis, scheduling models are employed to coordinate the timing and sequencing of train
discharge operations in the rail yard part of the terminal, with the aim of efficiently allocating
available rail and terminal resources over time.

Scheduling is a decision-making process that supports the allocation of limited resources to a set
of tasks over specified time periods, with the objective of optimizing one or more performance
criteria. It is a recurring activity in many manufacturing and service systems, where effective
scheduling is essential for achieving efficient and reliable operations.

Both resources and tasks can take a wide variety of forms depending on the application context.
Resources may include machines in a production facility, runways at an airport, crews at a con-
struction site, or processing units in a computing environment. Similarly, tasks may correspond
to operations in a manufacturing process, aircraft take-offs and landings, stages of a construction
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project, or the execution of computational jobs. Each task may be characterized by attributes
such as priority, earliest start time, or due date.

The objectives of scheduling problems also vary across applications. Common goals include the
minimization of the completion time of the final task, the reduction of delays, or the minimization
of the number of tasks completed after their respective due dates. One of the most commonly
adopted objective functions in scheduling is the makespan, denoted by C',... The makespan is
defined as the maximum completion time among all jobs, i.e.,

Cmax = maX{C'l, Cg, .. ,Cn},

where C); represents the completion time of job j. Minimizing the makespan corresponds to
reducing the time at which the last job finishes processing, and is often associated with improved
utilization of the available machines and resources.

Over the past several decades, deterministic scheduling has attracted substantial research atten-
tion, leading to the development of a wide range of models and solution approaches.

In deterministic scheduling problems, the number of jobs and the number of machines are as-
sumed to be finite. The number of jobs is denoted by n, while the number of machines is denoted
by m. Throughout the scheduling framework, the subscript j is used to refer to a job, whereas
the subscript ¢ denotes a machine. If a job requires multiple processing steps, the pair (i, )
represents the processing operation of job j on machine :.

Each job j is characterized by a set of parameters that describe its processing requirements and
scheduling constraints. The processing time of job j on machine ¢ is denoted by p;;. When the
processing time does not depend on the machine, or when a job is processed on only one specific
machine, the subscript ¢ may be omitted and the processing time is denoted simply by p;.

The release date of job j, denoted by r;, represents the earliest time at which job j becomes
available for processing in the system. The due date of job j, denoted by d;, indicates the
committed completion time of the job. Completion after the due date is typically permitted but
may incur a penalty. When a due date must be strictly satisfied, it is referred to as a deadline and
is denoted by Jj.

In addition, each job may be assigned a weight w;, which reflects its relative priority or im-
portance within the system. This weight may represent, for example, the cost associated with
keeping the job in the system, such as holding or inventory costs, or the value added by complet-
ing the job.

The machine environment specified in the « field defines the structural organization of resources
within the scheduling system.
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4.4.1 Scheduling environment classification

Several machine environments have been proposed in the literature to capture different opera-
tional settings [109]].

Flow shop (F,,) refers to a system in which m machines are arranged in series and each job must
be processed on all machines following the same fixed order. Specifically, jobs are processed first
on machine 1, then on machine 2, and so forth until machine m. Upon completion on a machine,
a job joins the queue of the next machine in the sequence. Queues are typically assumed to
follow a First-In—First-Out (FIFO) discipline, implying that jobs cannot overtake one another
while waiting.

The flexible flow shop (F'F,) extends the classical flow shop by introducing parallel processing
capability at each stage. Instead of m machines in series, the system consists of ¢ stages arranged
sequentially, where each stage comprises a set of identical machines operating in parallel. All
jobs must visit the stages in the same order, but at each stage a job requires processing on only
one of the available machines. Each stage therefore functions as a bank of parallel resources. The
queueing discipline between stages may or may not follow a First-Come—First-Served (FCES)
rule. Flexible flow shops are also referred to in the literature as hybrid flow shops or multi-
processor flow shops.

In a job shop environment (.J,,,) with m machines, each job follows its own predefined processing
route. Unlike the flow shop, different jobs may require processing on machines in different
orders. A distinction is made between job shops in which each job visits each machine at most
once and those in which a job may revisit the same machine multiple times.

The flexible job shop (F'J.) generalizes the job shop environment by allowing multiple identical
machines at each work center. Instead of m machines in series, the system consists of ¢ work
centers, each equipped with parallel machines. Jobs follow individual routes through the work
centers, and at each visit a job requires processing on only one of the available machines.

Finally, the open shop (O,,) represents the most general machine environment. There are m
machines, and each job must be processed on each machine exactly once, but no predefined
order is imposed. The routing of each job is determined by the scheduler, and different jobs
may follow different processing sequences. Some processing times may be zero, reflecting the
absence of certain operations.

4.4.2 Resolution approaches

In many optimization problems arising in operations research, exact solution methods such as
linear programming, integer programming, or nonlinear programming are capable of identifying
optimal solutions. These approaches have proven highly effective for a wide range of practical

76



applications. However, as problem size and structural complexity increase, obtaining an optimal
solution may become computationally infeasible. In such situations, it remains important to
identify good feasible solutions that are reasonably close to the optimum.

4.4.2.1 Exact approach

Exact methods aim at finding optimal solutions to scheduling problems by exploring the solution
space in a systematic and exhaustive manner. These approaches are typically based on math-
ematical programming formulations, such as Mixed-Integer Linear Programming (MILP), and
solution techniques including Branch-and-Bound and Branch-and-Cut algorithms.

While exact methods are capable of guaranteeing optimality, their applicability is often limited to
small- or medium-sized instances due to the exponential growth of the solution space as problem
size increases.

In this thesis, the train discharge problem is first formulated as a MILP model and solved to
optimality. However, the approach is computationally feasible only for small instances, as will
be discussed in detail in the corresponding chapter.

4.4.2.2 Heuristics and metaheuristics

Heuristic methods are commonly employed to address optimization problems for which exact
methods are impractical. A heuristic is a problem-solving procedure designed to efficiently
search for high-quality feasible solutions without guaranteeing optimality. Although no formal
assurance on solution quality can typically be provided, well-designed heuristics often produce
solutions that are near-optimal or enable the identification of satisfactory solutions within accept-
able computational time. Heuristic algorithms are frequently iterative in nature, progressively
exploring the solution space and updating the best solution found during the search process.

Traditional heuristic methods are often based on relatively simple, problem-specific rules and are
therefore tailored to particular applications. As a result, their applicability is generally limited to
specific problem structures. To address this limitation, more general solution strategies known as
metaheuristics have been developed. Metaheuristics provide a high-level framework and strate-
gic guidelines for constructing effective heuristic algorithms that can be adapted to a broad class
of optimization problems, rather than being restricted to a single application domain [108].

Certain planning and scheduling problems admit efficient solution methods and can be formu-
lated as linear programs or solved using polynomial-time algorithms, allowing even large prob-
lem instances to be handled within reasonable computational effort. However, a substantial num-
ber of scheduling problems are inherently difficult and belong to the class of NP-hard problems.
These problems cannot generally be solved to optimality using simple algorithms within limited
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computation time, especially as the problem size grows.

Although some NP-hard scheduling problems can be formulated as integer or disjunctive pro-
gramming models, solving such formulations to optimality may require excessive computational
resources that are not always available in practice. Consequently, exact methods may become
impractical for large-scale or time-sensitive applications. In these cases, heuristic approaches are
commonly employed to obtain acceptable feasible solutions that are not guaranteed to be optimal
but are sufficiently close to the optimum for practical decision-making [[110].

Many heuristic algorithms used in scheduling belong to the class of local search methods. Unlike
constructive heuristics, which build a schedule incrementally from scratch, local search methods
start from an initial complete schedule and iteratively attempt to improve it. At each iteration, the
current solution is modified according to predefined rules, and the resulting neighboring solutions
are evaluated.

A local search procedure explores the neighborhood of the current schedule, where two schedules
are considered neighbors if one can be obtained from the other through a well-defined modifica-
tion, such as swapping or inserting jobs. Since local search does not guarantee convergence to a
global optimum, its effectiveness depends strongly on the design of:

the schedule representation;

the neighborhood structure;

the search strategy within the neighborhood;

the acceptance or rejection criterion for candidate solutions.

Among the most widely used local search—based metaheuristics in scheduling are Simulated
Annealing, Tabu Search, and Genetic Algorithms, which are briefly described below.

Simulated Annealing

Simulated annealing is a metaheuristic inspired by the physical annealing process in materials
science, where a material is gradually cooled to reach a low-energy crystalline state. In the
context of scheduling, simulated annealing performs a stochastic search over the solution space,
allowing both improving and, with a certain probability, non-improving moves. Starting from an
initial schedule, the algorithm selects a neighboring schedule and compares its objective func-
tion value to that of the current solution. If the new solution is better, it is accepted. If it is
worse, it may still be accepted with a probability that depends on the difference in objective
values and a control parameter often referred to as the temperature. This probability decreases
over time according to a cooling schedule. The ability to accept worse solutions, especially in
the early stages of the search, allows simulated annealing to escape local minima and explore a
broader region of the solution space. As the temperature decreases, the algorithm becomes more
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selective, gradually focusing on intensification around high-quality solutions. This balance be-
tween exploration and exploitation makes simulated annealing particularly effective for complex
scheduling problems with rugged solution landscapes [110].

Tabu Search

Tabu search is a deterministic local search metaheuristic designed to prevent the search process
from cycling back to previously visited solutions. Like simulated annealing, tabu search starts
from an initial schedule and explores its neighborhood. However, instead of using probabilistic
acceptance, tabu search relies on explicit memory structures. At each iteration, the algorithm
selects the best admissible neighboring solution, even if it is worse than the current one. Certain
moves or attributes of moves are temporarily declared tabu and stored in a tabu list, meaning
they are forbidden for a specified number of iterations. This mechanism discourages short-term
reversals and helps the search move away from local minima. An important feature of tabu search
is the aspiration criterion, which allows a tabu move to be accepted if it leads to a solution that is
better than any previously found. More advanced versions of tabu search incorporate additional
memory structures and diversification strategies to further enhance exploration of the solution
space. Tabu search has been successfully applied to a wide range of scheduling problems and is
particularly well suited for problems where neighborhood evaluation can be performed efficiently
[110].

Genetic Algorithms

Genetic algorithms are population-based metaheuristics inspired by the principles of natural
evolution. In scheduling applications, each individual in the population represents a complete
schedule, often encoded as a sequence of jobs or operations. The quality of each individual is
measured through a fitness function, typically derived from the scheduling objective. The al-
gorithm proceeds iteratively through generations. In each generation, individuals are selected
based on their fitness to act as parents. New schedules, referred to as offspring, are generated
through genetic operators such as crossover, which combines parts of two parent schedules, and
mutation, which introduces random modifications. Unlike simulated annealing and tabu search,
which operate on a single solution, genetic algorithms maintain and evolve a population of so-
lutions. This population-based search enables a broader exploration of the solution space and
reduces the risk of premature convergence to poor local optima. However, genetic algorithms of-
ten require careful tuning of parameters and may involve higher computational effort compared
to single-solution heuristics [[110]].

In the context of port logistics and terminal operations, decision problems frequently involve
large-scale systems, multiple interacting resources, and complex operational constraints. These
characteristics can significantly increase computational complexity, making exact optimization
approaches difficult to apply in certain cases. Under such conditions, heuristic and metaheuris-
tic methods offer a practical alternative by enabling the identification of high-quality solutions
within reasonable computational time, thereby supporting effective decision-making in complex
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port and transportation systems.

The scheduling problem addressed in this thesis exhibit precisely these features, including large
problem instances, tightly coupled rail and terminal resources, and operational constraints that
arise in realistic port and rail yard environments. As a result, heuristic and metaheuristic meth-
ods provide a suitable and effective alternative, enabling the generation of high-quality feasible
solutions within reasonable computational times, even when optimality cannot be guaranteed.

4.5 Queuing-based system representation

Queuing theory is introduced in this thesis as a conceptual framework for modeling capacity-
constrained transportation systems and describing their state evolution.

Queuing theory is a branch of operations research that studies systems in which entities require
service and may experience waiting due to limited service capacity. Such waiting phenomena
arise in a wide range of practical contexts, including transportation systems, manufacturing pro-
cesses, logistics operations, and communication networks. The presence of waiting has important
implications for system efficiency, service quality, and operational costs, making queuing theory
a valuable tool for analyzing and designing capacity-constrained systems.

At its core, queuing theory uses queuing models to represent systems in which entities arrive
over time, join a queue if service is not immediately available, receive service, and then depart
the system. These models provide a structured framework for describing how system components
interact and how congestion and delays emerge as a result of limited resources. While queuing
models are often employed to derive analytical performance measures, such as waiting times
or system utilization, they may also be used at a conceptual level to represent the structure and
dynamics of operational systems.

A generic queuing system consists of several fundamental components. Entities requiring service
are generated by an input source, often referred to as the calling population. These entities enter
the queuing system and wait in a queue until they are selected for service according to a specified
queue discipline. The required service is then provided by a service mechanism, after which the
entity exits the system. The state of the queuing system evolves over time as arrivals occur and
services are completed.

The input source is characterized by the population from which arrivals originate and by the
statistical pattern governing arrivals over time. Depending on the application, the calling pop-
ulation may be considered finite or infinite. In many modeling contexts, an infinite population
assumption is adopted for simplicity, particularly when the number of potential entities is large
relative to the system capacity. The arrival process is commonly described probabilistically, with
assumptions regarding the distribution of interarrival times.

80



The queue itself represents the waiting space for entities that cannot be served immediately.
Queues may be assumed to have infinite or finite capacity, depending on the physical or oper-
ational constraints of the system. The order in which entities are selected from the queue for
service is determined by the queue discipline, with first-come—first- served being the most com-
monly assumed rule unless otherwise specified.

The service mechanism consists of one or more service facilities, each containing one or more
service channels, referred to as servers. A queuing model must specify both the number of
servers and their arrangement. In many elementary models, a single service facility with one or
more parallel servers is assumed. The time required to serve an entity is referred to as the service
time and is typically modeled using a probability distribution that reflects the characteristics of
the service process [108]].
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Chapter 5

Simulation

An important part of the research work presented in this thesis is based on simulation. For this
reason, this chapter is dedicated to the general concepts of simulation, as well as to the simulation
software used and its underlying logic.

Simulation refers to the use of computational techniques to imitate the operation and behavior
of real-world systems or processes over time. The system of interest may represent a physical
facility, an operational process, or a complex interaction of resources and entities. In order
to study such systems in a scientific manner, it is necessary to introduce a set of simplifying
assumptions that describe how the system operates. These assumptions, typically expressed
through mathematical or logical relationships, constitute a model of the system, which is then
used to gain insight into system behavior and performance.

When the relationships governing a system are sufficiently simple, it may be possible to ana-
lyze the model using analytical methods and obtain exact solutions to the questions of interest.
However, most real-world systems are characterized by high complexity, nonlinear interactions,
and operational constraints that make analytical evaluation infeasible. In such cases, simulation
provides a practical alternative by allowing the model to be evaluated numerically using a com-
puter. Simulation outputs are then used to estimate key performance measures and assess system
behavior under different conditions.

Simulation has been widely applied across a broad range of domains, including manufacturing
systems, transportation networks, logistics operations, supply chains, and service systems. In the
context of transportation and logistics, simulation has proven particularly valuable for analyzing
complex infrastructures such as port terminals, rail yards, airports, and intermodal hubs, where
multiple interacting processes and capacity constraints make analytical approaches impractical.

In studying a system, two general approaches can be distinguished: experimentation with the
actual system and experimentation with a model of the system. Direct experimentation with the
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real system may be desirable when it is feasible and cost-effective. However, in many practical
situations such experimentation is either too expensive, disruptive, or impossible. In some cases,
the system of interest may not even yet exist, and the objective is to evaluate alternative config-
urations or designs before implementation. For these reasons, it is often necessary to construct
a model as a surrogate for the actual system and to conduct experiments on the model rather
than on the real system. When a model is used for decision-making purposes, an essential issue
is whether it accurately represents the system behavior relevant to the objectives of the study.
This concern, commonly referred to as model validity, is a fundamental aspect of simulation
methodology.

Moreover, experimentation with a model of the system may be conducted using either a physical
model or a mathematical model of the system.

Physical models are tangible representations of a system, whereas mathematical models describe
system behavior through quantitative and logical relationships. The vast majority of models used
for operational analysis are mathematical models, as they allow systematic modification of in-
puts and evaluation of system responses. Once a mathematical model has been constructed, it
must be assessed to determine whether it can be solved analytically or whether simulation is re-
quired. If an analytical solution to a mathematical model exists and can be obtained efficiently, it
is generally preferable to use analytical methods. However, for complex systems, analytical so-
lutions may be unavailable or computationally prohibitive. In such cases, simulation is employed
to evaluate system performance numerically by observing how the model responds to different
inputs and scenarios.

Simulation models may be classified along several dimensions. A fundamental distinction is
made between static and dynamic simulation models. Static simulation models represent a sys-
tem at a particular point in time, while dynamic simulation models describe the evolution of a
system over time. Since many logistics and transportation systems evolve through sequences of
events, dynamic simulation is commonly adopted in these contexts.

Another important classification distinguishes between deterministic and stochastic simulation
models. Deterministic simulation models do not incorporate random elements, and their outputs
are fully determined once the input values are specified. In contrast, stochastic simulation mod-
els include one or more random components, resulting in outputs that are themselves random
and must be interpreted statistically. Many transportation, queuing, and logistics systems are
inherently stochastic due to variability in arrivals, processing times, and operational conditions.

Simulation models may also be categorized as continuous or discrete. In continuous simulation
models, system state variables change continuously over time, whereas in discrete simulation
models state changes occur at distinct points in time, typically triggered by events. Discrete-event
simulation (DES) is particularly well suited for modeling logistics and terminal operations, where
system dynamics are driven by arrivals, departures, and the completion of processing activities.

Due to the complexity of modern operational systems, simulation has become an essential tool in
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operations research and management science. When properly designed and applied, simulation
models enable the evaluation of alternative system configurations, the analysis of operational
policies, and the assessment of system performance under varying conditions [111].

5.1 Simulation for decision making

In today’s economic and operational environment, decision-making is increasingly challenging
due to uncertainty, variability, and the growing complexity of systems. Organizations operate in
highly interconnected and dynamic contexts, where actions taken in one part of a system may
lead to delayed, indirect, or non-intuitive consequences in another. As competition intensifies and
resources become more constrained, decision-makers are required to evaluate trade-offs related
to cost, service quality, risk, and innovation, often under time pressure and with incomplete
information.

Many operational systems, such as manufacturing plants, logistics networks, service systems,
and transportation hubs, are influenced by random events, time-dependent behavior, and com-
plex interactions among system components. Examples include fluctuating customer demand,
variable arrival times, machine breakdowns, shared resources, and human decision delays. These
characteristics make it difficult to accurately predict system performance using simple analytical
calculations or static planning methods. As a result, traditional approaches to decision-making
are often insufficient when applied to modern operations systems.

To address these challenges, decision-support methodologies have been developed to assist decision-
makers in understanding system behavior and evaluating alternative courses of action. Among
these methodologies, simulation plays a central role. Simulation can be defined as experimenta-
tion with a simplified representation of a real system over time, with the objective of improving
understanding and supporting system analysis and improvement. By replicating the structure,
logic, and dynamics of a system in a virtual environment, simulation enables controlled experi-
mentation without interfering with real operations.

Simulation-based decision-making allows decision-makers to analyze system performance, ex-
plore what-if scenarios, and assess the potential impact of proposed changes before implementa-
tion. Through simulation, alternative system designs, operational policies, and resource configu-
rations can be tested and compared using quantitative performance indicators such as throughput,
waiting times, utilization levels, service reliability, and cost. This significantly expands the deci-
sion space by allowing many alternatives to be evaluated efficiently and safely.

An important advantage of simulation is its ability to capture uncertainty and variability explic-
itly. While simulation may not predict exact future demand or events, it enables decision-makers
to assess how variability affects system performance and to evaluate system robustness under
different scenarios. In this way, simulation supports risk analysis by revealing possible outcomes
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and identifying conditions under which system performance may degrade.

Simulation models are most effective when embedded within a broader decision-support frame-
work that facilitates data input, experimentation, and result interpretation. Within such a frame-
work, the simulation model acts as an intermediary between the real system and the decision-
maker. Information from the real system is used to parameterize and validate the model, while
simulation results provide insights that guide decision-making. The actions chosen based on
these insights may then be implemented in the real system, leading to changes that can be further
evaluated through subsequent simulation studies [112].

Fig. [5.1| presents a conceptual framework for simulation-supported decision making. The simu-
lation model acts as an intermediary between the real system and the decision-maker, enabling
experimentation with alternative scenarios and providing quantitative insights to support opera-
tional decisions.

Highly complex processes involving interconnected components,
randomness, and time-dependent behavior.

Real System

>

Decision Support System
Simulation Model

Information

Actjon

Decision Maker

Comprehend, evaluate, plan, operate, and make decisions.

Figure 5.1: Decision-support framework based on simulation modeling

In the context of this thesis, simulation is employed not only as an analytical tool but primarily
as a decision-support methodology. The objective is to support informed decision-making in
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complex port terminal operations, where multiple interacting processes, shared resources, and
stochastic elements make intuitive decision-making unreliable. By using simulation, alternative
operational strategies can be evaluated systematically, supporting decisions that improve system
performance while reducing risk and uncertainty.

5.2 Discrete-event simulation

Discrete-event simulation is a modeling approach used to represent the evolution of a system over
time when changes in the system state occur at distinct, identifiable points in time. These points
correspond to the occurrence of events, where an event is defined as an instantaneous action
that may alter the state of the system. Between two consecutive events, the system remains
unchanged. In more formal terms, the system state changes only at a countable number of time
instants.

Although discrete-event simulation can theoretically be carried out using manual calculations for
very small systems, real-world applications typically involve large amounts of data and complex
interactions. For this reason, discrete-event simulation models are almost always implemented
and executed on digital computers.

Discrete-event simulation is particularly suitable for modeling complex operational systems,
such as transportation terminals, rail yards, and port facilities, where entities compete for limited
resources and system dynamics are driven by arrivals, departures, and service completions.

Time-Advance Mechanisms: Because discrete-event simulation models describe dynamic sys-
tems, it is necessary to keep track of simulated time as the simulation progresses. This is achieved
through a simulation clock, which stores the current value of simulated time. The units of simu-
lated time are defined implicitly by the input parameters of the model and are independent of the
actual computer execution time.

Two main approaches have been proposed for advancing simulated time:

* Fixed-increment time advance, where time progresses in equal steps.

» Next-event time advance, where the simulation clock jumps directly to the time of the next
scheduled event.

In practice, the next-event time-advance mechanism is the most widely used, as it avoids unnec-
essary computation during periods where no state changes occur. Under this approach, simulated
time advances from one event occurrence to the next, skipping intervals of inactivity. In the next-
event time-advance approach, the simulation clock is initialized to zero, and the times at which
future events will occur are determined. The simulation clock is then advanced to the time of the
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most imminent event. At that moment, the system state is updated to reflect the occurrence of
that event, and information about future events is revised accordingly.

This process is repeated iteratively: after each event, the simulation clock advances to the next
scheduled event, the system state is updated, and new events may be generated. The simulation
continues until a predefined stopping condition is satisfied, such as reaching a specified simula-
tion time or completing a given number of events.

Because state changes occur only at event times, the simulation efficiently bypasses idle periods,
making this approach computationally effective for large-scale systems [111].

Simulation Flow: The simulation begins at time zero with the execution of the initialization
routine. Control is then transferred to the main program, which repeatedly invokes the timing
routine to identify the next event and advance the simulation clock. Once the next event is
selected, the corresponding event routine is executed to update the system state and generate any
future events.

After each event, the simulation checks whether the stopping condition has been met. If not,
the process repeats. When the stopping condition is satisfied, the report generator is invoked to
compute and present the desired performance measures, and the simulation terminates.

This structure is commonly referred to as the event-scheduling approach to simulation modeling.
An alternative approach, known as the process-interaction approach, focuses on modeling the
lifecycle of individual entities as they flow through the system. While conceptually different,
process-oriented simulations are typically executed internally using the same event-scheduling
logic [111].

5.3 Simulation software environment

One of the main research projects presented in this thesis is developed using the software tools
FlexSim and FlexTerm, both provided by FlexSim. While FlexSim provides the core simulation
environment and modeling components, the simulation models are implemented and executed in
FlexTerm. This section presents the software tools used in the study, their main components, and
the logic governing their operation.

5.3.1 FlexSim

FlexSim is a powerful simulation and analysis software that supports engineers, planners, and
decision-makers in the design, evaluation, and operation of complex systems. The software en-
ables the development of three-dimensional computer models that represent real-world systems,
allowing their behavior to be analyzed over a compressed time horizon and at a significantly
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lower cost compared to experimentation with the actual system.

As a what-if analysis tool, FlexSim provides quantitative performance indicators that support
the comparison of alternative system configurations and operational strategies. Its realistic 3D
animation capabilities, combined with detailed performance reports, allow users to identify bot-
tlenecks, detect inefficiencies, and evaluate improvement scenarios within a relatively short time.
By modeling a system prior to its physical implementation, or by testing operational policies be-
fore they are applied in practice, FlexSim helps reduce the risks typically associated with system
start-up and operational changes. Consequently, improvements that would otherwise require long
periods of trial-and-error experimentation can be achieved more efficiently through simulation.

From a technical perspective, FlexSim is classified as a discrete-event simulation software. It
is designed to model systems whose state changes occur at discrete points in time as a result of
specific events. Typical system states include conditions such as idle, busy, blocked, or down,
while events may involve the arrival of entities, movement of items, processing activities, or
resource failures. The entities processed within a discrete-event simulation model may represent
physical products, customers, documents, tasks, or information flows.

These entities progress through a sequence of processing, queuing, and transportation activities,
commonly referred to as a process flow. Each activity may require one or more resources, such
as machines, conveyors, operators, vehicles, or tools. Resources can be stationary or mobile,
dedicated to specific tasks, or shared among multiple activities, depending on the system being
modeled.

FlexSim is a versatile tool that has been successfully applied across a wide range of industries,
including manufacturing, logistics, aerospace, automotive, food processing, defense, financial
services, and project management. In general, the problems addressed using FlexSim can be
grouped into three main categories:

* service systems, focused on efficiently processing customers and their requests;
* manufacturing systems, aimed at producing the right products at the right time and cost;

* logistics systems, concerned with delivering products to the correct location within the
required time frame and at minimal cost.

5.3.2 FlexSim environment terminology

The FlexSim simulation environment, which is also adopted by FlexTerm, is organized through
a graphical user interface that integrates all tools required for model creation, configuration,
execution, and analysis. The core of this interface is the model view, which displays the three-
dimensional representation of the simulation model. Within this view, simulation objects are
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positioned, connected, and arranged to represent the physical and logical structure of the system,
allowing users to visually inspect layout, movement, and interactions.

In addition to the model view, the environment includes a tree view, which provides a hierarchical
representation of the model structure and internal objects. This view allows users to navigate
complex models, access object relationships, and manage model components that may not be
easily visible in the three-dimensional layout.

Simulation objects constitute the fundamental elements of the 3D simulation model. Different
object categories serve distinct roles within the system.

* Flow items represent entities that move through the model from one location to another,
typically between fixed resources. Depending on the application, flow items may represent
products, customers, documents, parts, or other items circulating within the system.

* Fixed resources are stationary objects that perform specific functions, such as generating
entities, storing them temporarily, processing them, or removing them from the system.
Typical examples include sources, queues, and sinks.

* Task executers are mobile objects capable of moving within the 3D environment to perform
tasks such as transporting flow items or operating equipment. A common example of a task
executer is the operator, which may represent human labor within the system.

The Library, located in the left pane of the interface, provides access to a wide range of predefined
simulation objects that can be used to construct the model. Each object available in the library
includes a set of configurable properties that determine its behavior and interaction with other
components. The content of the library may vary depending on the modeling tools currently
active; for instance, when specialized tools such as Process Flow are enabled, the library displays
objects specific to those tools.

The left pane also includes the Toolbox, which is used to manage and activate additional mod-
eling tools such as Process Flow, dashboards, and global data tables. These tools extend the
modeling capabilities of the simulation environment and support advanced logic, data handling,
and performance visualization.

The Properties pane, located on the right side of the interface, provides access to the configuration
settings of the currently selected object or tool. Through this pane, users can define operational
parameters, logic rules, and other attributes that control object behavior and system dynamics
during simulation execution.

The simulation environment also includes dashboards, which are used to display performance
indicators, charts, and statistical outputs during or after simulation execution. Dashboards sup-
port real-time monitoring and post-run analysis, enabling users to evaluate system performance
and visually compare alternative scenarios.
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The console is another component of the simulation environment and is primarily used to display
messages, warnings, and debugging information generated during model execution. This tool
assists in model verification and troubleshooting by providing feedback on simulation events
and logic execution.

Simulation execution is controlled through integrated interface controls that allow users to start,
pause, step through, and reset simulation runs. Additional interface elements support navigation
within the model view, window management, and customization of the workspace layout. To-
gether, these components form a unified simulation environment that supports both visual model
development and systematic experimentation [113]].
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Figure 5.2: Simulation environment structure with selected fixed resources
Fig. [5.2) illustrates the simulation environment with main components and selected fixed re-
sources, showing the basic flow of entities through generation, waiting, processing, and system
exit stages.
5.3.3 Building model logic
In FlexSim (and similarly in FlexTerm), model logic refers to the overall behavioral rules that

determine how 3D objects and other simulation elements interact while the model runs. In prac-
tice, model logic defines the sequence of actions and decisions that occur from the start of a
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simulation run until its termination.

Model logic is typically built using a combination of configuration tools and, when needed,
scripting:

* Model parameters: input variables used to control key aspects of the model (e.g., number
of workers, arrival rates, rework probability, job sequences). They are especially useful
for structuring scenario analysis because they can be systematically changed during exper-
imentation.

* Object properties: the primary way to define and adjust the behavior and appearance of 3D
objects through their settings (e.g., processing rules, routing logic, priorities, capacities).

* Process Flow: a central tool for building logic using a flowchart approach. The logic is
constructed by connecting activities, each representing a logical step. During execution,
tokens move through the activities and trigger the actions defined by those activities (e.g.,
assigning labels, delaying, moving flowitems). Process Flow can either (i) control the 3D
model by linking tokens to 3D objects/flowitems, or (ii) implement self-contained logic
inside the Process Flow itself.

* FlexScript: FlexSim’s scripting language, used when logic requires deeper customization
beyond configuration and Process Flow activities. It uses standard programming constructs
such as commands, variable assignments, conditional statements, and dot syntax for ac-
cessing object properties and methods. FlexSim includes a code editor, which allows users
to enter FlexScript or link to externally defined code. The code editor provides features
such as syntax checking and code templates, helping users write correct and structured
scripts for triggers, picklists, or custom object behavior. To support model development
and ensure correctness, FlexSim also offers debugging tools. These tools allow the user to
set breakpoints, step through code execution, inspect local and watch variables, and view
the call stack.

Model behavior is driven by events that occur when objects interact with flowitems or when
Process Flow activities process tokens. Objects also have states (e.g., idle, working, traveling,
down) that are important for both operational logic and performance measurement. Logic can
be attached through triggers, meaning that when a certain event or state change occurs, a defined
action is executed (via object settings, Process Flow logic, and/or scripting).

A central mechanism for flexible logic in FlexSim is the use of labels, custom variables stored
on tokens, flowitems, or 3D objects. Labels enable conditional routing, sorting rules, dynamic
decision-making, and data tracking during the run. Conceptually, labels are used to store infor-
mation (e.g., product type, destination, weight) and then reference that information inside object
settings or Process Flow activities to change behavior. Labels can also store object references,
which is a common way to link a Process Flow token to a specific 3D object or flowitem.
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5.3.4 Modeling randomness

Simulation models frequently incorporate randomness to represent the inherent variability and
uncertainty present in real-world systems, such as stochastic arrival times, processing durations,
equipment failures, or routing decisions. In FlexSim, this randomness is typically introduced
through probability distributions and random number generation, which allow the model to more
realistically capture system behavior.

However, the use of randomness also affects model repeatability. To ensure that simulation
results can be consistently reproduced and fairly compared across different scenarios, FlexSim
provides mechanisms for controlling random number streams through the use of random seeds.
By fixing the seed value, the same sequence of random numbers is generated in each simulation
run, resulting in identical stochastic behavior when all other model conditions remain unchanged.

Controlling randomness is particularly important during model verification, debugging, and sce-
nario comparison, as it ensures that observed differences in performance measures are caused by
changes in model logic or input parameters rather than by random variation. Once model correct-
ness has been established, multiple replications with different random seeds can be performed to
capture statistical variability and obtain more robust performance estimates [113]].

5.3.5 Simulation experiments and result analysis

To systematically evaluate alternative system configurations and operational strategies, simula-
tion experiments in both FlexSim and FlexTerm are conducted using the Experimenter tool. The
Experimenter provides a structured environment for defining, executing, and analyzing multiple
simulation scenarios by varying selected model inputs and control parameters. This enables a
consistent and repeatable approach to experimentation, which is essential for comparative anal-
ysis and decision support.

Model parameters considered in the experiments typically include inputs such as arrival rates,
resource quantities, processing times, routing rules, and queue-related settings. For each experi-
mental setup, the simulation model is executed according to the specified parameter values, and
the relevant performance measures are automatically recorded.

To account for stochastic behavior and model randomness, each experiment can be executed
over multiple replications. The Experimenter aggregates the output data across replications and
provides summary statistics for each performance measure, such as average values and disper-
sion indicators. This supports statistically meaningful comparison between different parameter
configurations.

The Experimenter generates structured output data in the form of tables and reports, which in-
clude the tested parameter values and the corresponding performance results. These outputs
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allow the analyst to compare scenarios directly, identify trends, and evaluate trade-offs between
alternative configurations. Performance indicators such as throughput, waiting times, utilization
levels, and system delays are analyzed to assess overall system behavior.

The analysis of simulation results is based on comparing the aggregated performance measures
across experiments in order to identify parameter settings that lead to improved system perfor-
mance. Through this systematic experimentation and result analysis process, the Experimenter
supports simulation-based decision making by providing quantitative evidence to guide opera-
tional and planning decisions in port terminal systems [[113].

5.3.6 FlexTerm

FlexSim Container Terminals (FlexTerm) is a specialized simulation library developed within
the FlexSim environment and specifically designed for modeling and analyzing container ter-
minal operations. FlexTerm extends the general-purpose simulation capabilities of FlexSim by
providing domain-specific objects, logic, and performance measures tailored to the operational
characteristics of container terminals.

Simulation models developed using FlexTerm support the analysis and improvement of multi-
ple aspects of terminal performance. In general, FlexTerm enables the evaluation of operational
strategies aimed at increasing terminal throughput, improving equipment utilization, reducing
waiting times and queue lengths, alleviating bottlenecks, and achieving a more balanced allo-
cation of resources. In addition, FlexTerm models can be used to assess alternative investment
options, evaluate new equipment or tool designs, and support training by illustrating overall sys-
tem behavior and job-related performance.

More specifically, FlexTerm allows detailed analysis of key container terminal subsystems, in-
cluding yard stacking and segregation strategies, yard layout and dispatching rules, gate opera-
tions and capacity, quay crane allocation, yard equipment assignment, hostler gang allocation,
ship scheduling, berth assignment, and traffic constraints within the terminal. By modeling these
interrelated processes in an integrated environment, FlexTerm supports the evaluation of complex
interactions that are difficult to assess using analytical methods alone.

5.3.6.1 FlexTerm modeling paradigm

The FlexTerm modeling paradigm is based on the observation that container terminals worldwide
share a common structural logic, centered on the handling and movement of containers through
interconnected operational subsystems. These subsystems, as mentioned earlier in this thesis
and reflected in the FlexTerm modeling logic as well, typically include the berth, where vessels
arrive to load and unload containers; the gate, through which trucks enter and exit the terminal;
the rail, where trains deliver and collect containers; and the yard, which serves as a temporary
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storage and buffering area. Although these subsystems operate as distinct components, they are
strongly interconnected, and container flow is governed by their interactions.

In FlexTerm, these subsystems are represented as interfaces, which define how containers enter,
move through, and leave the terminal. The berth, gate, and rail interfaces may act either as
sources or sinks of containers, while the yard functions primarily as a buffering system through
which containers are routed between interfaces. In most cases, containers are temporarily stored
in the yard for a specified dwell time before being transferred to their next destination.

A central concept in the FlexTerm modeling paradigm is the distinction between the Master In-
terface and Slave Interfaces. The Master Interface is responsible for generating container traffic
within the model, while Slave Interfaces respond to this demand by providing or receiving con-
tainers as required. Containers are created in the model through operations defined at the Master
Interface, whereas Slave Interfaces rely on supporting operations that accommodate the flow
dictated by the master. The yard cannot act as a Master Interface, as it does not independently
generate container traffic.

FlexTerm also makes extensive use of abstraction, allowing the modeler to focus on specific ar-
eas of interest while simplifying or omitting other parts of the terminal. For example, a model
may represent only ship-side operations and the yard, while abstracting gate and rail activi-
ties, or it may focus solely on berth operations without explicitly modeling yard behavior. As
long as at least one valid Master—Slave interface pair is defined, partial terminal models can
be constructed efficiently. This abstraction capability enables targeted analysis while reducing
unnecessary model complexity.

In this thesis, since one of the research projects focuses on the rail yard of the terminal, this
subsystem is modeled in detail, while the remaining subsystems are represented in an abstracted
form.

Each interface in FlexTerm represents not only a source, sink, or buffer, but also a complex oper-
ational system with its own equipment, schedules, and control logic. These elements are defined
using planners, which provide structured interfaces for specifying arrival schedules, container
operations, and equipment assignments. Container traffic is introduced into the model by defin-
ing operations within these planners, such as ship discharges, truck arrivals, or train movements.
The correct definition of container origins, destinations, and supporting operations is essential to
ensure logical consistency and avoid modeling errors.

Overall, the FlexTerm modeling paradigm provides a structured yet flexible framework for rep-
resenting container terminal operations. By combining interface-based modeling, abstraction,
and clearly defined container generation logic, FlexTerm enables the development of simulation
models that are both analytically focused and operationally realistic [[114].
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5.3.6.2 Modeling rail yard in FlexTerm

The Rail Planner in FlexTerm is used to model rail-side operations of a container terminal,
including train arrivals, container discharge and loading, track allocation, and work execution
strategies. It provides a structured interface for defining the physical rail infrastructure, train
compositions, schedules, and the logic governing rail operations, while offering default settings
that allow rapid development of a basic rail model.

Rail modeling in FlexTerm follows a bottom-up approach. The lowest level of detail is defined
through car profiles, which specify the composition of individual railcars in terms of container
types, sizes, equipment classes, origins or destinations, and minimum and maximum quantities.
These profiles determine how containers are generated or absorbed by the rail interface and play
a critical role in defining whether the rail system acts as a data driver or responds to demand
generated by another interface.

Based on car profiles, train profiles are defined by specifying the number and type of cars com-
posing each train, along with arrival variability and loading or discharge configurations. Trains
can include both inbound and outbound container flows, with minimum and maximum car counts
allowing stochastic variation between train instances.

The Train Schedule defines when trains arrive at the terminal. Trains are placed on a weekly
schedule using a graphical time-based view, allowing arrival times to be specified and adjusted
visually. Arrival variability may be applied to represent uncertainty in real rail operations.

The physical rail infrastructure is represented through the Tracks configuration. Tracks are de-
fined as ordered groups of rail blocks, determining where trains are positioned during operations.
Track allocation logic specifies how arriving trains are assigned to available tracks, while abstract
entry and exit times represent the delay between scheduled arrival and the start of work, as well
as the time required for a train to clear the track after operations are completed.

Operational behavior during train servicing is governed by Work Strategies, which define how
containers are discharged from or loaded onto trains. These strategies contain logic that coor-
dinates equipment usage, container movements, and sequencing of operations while referencing
the appropriate rail gang resources. The work strategy therefore represents the core operational
logic of the rail interface.

Overall, the Rail Planner provides a comprehensive yet flexible framework for modeling rail
yard operations within FlexTerm. By combining structured parameter definitions, scheduling,
infrastructure modeling, and programmable work logic, it enables detailed analysis of rail-yard
interactions while remaining consistent with the broader FlexTerm modeling paradigm
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5.3.6.3 Travel Manager

An important component of FlexTerm is the availability of the Travel Manager (TM) module.
TM is a simulation package specifically designed to model horizontal transport systems in con-
tainer terminal operations. It provides advanced routing and conflict management capabilities
through a space-claiming mechanism, which is commonly used in automated horizontal trans-
port systems. As a result, TM enables a more accurate simulation and analysis of transport
operations within the terminal.

TM extends the standard FlexTerm functionality by incorporating vehicle movement resolution
and collision avoidance. Compared to the default network node navigator, TM offers improved
routing decisions and more realistic conflict management. This is particularly beneficial for
modeling automated transport systems such as automated guided vehicles (AGVs) and auto-
mated straddle carriers. The main components of TM include the Multi-Lane Object (MLO),
which represents the travel paths for horizontal transport vehicles (e.g., trucks, AGVs, and strad-
dle carriers), and parking spots, which are designated locations where a traveler can stop. An
important attribute is the Parking Lane Only setting: when a lane is defined as parking-lane-only,
it is not used for regular travel but only when the destination parking spot lies on that lane and is
sufficiently close [[115]].

The TM provides several key functionalities:

* Parking Categories are used to group parking spots according to their operational purpose,
for example staging areas for vehicles before serving a specific resource. Multiple parking
categories can be defined depending on the model requirements.

» Associated Parking Categories allow model objects to be linked to specific parking cate-
gories, enabling structured and context-dependent parking behavior.

* Travel Rules define how a parking spot is selected for a given movement, typically based
on factors such as the current task, the destination, and whether the vehicle is loaded or
empty.

* Travelers define the properties of moving entities (e.g., trucks), including kinematic pa-
rameters such as speed, acceleration, and deceleration.

* Finally, the General Settings include global configurations such as lane selection strategies
and parking spot selection rules . In this thesis, the parking spot selection functionality
is specifically used to determine where a prime mover should stop in order to perform
loading or discharge operations with the rail-mounted gantry crane.
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Chapter 6

Container Volume Prediction

Containers arriving at and departing from the PSA Genova Pra’ (PSA GP) terminal by truck rep-
resent a significant share of the total container flows handled at the terminal. These truck-related
movements are closely linked to vessel operations: containers arriving by truck are typically
intended for export on a specific vessel, while containers leaving the terminal by truck are usu-
ally imported containers that have been previously discharged from a vessel. As a result, both
the arrival and departure patterns of truck-handled containers are strongly correlated with vessel
schedules.

Accurately predicting the number of containers arriving and leaving the terminal by truck is
therefore highly valuable for yard planners, as it supports more efficient planning of yard stack-
ing strategies and space allocation. Furthermore, container flow predictions can serve as a basis
for forecasting truck arrivals. When such forecasts are available in advance, they can signifi-
cantly contribute to preventing congestion at terminal gates and within operational areas, thereby
improving overall terminal efficiency.

Below, a brief description of the external truck operations at the PSA GP terminal is provided in
order to contextualize the subsequent analysis.

Trucking constitutes a critical component of container transportation at the terminal, accounting
for approximately 78% of the total transport volume over the last three years. According to
the 2023 data analysis, the PSA GP terminal handles on average about 2,100 trucks per day,
with peak values occasionally exceeding 2,300 trucks per day, while roughly 500 trucks can
be processed simultaneously. Such traffic levels pose a significant risk of uncontrolled truck
flows, with daily arrivals potentially exceeding the terminal’s processing capacity. This situation
may lead to congestion in operational areas, increased accident risks, challenges in coordinating
yard equipment operations, and growing frustration among truck drivers. Moreover, inadequate
management of truck arrivals can result in long queues at terminal gates and excessive numbers of
trucks circulating within the terminal, thereby reducing overall terminal efficiency and generating
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substantial external costs, including traffic congestion, air pollution, and noise [42].

Concerning the truck arrival process, it should be noted that a formal Truck Appointment Sys-
tem (TAS) is not currently implemented at the PSA GP terminal, as its adoption is still under
discussion with the local trucking community. A TAS, as previously mentioned, is a technolog-
ical platform aimed at regulating truck flows at port terminals by supporting the scheduling and
coordination of truck arrivals and related operations [43]]. In the absence of such a system, trucks
may arrive at the terminal in a largely unscheduled manner, subject only to a set of predefined
operational constraints that will be described in detail later. This lack of structured scheduling
further complicates the task of forecasting truck arrival patterns.

Nevertheless, truck arrivals are governed by specific temporal and operational restrictions. Trucks
delivering or collecting containers are permitted to access the terminal every day except Sundays,
within a time window from 6:00 AM to 10:00 PM. On Saturdays, this window is reduced, allow-
ing access from 6:00 AM to 2:00 PM. In addition, trucks must comply with a predefined delivery
interval, which begins a certain number of days prior to the scheduled arrival of the vessel. This
delivery interval plays a crucial role in predicting container arrivals by truck and will be dis-
cussed in greater detail in the following sections. As described in the introduction chapter of the
terminal, the gate facility is composed of twelve semi-automated lanes, evenly divided between
inbound and outbound truck traffic, with six lanes allocated to truck entry and six to truck exit.

The first schematic in Fig. [6.1] summarizes the initial main part of this thesis, which addresses
one of the primary research objectives related to the improvement of the truck subsystem. The
framework is described at a high level, both from a software and a methodological perspective,
in order to illustrate the logical flow between the different components of the system and to
highlight how the output of each stage serves as the input for the subsequent one.

The process begins with the collection of relevant operational data from the company’s data
warehouse through structured SQL queries. Following data cleaning and preprocessing, the
selected inputs are used to develop a prediction model implemented in MATLAB using neural
networks.

The prediction model provides estimates of the number of containers imported and exported via
trucks. Based on these estimates, the daily number of truck arrivals at the terminal is evaluated
using appropriate approximations. Subsequently, a selected emission evaluation model is applied
to estimate the emissions generated by truck traffic. On the basis of these results, an optimization
scheme is developed to mitigate emission peaks on specific days by redistributing a portion of
truck arrivals to days with lower emission levels.

The same methodological approach is also applied to mitigate truck traffic congestion within
specific terminal areas. By leveraging the predicted truck arrivals, an optimization-based redis-
tribution of trucks is performed, enabling a smoother temporal and spatial distribution of truck
flows and contributing to improved operational performance of the truck subsystem.
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Figure 6.1: Conceptual framework of the research on the truck subsystem

6.1 Prediction of export containers via truck

This section focuses on the prediction of export containers transported by truck and presents the
data and results associated with the proposed methodology. It starts with a brief overview of the
process, followed by a detailed description of the predictive model and the dataset employed.

The section concludes with a discussion of the obtained results.
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6.1.1 Brief reminder of the export process

Before introducing the prediction model, a brief description of the container export process is
provided. The process begins with containers arriving at the terminal by truck and being tem-
porarily stored in the yard, as illustrated in Fig. [6.2] It then continues with the transport of
containers from the yard to the berth, where they are loaded onto the vessel, as shown in Fig.[6.3]

TERMINAL GATE

Figure 6.2: Inbound container flow via trucks

The truck reception cycle for export containers essentially consists of four main phases.

The first phase is the entry of the truck carrying the export container through the terminal gate.
Before reaching the gate, the truck driver has confirmed the booking at the cargo office located
outside the gate. Once the container is authorized for delivery to the terminal, the driver receives
a notification indicating that access to the terminal is permitted. Upon arrival at the gate, terminal
operators register the truck license plate, the ISO code of the container, and the seal code applied
to the container doors using a handheld device.

The second phase may follow three possible scenarios:

The first and most frequent scenario is that, after passing the gate, the truck proceeds directly to
the assigned export block, where the container is unloaded.

The second scenario involves the container being subjected to a customs inspection by the
’Guardia di Finanza’ before reaching the export area. This may occur due to routine random
checks, missing required documentation, or specific alerts issued by the relevant authorities.

The third scenario requires the truck to remain temporarily in a parking area within the terminal,

100



TR
[TT7H
[IT]

111

Figure 6.3: Loading process of containers onto the vessel

adjacent to the container yards, known as the Buffer Area. To regulate the inbound truck flow,
the terminal employs a Truck Management System (TMS). This system monitors the number of
trucks currently inside the terminal, verifies how many and which trucks are already present in
the export blocks, and based on the capacity of the blocks to receive additional trucks-decides
whether incoming trucks may proceed to their destination block or must wait in the buffer area
until congestion is reduced.

The third phase consists of unloading the container from the truck onto the container stacks
using a Reach Stacker (RS). This operation takes place in the export blocks (with the exception
of reefer and IMO containers), which are therefore exclusively served by RS equipment. The
selection of the export block and the exact stacking position of the container depends on several
factors, including the container weight class, container type, the vessel onto which it will be
loaded, and the port of destination. These criteria are defined to comply with vessel stowage
plans.

The fourth phase is the return of the truck from the export block to the exit gate. In some cases,
once the truck has unloaded the export container, it may move to the import areas to be reloaded
with another container. In practice, this allows both truck reception and truck delivery operations
to be performed within the same cycle and using the same vehicle. This approach is particularly
advantageous for haulage companies, as it reduces empty movements (non-productive trips), and
it also benefits the terminal by decreasing the number of trucks that need to be handled separately
for container pickup operations in the future.
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Following the arrival of containers at the terminal and their temporary storage in the yard, the
process of loading containers onto the vessel is initiated.

Container transport operations from the yard to the vessel require the coordinated use of at least
three types of equipment. Standard containers stacked in the export blocks are first retrieved by
the RS and loaded onto a terminal Prime Mover (PM). The PM then transports the container from
the export block to the quay crane working area, positioning it beneath the crane legs.

The Quay Crane (QC) is responsible for lifting the container from the PM and loading it on-
board the vessel at a specific location defined by the vessel stowage plan, which assigns precise
coordinates in terms of Bay, Row, and Tier.

Vessel loading operations typically start immediately after the completion of the discharge oper-
ations for the same vessel. For this reason, in operational reports these volumes are accounted
for as outbound volumes of the vessel cycle.

In addition to containerized cargo, vessel loading operations may also include break-bulk cargo.
This category refers to goods whose dimensions or characteristics prevent them from being han-
dled as standard or out-of-gauge containers and therefore require special handling procedures, of-
ten involving external specialized companies. Such cargo may include particularly heavy items,
oversized loads, or goods of high value.

6.1.2 Artificial neural network predictive model

As discussed in the objectives of this study, one of the main goals is the prediction of container
flows entering and leaving the terminal by truck. To this end, the needs and requirements of
the terminal management were first analyzed in order to clearly define the scope and objectives
of the work. The problem under investigation was identified through discussions with industry
experts and port operators.

Based on the results of this initial analysis, a neural network based methodology was selected
for predicting container arrivals. The input and output datasets for the neural network were
then defined accordingly. The neural network was trained and validated using the Leave-One-
Out Cross-Validation (LOOCV) approach within the MATLAB environment. Finally, a post-
processing technique was applied to further refine and improve the prediction results obtained
from the neural network.

One of the most critical aspects of the predictive model is the definition of its input variables.
These inputs are closely related to vessel operations and are described in detail below. The model
output consists of the predicted number of containers. In the MATLAB implementation of the
neural network, the data are organized into an input matrix containing the input features and an
output matrix containing the corresponding target values. Furthermore, the relationship between
the input matrix and the output matrix, which represents the variable to be predicted, is discussed.
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The key features x = {x;, ¢ = 1..,N k = 1,..70} for each ship i, where N refers to the
maximum number of ships in the dataset, are:

 Service identification number - x;1: A service represents the repeated trip made by a group
of ships, with a periodicity of one week, meaning that each week a ship of each service will
visit the terminal at an agreed time window. These services vary in terms of the number of
movements, signifying the number of containers they transport in the terminal, their arrival
windows at the terminal, and whether or not they respect those schedules.

In this thesis, data pertaining to “on-spot services” (i.e., services whose ships do not have
a time window to respect) are not included.

* Delay - x;5:
1 if ¢-th ship was delayed
Li2 = .

0 otherwise
Ships may or may not respect their contractual arrival window at the terminal, which can
affect the arrival curve of containers by truck for the specific ship. This impact can be seen
by the increased amount of time available for accepting containers meant for that specific
ship.

* Delay cause - x;3:

1 if the cause of delay was the i-th ship itself
Ti3 = .
’ 0 otherwise

The start of the operational activities of a ship may be delayed due to two principal reasons:
because of issues associated with the ship itself or due to the terminal inability to begin the
ship operations on time. These two scenarios present distinct operational situations within
the context of port processes.

* Delay amount - x;4: The delay is calculated as the difference between the actual arrival
time of the ship and its scheduled arrival and it is expressed in hours.

* Yard Opening - Yard Closing Interval - x;5: 1t is the designated time period during which
the terminal yard is open to receive containers delivered by trucks for export on a specific
scheduled ship.

* Year - x;5: The year of ship arrival.
* Month - z;7: The month of ship arrival.

* Containers - x;3: An integer variable indicating the planned number of containers arriving
at the port by truck and expected to be exported with each ship.
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As part of the input matrix for the ANN, two additional groups of variables are also included:

* Holidays: w;9—1;39 The objective is the one of predicting the number of containers that
will arrive in the terminal every day within the interval from Yard Opening time to Yard
Closing time ([Y'O, Y C]). To achieve this, a mask to identify Sundays and holidays falling
within this interval, that is, days in which trucks do not transport containers to the terminal,
has been included.

* Days of the week: x;40—x;70 With the same logic as before, in this case, another mask with
numbers from 1 to 7 to indicate the day of the week has been used. 1 for Monday and 7

for Sunday.
;/’| nput Holiday-Sunday Mask [YO-YClyax Day of the Week Mask [YO-YClyax ‘\\
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Figure 6.4: Input masks and output relationship

As shown in Fig. [6.4] the output matrix of the predicted model represents the container distribu-
tion within the time interval [Y'O, Y C]; for a specific ship, denoted as i. To ensure uniformity,
the largest interval among the ships, referred to as [Y'O, Y C],,.., has been chosen as the stan-
dard one. If we denote 7)., as the length of the maximum interval and 7; as the length of a
interval ¢, then the container distribution within the [Y'O,Y C,,,, interval for the [YO,Y C|;
interval begins from index (7., — 7;) + 1 and extends to the end. The remaining indices are
filled with zeros. This same principle is applied to the two masks present in the input matrix. It
is important to note that the day following the end of the interval aligns with the ship’s arrival day.

Based on the previously described input and output features, the Artificial Neural Network
(ANN) adopted in this study is implemented as a feed-forward neural network architecture. The
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network consists of an input layer with 70 neurons, corresponding to the defined input features,
a single hidden layer with 10 neurons, and an output layer comprising 31 neurons. The hid-
den layer employs the tansig transfer function as its activation function, while the output layer
uses the purelin transfer function to produce continuous-valued predictions. The mathematical
formulations of these transfer functions are presented below.

2

©(z) = tansig(z) = Too 1 (6.1)

and,
©(z) = purelin(z) = z (6.2)

6.1.2.1 Leave-one-out cross-validation

In this study, the LOOCV method, a well-established resampling technique used for model val-
idation, has been used. Each iteration of LOOCYV involves systematically leaving out one data
point from the dataset while training the model on the remaining data. The model is tested in the
data point left out, and the Mean Squared Error (MSE) and correlation index (R) are calculated.
This process is repeated n times (where n is the total number of observations in the dataset), and
then the MSE is calculated as the average of each M/ SE; and the R to be the average of all of the

R]’Z
1 n
MSE = — ) ~ MSE; (6.3)
n =
R— i R (6.4)
P .

, where n is the number of data samples. The performance of the ANN can be evaluated through
this process.

6.1.2.2 Post-processing procedure

After obtaining the results from the application of the ANN, a post-processing procedure is
applied to increase the model prediction capabilities. This procedure includes:

1. Forcing negative predictions to zero
2. Zeroing predictions before the yard opening date and after the yard closing date

3. Zeroing predictions on holidays and Sundays. The quantities of containers predicted
on holidays and Sundays are distributed equally on the days allowed within the interval
YO,YC|
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4. Normalization process according to the total planned container number

6.1.3 Heuristic predictive model

The results of the predictive model are then compared with those obtained from a heuristic model,
which is described below. The heuristic procedure is defined through the steps presented in
Algorithm

Algorithm 1 Container prediction Algorithm

Require: Take the ¢-th ship.

1: Set to zero the number of containers related to Sunday and holiday days.

2: Take the k-th time interval [T'], T'ul; ;, which is the time interval between two holidays in-
side the [Y'O,Y C);, where k = 1,..M and M is the number of [T'l, T'u);; intervals inside
YO,YC].

3: Compute the mean and variance of the interval as

(Tui,k — Tl%k)

ik = 5

U’Zk‘ = |Tu17k — Tl%k|

4: Approximate the containers in days, inside the [T, T'u]; ;,, with a Gaussian distribution func-
tion having the above mean and variance.

5: Normalize the number of containers in [Y'O, Y C]; relative to the total planned number of
containers for ship .

6: Steps 2-4 are repeated for each k-th interval time.

Fig shows the distribution of containers in the [Y O, Y C],,4, for the i-th ship. It illustrates
the [YO, Y (], interval, starting from YO until Y'C as indicated in the graph, and the [T'], T'u}; 4
time intervals between two vacations inside the [Y'O, Y C/;.
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6.1.4 Export data description

The dataset considered in this study covers the period from January 2021 to July 2023. The
data related to the number of containers were previously normalized in order to account for
business restrictions. The dataset includes only containers that entered the terminal by truck and
subsequently left by vessel, thereby completing an export cycle.

Specific container categories were excluded from the dataset, as they follow different operational
procedures. These include special containers such as those carrying dangerous goods (IMO), out-
of-gauge (OOG) containers, and refrigerated containers. Containers that experienced a change
of voyage (COV) were also excluded. COV containers initially arrive at the terminal for export
on a designated vessel but, due to circumstances such as vessel delays or customs documentation
issues, are eventually exported on another vessel within the same service.

Table [6.1] presents selected characteristics of the input features, including their type, mean value,
standard deviation (SD), and range.

During the data analysis phase, cases deviating from typical operational behavior were iden-
tified. These anomalies introduced additional complexity in detecting consistent patterns and
correlations within the dataset.

One of the key variables influencing truck arrivals is the number of days during which the yard
remains open to receive export containers for a specific vessel. Under standard operating condi-
tions, this period is expected to be seven days. For vessels that are not delayed, the yard opening
period would generally not exceed this duration. However, the analysis revealed instances that
deviated from this assumption.
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For example, even in cases where a vessel was not classified as delayed, the yard opening period
was observed to be either longer than seven days or significantly shorter. Although these situa-
tions can be justified from an operational perspective, they occur with sufficient frequency that
they cannot simply be treated as outliers and removed from the dataset. Instead, the objective is
to demonstrate that the proposed methodology is capable of reliably predicting such scenarios as
well.

From an operational standpoint, several factors may explain these deviations. If the first vessel in
a service experiences a delay, its yard opening period is extended accordingly. The subsequent
vessel in the same service, even if arriving on schedule, may berth immediately after the delayed
vessel and therefore have a substantially reduced yard opening period for export containers.
According to contractual agreements, the terminal accepts export containers for only one vessel
per service at a time. Consequently, situations arise in which the second vessel’s yard opening
period is considerably shorter than seven days.

In other cases, a vessel may arrive within its contractual time window, measured in hours, but
during the following week. This may occur when the subsequent vessel in the service is also
delayed. Although the vessel is contractually considered “on time,” the yard opening period may
still exceed seven days. In such circumstances, the vessel is classified as not delayed, despite the
extended yard availability period.

Table 6.1: Input features for the export container prediction model

Feature Type Mean SD Range

Ti1 Categorical - - [1, 13]

T Binary - - {0, 1}

T3 Binary - - {0, 1}
xi4(hours) Numerical 56.1225 73.3671 [-619.68, 768.24]
z;5(days)  Numerical 8.6681  4.1222 [2, 31]

Ti6 Categorical - - [2021, 2023]

Ti7 Categorical - - [1,12]

T8 Numerical - - -

Tig 1O T;39 Binary - - {0, 1}
Ziq0 to x;70  Categorical - - [0, 7]

The overall dataset is composed of 928 ships from 13 distinct services that arrived at the PSA
GP terminal during the specified period. Table presents some statistics for each service,
including the total number of ships, the count of delayed arrivals, the years in which ships from
each service arrived, and the average length of the ships. 39.44% of the ships arrived in 2021,
35.67% of them during 2022 and 24.89% during the current year. 72.6% of the them where
delayed, meanwhile the other part respected their time window.
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Table 6.2: Statistics for each service (export containers)

Service Ships Delayed  Years Of Ops Avg. Length

xip =1 24 20 2021 263.5
Ty =2 84 65 2021, 2022, 2023 367.4
Ti1 =3 23 13 2021 367.2
ri1 =4 3 3 2021 367.6
Ti1 =09 38 28 2022, 2023 196.1
i1 =06 97 78 2021, 2022, 2023 363.6
T =17 97 63 2021, 2022, 2023 365.5
ri =8 107 84 2021, 2022, 2023 301.2
xi1 =9 90 54 2021, 2022 273.5

x;1 =10 103 78 2021, 2022, 2023 332.7
ri =11 121 80 2021, 2022, 2023 155.8
i =12 27 16 2023 304.1
ri =13 114 92 2021, 2022, 2023 318.9

6.1.5 Export prediction results

After implementing both the predictive model and the heuristic algorithm, the results of the
two methodologies are obtained. From the prediction model based on the application of the
neural network, the results show an average R index of 0.8304 € [—0.1027,0.9988] and an
average M SFE of 0.0022 € [1.7848 - 107°,0.0448]. In the case of the heuristic algorithm, the
results show an average R index of 0.6083 € [0.0715,0.9948] and an average M SE of 0.0045
€ [1.0819 - 107*,0.0312].

In 83.08% of the cases the model based on ANN predicts the arrival curve of the containers with
an index R greater then 0.7. Meanwhile for 67.13% of the cases the value of R is greater than
the average. For 68.32% of the cases the M SE value is less or equal than the average one. In
the case of the heuristic algorithm only in the 54.3% of the cases the index R is greater then 0.7.
Meanwhile for 51.72% of the cases the value of 1R is greater than the average. For 60.02% of the
cases the M SF value is less or equal than the average one.

Given that the LOOCV methodology is employed as part of the predictive model, it allows to
inspect the ANN results for each sample used for testing in the dataset, enabling the identification
of cases where the results are not satisfactory. In 16.92% of the cases, where R < 0.70, 75.8%
of them feature an interval [Y O, Y C| greater than 7. And, in 32.87% of the cases where R is less
than the average, 68.52% of them feature an interval [Y' O, Y (] greater than 7. A large interval
can lead to a distribution that changes significantly from the others, making it challenging to
predict this curve with high accuracy. In the subset with an interval length [Y O, Y C] less than
7, corresponding to 50 cases, 68% of them have a total planned containers very inferior to the
others, while the the average number of planned containers across all cases is approximately four
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times larger. Only 16% of the total cases have such a small number of containers, and 55% of
them are part of the group with not good results in terms of R. This small number of containers
can limit the neural network’s ability to produce good results. It is important to note also that, the
average M SE and R for each dataset used for training, are very similar to the average M S E and
R of testing, indicating that the prediction model isn’t overfitting and is generalizing well. The
graphs below illustrate the results of both the ANN and the heuristic approach for three cases in
the dataset.

Fig. [6.6] shows one of the examples where the predictive model based on ANN effectively pre-
dicted the curve of containers with an M SFE of 0.0003 and an R index of 0.9766. Meanwhile
the heuristic approach results for the same case, indicate an M .SE of 0.0018 and an R of 0.8386,
values that show a performance inferior to that of the ANN. Regarding the features of this case,
we are dealing with a ship that was delayed and had an interval [Y' O, Y C] of 6 days. In Fig.
it is shown a case when the ANN performed less effectively with an M SE of 0.001 and R of
0.84. The the analog graph for the heuristic case shows an M SFE of 0.0024 and R of 0.5622. In
this case, the ship experienced a delay, resulting in a [YO, Y C] interval of 14 days. This long
number of days, results in a more complex curve of container arrival making it more difficult for
the ANN to predict it with high accuracy.

Table [6.3] summarizes the results obtained using the ANN and heuristic approaches.

Table 6.3: Comparison of ANN and Heuristic results

ANN Heuristic
Training | Testing | Testing +
Post Proce-
dure
Average MSE | 0.0192 | 0.0192 | 0.0022 0.0045
Average R 0.7926 | 0.7925 | 0.8304 0.6083
Real vs. ANN Predicted Values Real vs. Heuristic Predicted Values
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Real vs. ANN Predicted Values Real vs. Heuristic Predicted Values
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Figure 6.7: Actual vs. ANN and Heuristic predicted container arrival curve (Ship 183)

6.2 Prediction of import containers via truck

Similarly to the previous section, this section focuses on the prediction of import containers
transported by truck and presents the data and results associated with the proposed methodology.
It starts with a brief overview of the process, followed by a detailed description of the predictive
model and the dataset employed. The section concludes with a discussion of the obtained results.

6.2.1 Brief reminder of the import process

As in the case of container export, a brief overview of the container import process is presented.
This process starts with the discharge of containers from the vessel (Fig. and ends with their
collection by trucks at the terminal (Fig. [6.9).

Vessel discharge operations begin with the unloading of containers from the vessel by the QC.
Each container is lifted from the ship and placed onto a PM, which transports it from the quay to
the yard.

Once in the yard, the container is discharged from the PM and stacked within the designated
import block. For full import containers, this operation is carried out by RTGs, which retrieve
the container from the PM and position it within the stack. Empty containers, on the other hand,
are not handled by RTGs but are instead managed in dedicated areas served by RS.

After an import block has been fully populated, it is opened to external truck arrivals. Trucks en-
tering the terminal access the import areas to collect containers. In this phase, the RTG retrieves
the container from the import block and loads it directly onto the truck, thereby completing the
container import cycle.
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6.2.2 Artificial neural network predictive model

For the prediction of import containers, a neural network architecture similar to that adopted for
the export case is employed, with some differences in the definition of the main input features, as
described below. In this case, the target variable corresponds to the number of TEUs rather than
the number of container units, as considered in the export prediction. This choice does not alter
the structure of the dataset; it is motivated solely by the availability of import data expressed in
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TEUs.

The input features are defined for each ship, with the objective of predicting the number of TEUs
associated with a specific ship and subsequently leaving the terminal by truck.

The dataset used for training the ANN is structured in an input matrix denoted by x, whose
elements are x;;, withk = 1,..., K and? = 1,..., N, where K represents the total number of
features (equal to 23 in this study) and N denotes the number of observations.

All input features are related to quay operations and are described as follows:

» Service code — x;1: A service refers to the regular rotation of a group of ships, typically op-
erating on a weekly basis. Each week, one ship from a given service is scheduled to arrive
at the terminal within a predefined time window. Services differ in terms of transported
TEU volumes, scheduled arrival times, and adherence to those schedules.

* Delay — x;5:

1 if the i-th ship is delayed
T2 —
? 0 otherwise

Ships do not always arrive within their contractual time window. When this occurs, op-
erations are postponed, which may influence the timing of truck arrivals for import TEU
pick-up.

* Delay cause — x;3:

1 if the delay is caused by the ship
Lig = .
’ 0 otherwise

Delays may originate either from the ship itself or from terminal operational constraints
that prevent the ship from being handled on time. These two situations have different
operational implications.

* Delay amount — x;4: The magnitude of the delay, expressed in hours, defined as the differ-
ence between the actual arrival time and the scheduled arrival time of the ship.

* Year — x;5: The calendar year of the ship’s arrival.
* Month — x;s: The calendar month of the ship’s arrival.

* Planned TEUs — x;7: The planned number of TEUs expected to arrive with the specific
ship and to be subsequently collected from the terminal by trucks.
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* Holiday indicators — x;3s—x;15: For each day within the Free Interval (FI), starting from the
Import Container Ready Date (ICRD), a binary variable is included in the input matrix.
The variable is set equal to O if the day is a holiday or Sunday, and 1 otherwise. The FI
typically spans seven days from the ICRD, during which import containers may remain in
the terminal without incurring storage charges. After this period, storage fees apply.

* Day-of-week indicators — x;16—x;23: For each day within the FI, an additional variable
is included indicating the day of the week, taking integer values from 1 to 7, where 1
corresponds to Monday.

As for the output matrix, for each vessel, it contains the number of TEUs imported for each day
of FI. Meanwhile, the last day, respectively the ninth day, contains the sum of all the TEUs being
imported after the FI is finished. The output matrix for the ANN is denoted by o, whose com-
ponents are 0;,, with  p=1,..,P,and ¢=1,..,N, where P = 9 is the number of features
across [V observations.

Similarly to the export case, the LOOCV technique is employed for training and validating the
prediction model. In addition, a post-processing procedure, analogous to the one applied in
the export case, is proposed to further refine the ANN results. The algorithm describing this
procedure is presented in the following subsection.

6.2.2.1 Post-processing procedure

In order to improve the outcomes of the neural network, a post-processing (PP) algorithm is
proposed, as shown in Algorithm [2] in which:

v indicates the vessel (ship).

* srepresents the sum of TEUs inaccurately predicted during holidays or Sundays by ANN.

F'I, denotes the free interval associated with vessel v.

* nr indicates the number of days within F'[,, that are either holidays or Sundays.

d refers to the days within F'],,.

T EU, indicates the number of TEUs predicted by the model in each day d.

T EU, referes to the total TEUs predicted to arrive after F'],,.
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Algorithm 2 Post-Processing Algorithm

1: for each vessel v do

2 s+ 0

3: nr <0

4: ford € FI, do

5: if TEU,; < 0 then

6: TEU; < 0

7: end if

8: if d is a holiday or d is a Sunday then
9: s« s+ TEU,

10: nr<nr+1

11: TEU; < 0

12: else

13: TEUd — TEUd

14: end if

15: end for

16: for d € FI,do

17: if d is not a holiday or d is not a Sunday then
18: TEUd < TEUd + m

19: end if

20: end for
21: if TEUy < 0 then

22: TEUy <0

23: end if

24: Normalize the values in each day according to the total planned number
25: end for

6.2.3 Import data description

The dataset includes information on trucks arriving to collect containers that were previously
discharged from ships, covering the period from January 2021 to July 2023. In total, the dataset
comprises records for 901 ships operating across 13 different services.

Table [6.4] presents selected characteristics of the input features, including their type, mean value,
standard deviation, and range. In addition, Table @] reports service-level statistics, such as the
total number of ships per service, the number of delayed ships, the years during which each
service was active within the study period, and the average ship length.

A preliminary analysis was conducted to examine the main characteristics of the dataset. As
observed, Services 1, 5, and 11 are associated with smaller ships, which consequently results
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in lower TEU transport capacity. With regard to delays, approximately 74% of the ships in the
dataset experienced a delay. It should be noted that the study period overlaps with the COVID-19
pandemic, which had a significant impact on maritime logistics and contributed to the elevated
proportion of delayed ships.

On average, 20% of the TEUs were collected outside the Free Interval (FI).

The data related to the planned number of TEUs for each vessel is not presented due to privacy
restrictions from the terminal.

Table 6.4: Input features for the import container prediction model

Feature Type Mean SD Range

T Categorical - - [1, 13]
Tio Binary - - {0, 1}
T Binary - - {0, 1}

xi4(hours) Numerical 59.39 70.58 [-149.76, 768.24]
;5 Categorical - - [2021, 2023]
Ti6 Categorical - - [1,12]
Ti7 Numerical - - -

T t0 fi1s Binary - - {0, 1}

Zi16 to fio3 Categorical - [1, 7]

Table 6.5: Statistics for each service (import containers)

Service Vessels Delayed  Years Of Ops Avg. Length

xip =1 26 22 2021 263.5
Ti1 = 2 87 68 2021, 2022, 2023 367.4
Tip = 10 6 2021 365.6
Tip = 15 14 2021 367.8
Tip = 18 15 2022, 2023 204.6
i1 =06 97 78 2021, 2022, 2023 317.9
Tip = 97 63 2021, 2022, 2023 363.5
Tip = 108 86 2021, 2022, 2023 365.8
Tip = 87 51 2021, 2022 301.4
i1 = 10 104 81 2021, 2022, 2023 333.2
xi =11 118 78 2021, 2022, 2023 156.6
Ty =12 24 16 2023 373.8
Ty =13 110 87 2021, 2022, 2023 314.6
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6.2.4 Import prediction results

Initially, the neural network was trained using the complete dataset of 901 ships, applying the
LOOCYV technique. The testing results corresponding to observations belonging to the same
service were grouped, and the average MSE and average correlation coefficient R were calculated
for each service.

Subsequently, the dataset was partitioned according to service, resulting in 13 separate subsets.
The LOOCYV procedure was then applied independently to each subset, and the corresponding
average MSE and R values were computed. For each service, the results obtained from training
on service-specific data were compared with those derived from training on the entire dataset.

For three services, improved performance was observed when the model was trained exclusively
on observations associated with those services. In contrast, for the remaining services, the results
in terms of MSE and R were slightly inferior compared to the model trained on the full dataset.
An examination of the characteristics of these three services revealed that they differed in the
planned number of import TEUs discharged, indicating that they correspond to smaller services,
as discussed in the previous section.

Given their similarity in scale and operational characteristics, these three services were subse-
quently grouped together and used to train a unified model, thereby forming a larger and more
representative dataset. Ultimately, two separate datasets were defined, categorized according to
the planned number of TEUs to be transported.

Table 6.6: Predictive model results

Dataset 1 Dataset 1 (OF) Dataset 2
R MSE R MSE R MSE
Train 0.7709 | 2.3244 | 0.7680 | 0.0257 | 0.7298 | 0.1375
Test 0.7714 | 3.3765 | 0.7618 | 0.0281 | 0.7330 | 0.2141
Test + PP | 0.7850 | 0.0060 | 0.7779 | 0.0051 | 0.7495 | 0.0103

Dataset 1 is the largest, including data from 10 services, while Dataset 2 is created using data
from the three excluded services. The results of training, testing, and the outcomes after applying
the Post-Processing procedure are presented in Table [6.6] It is essential to note that the MSE is
calculated for the normalized values of TEUs, with values for each day divided by the total
planned TEUs for the vessel.

For Dataset 1, a considerable MSE is observed in both training and testing. Further investigation
revealed that among the 739 cases used for testing, only 22 cases contributed to this high MSE.
Upon reviewing these cases, it was identified that the total number of planned TEUs for these
observations was less than 2% of the average planned number of TEUs for the entire Dataset
1. These observations can be considered anomalies in the dataset, as they do not align even
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with the typical terminal operation perspective. Consequently, it was decided to exclude these
22 observations from the model, creating the Dataset 1 Outlier-Free (OF). The results of testing
before and after the post-processing, with the exclusion of the 22 observations, are presented in
Table[6.6] and they exhibit a clear improvement in terms of MSE.

For Dataset 1 (OF) the results of the predictive methodology show an average R index of 0.7779,
where R € [—0.3196, 0.9938] and an average MSE of 0.0051, where MSE € [1.3343-107%,0.0742].
Approximately 68.36% of the outcomes exhibit a higher value of R compared to the average,
while approximately 71.69% of the results demonstrate a lower MSE value compared to the av-
erage. Meanwhile, in 62.76% of the cases, both a higher R value and a lower MSE value are
observed compared to their respective averages. 37.52% of the cases have a value of R higher
than 0.9.

Figs. [6.10a) and [6.10Db| present two examples: one showcasing a very good performance of the
predictive model, and the other where the values of R and MSE are close to the average.

Actual vs. Predicted TEU Values Actual vs. Predicted TEU Values
R =0.9815, MSE = 0.0002 R =0.7733, MSE = 0.0044
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Figure 6.10: Actual vs. ANN predicted TEU arrival curves for Dataset 1 (OF)

In the case of Dataset 2, we applied the same approach. However, we could not identify a clear
reason for the cases where the results were not as good. It is important to note that the smaller
training set in this context makes it challenging for the ANN to capture the complexity of the
underlying data relationships effectively. The results show an average R index of 0.7495, where
R € [-0.2753,0.9957] and an average MSE of 0.0103, where MSE € [4.0564 - 10~%,0.1111].
In 62.96% of the cases, the R value surpasses the average, while in 65.43% of the cases, the
MSE is lower than the average. Only 51.8% of the cases have better values for both R and MSE
compared to the averages. In 42.59% of the cases the value of R is higher than 0.9. In Figs.
and two examples from the second dataset are shown. In one, the ANN had a good result,
and in the other, an average one.

As for the efficiency of the algorithm, it varies significantly depending on the dataset. For the
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largest dataset (Dataset 1), the algorithm takes approximately 4.5 minutes to execute. In contrast,
for the smaller dataset (Dataset 2), the execution time is less than one minute.

Actual vs. Predicted TEU Values Actual vs. Predicted TEU Values
; R = 0.9638, MSE = 0.0004 ; R = 0.7495, MSE = 0.0100

. : : : . . . : : s . .

09 Aclugl Values } 09l Actu‘fal Values }

o Predicted Values | ® Predicted Values |

S — — — - Last Free Day | =1 — — — -Last Free Day |

z 08 © Al Actual TEUs after FI ! T 08| @ AlActual TEUs after FI !

> @  All Predicted TEUs after FI | > @  All Predicted TEUs after FI |
o 07 B 0.7

2 l 2 l

(_CU 06 } E 0.6 }

205t ! o5t !

=i | g l

S04l ! 2o04r !

2 os| b 2 o0sf ‘

3o } g o3 }

a 02F } g a 0.2 }

= I = I

0.1 | 1 0.1, |

0 L L L L L | 0 L L L L
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9
Day Day
(a) Highly accurate performance (b) Average performance

Figure 6.11: Actual vs. ANN predicted TEU arrival curves for Dataset 2

Table 6.7: A comparison with the Random Forest method

ANN Random Forest
R MSE R MSE

Test 0.7618 | 0.0281 | 0.6309 | 0.0075
Test + PP | 0.7779 | 0.0051 | 0.4907 | 0.0088

To compare the results and assess the efficiency of the proposed methodology, the Random Forest
method was also applied using the TreeBagger function in MATLAB. The results presented in
Table correspond to the test and test plus PP phases for Dataset 1 (OF). As shown, the only
advantage of the Random Forest method is its lower MSE during the test phase. However, when
PP is applied, the MSE of the Random Forest method increases, resulting in poorer performance
compared to the ANN.

Related publications. Parts of the work presented in this chapter have been published in [[116]].
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Chapter 7

Truck Operations Optimization

This chapter focuses on the use of the predictions obtained in the previous chapter as inputs
for the development of optimization models aimed at reducing congestion in specific areas of
the terminal, as well as minimizing emissions. The chapter is divided into two main sections:
congestion reduction and emission reduction, in which the corresponding mathematical models
and results are presented.

7.1 Optimization of truck arrival patterns to reduce conges-
tion

The prediction of container arrivals and container pick-ups via truck, described in the previous
chapter, provides valuable decision-support information for terminal planners. In particular, it
enables yard planners to anticipate potential peaks in yard occupancy and identify periods of
critical congestion. Beyond its descriptive and forecasting value, this predictive framework also
serves as the foundation for the optimization model developed in this chapter, which aims to
mitigate congestion caused by concentrated truck arrivals within the terminal.

Based on the predicted number of import containers to be picked up on each day, the corre-
sponding number of trucks required to perform these movements is estimated. This calculation
accounts for operational characteristics such as the average proportion of trucks transporting a
single container versus those transporting two containers. In this way, container flow predictions
are translated into expected truck arrival flows, which constitute the main input to the optimiza-
tion scheme.

The motivation behind the proposed optimization framework arises from the operational dy-
namics of high-volume container terminals. Large vessel calls generate substantial container
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discharge volumes, which in turn create intense demand for truck pick-ups within specific Free
Interval (FI) periods, as defined in the previous chapter. This concentration of truck arrivals
during limited time windows often leads to high utilization of terminal areas and may induce
congestion both at the gate and within yard operating zones.

To address this issue, a planning scheme for managing truck arrivals is proposed. The concept is
inspired by Truck Appointment Systems (TAS), in the sense that it assumes the terminal operator
has some degree of influence over the timing of truck arrivals. However, unlike conventional TAS
implementations that aim to strictly allocate all truck visits to predefined time slots, the proposed
approach does not seek to fully control or prescribe every truck movement. Instead, it focuses on
selectively redistributing a portion of truck arrivals in order to smooth peaks, reduce congestion,
and improve the overall balance of terminal workload.

For the implementation of the model, a specific month of predicted container pick-up data is
selected as input. The optimization framework is structured in two sequential stages. The first
stage addresses the redistribution of truck arrivals across days, aiming to balance daily workload
levels. The second stage refines this allocation by distributing truck arrivals within each day
across hourly time intervals. The detailed formulation of these two schemes is presented in the
following subsections.

7.1.1 First phase of the optimization scheme: redistribution in days

The first phase of the optimization framework is aimed at preventing excessive daily peaks of
truck arrivals within the selected planning horizon. The physical capacity and the available
handling resources in each terminal area allow the definition of a threshold value, representing
the maximum number of trucks that can be accommodated in that area within a single day. Since
these capacity thresholds are defined separately for each terminal area, and each truck movement
is associated with a specific destination area, the optimization model is formulated and solved
independently for each area a, where @ = 1, ..., A, and A denotes the total number of terminal
areas considered in the analysis.

V' vessels discharging containers assigned to the area under examination are considered. This
information is generally available to terminal management in advance, as container positioning
across terminal areas is planned prior to vessel arrival. Given a planning horizon of D days, the
parameters included in the formulation of the first-stage optimization problem, solved for each
area a, are defined as follows:

e bF1 v = 1,...,V refers to the beginning of the free interval corresponding to vessel v,
which indicates the first day on which trucks are allowed to reach the terminal to pick up
import containers arrived with vessel v. Trucks aiming to pick up containers discharged
from vessel v cannot reach the terminal before the bF! date.
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o i v =1,...,V refers to the end of the free interval corresponding to vessel v, indicating
the final day of the interval during which trucks can pick up containers discharged from
vessel v without incurring fees.

* ppa,v =1,...,V.d = 1,..., D is the predicted number of trucks expected at day d for
vessel v picking-up containers from the considered area.

The predicted number of trucks assigned to a specific area on a given day is derived from
two sources. First, the prediction methodology provides an estimate of the total number of
trucks expected on that day. Second, operational information available from the terminal
specifies the storage areas and the corresponding percentages of containers, associated with
vessels belonging to a given service, that are allocated to each area.

* D,y is the set of days when the terminal is closed for trucks and, then, trucks cannot visit
it. This includes Sundays and holidays.

* Tz 18 the maximum number of trucks that can arrive at the considered area in day d
without causing congestion. 7;,,,, is computed as

Tnae = TTmax X H

where 17,4, 1S the maximum number of trucks allowed in one hour, and H is the number
of hours in which trucks can arrive in one day. As already mentioned 7'7,,,, depends on
the available space and handling resources present in the area.

Then, the problem is formulated as the redistribution of truck arrivals across the days of the
planning horizon in order to minimize the occurrences in which the predefined threshold value
Tnae 18 exceeded. The decision variables included in the optimization model are defined as
follows.

. t;fd,v =1,...,.V,d=1,..., D,tq‘:d € R, is the number of trucks added to the normal
planning in day d for vessel v.

ct,pv=1...Vid=1,...,D,t ;€ R* is the number of trucks deducted to the normal
planning in day d for vessel v.

* tya,v=1,....,Vid=1,...,D,t,q € RT is the resulting number of trucks for vessel v in
day d.

The statement of the optimization problem follows:
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Problem 1

D \%4
min ) max (Z tvd — Tonaes o) (7.1)
d=1 v=1

subject to

tod = Do+t =t v=1,.V d=1,.,D (7.2)

D D
D ta=) Pua v=1,.V (7.3)

d=1 d=1

\%4 |4
> t,4 < max (va,d - Tmam,0> d=1,..D (7.4)

v=1 v=1
t;d:t;dzo U:17...,‘/:dE,D0ff (7.5)
thy=t,y=0 wv=1,...,V.d<b) (7.6)
thy=t,yg=0 wv=1,...V.d>e} (7.7)

The objective function minimizes the total number of trucks exceeding the threshold value 7,

Constraints determine the number of trucks assigned to the area for the pick-up of containers
associated with vessel v on day d. Constraints guarantee the conservation of the total
number of trucks for each vessel after the redistribution process. Constraints impose that
the maximum reduction in the number of trucks assigned to the area on day d cannot exceed
the number of trucks that surpass the threshold in the absence of redistribution. This condition
ensures that only the minimum necessary modifications are applied to the predicted truck arrivals.
Finally, constraints (7.3)), (7.6), and ensure that truck arrivals are not reassigned to days
when the terminal is closed or to days outside the admissible time interval [bf", ef'!] defined for
each vessel v.

Problem [1|is further simplified by linearizing the cost function, as in the following formulation.

Problem 2 5
min » ~ Cy (7.8)
subject to (1.2), (7.3), (7.4), (7.3), (7.6), (7.7), ;;;
Cy> sztmd — Thas d=1,..D (7.9)
v=1
Cy>0 d=1,..D (7.10)
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7.1.2 Second phase of the optimization scheme: redistribution along hours
of the day

The second phase of the optimization framework is also formulated separately for each terminal
area, since the areas can be treated as operationally independent. Starting from the optimized
daily distribution of trucks, which guarantees the minimum feasible deviation with respect to
the daily threshold, a further optimization problem is defined for each area a and each day d.
This second phase is required because truck arrivals within a day are not uniformly distributed
across hours and are not directly controlled by terminal management. Consequently, even if daily
thresholds are satisfied, hourly peaks may still occur, potentially exceeding the hourly capacity
of the area and generating congestion.

Therefore, the objective of this phase is to optimize the intra-day distribution of predicted truck
arrivals across hourly time intervals in order to prevent violations of the hourly threshold 77,4,
The optimization problem is thus formulated and solved independently for each combination of
day d and area a.

In this phase, the total number of trucks assigned to area a on day d, originating from all vessels
v, 1s aggregated. These daily totals are then distributed across the hours of the day according to
the recurrent historical pattern of truck arrivals observed for the considered area.

The parameters included in the formulation of this optimization problem are defined as follows:

* pp,h = 1,..., H is the predicted number of trucks expected at hour A in the considered
area. The total number in one day is the output of the first phase of the optimization
scheme. For the distribution across hours, an average curve of truck arrivals is selected for
each service. This curve represents the distribution of truck arrivals throughout the H-hour
period.

* T'rmae represents the threshold for trucks, indicating the maximum allowable number of
trucks that can arrive in the area during one hour without resulting in congestion.

The decision variables included in the optimization problem are the following.

e t; ,h=1,...,H € R, is the number of trucks added to the normal planning in hour A.
* ., ,h=1,..., H € R is the number of trucks deducted to the normal planning in hour h.

e tp,h=1,..., H € RT is the resulting number of trucks for hour h.

The statement of the optimization problem follows:
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Problem 3

H
min » max (¢, — Tmaa, 0) (7.11)
h=1
subject to
th=pn+t5 —t, h=1,.,.H (7.12)
H H
Doth=) (7.13)
h=1 h=1
ty <max (ph — TTmaz,0)  h=1,., H (7.14)

The objective function in Problem [3| minimizes the total number of trucks exceeding the hourly
threshold 17,42

Constraints (7.12) determine the number of trucks arriving at the terminal for container pick-up
during hour h. Constraints (7.13)) guarantee the conservation of the total daily number of trucks
after the redistribution process.

Constraints impose that the maximum reduction in the number of trucks assigned to hour
h cannot exceed the number of trucks that surpass the threshold in the absence of redistribution.
This condition ensures that the redistribution introduces only the minimum necessary adjust-
ments to the predicted hourly arrivals.

Problem [3]is subsequently simplified through linearization of the objective function, leading to
the following equivalent formulation.

Problem 4 "
min » ~ K, (7.15)
h=1
subject to ((1.12), (7.13), (7.14), and
Ky >ty — Trmae h=1,., H (7.16)
K;, >0 h=1 .. H (7.17)

7.1.3 Results of the optimization schemes

The analysis of the proposed optimization framework focuses on the month of May 2023. For this
period, daily predictions are considered for each individual vessel, as described in the previous
chapter. Since the forecasting methodology provides estimates on a per-vessel and per-day basis,
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the total number of containers discharged by all vessels calling during May is aggregated. Based
on these container volumes, the corresponding number of trucks required for pick-up operations
is derived.

As a result, predictions are obtained for the number of trucks expected to reach the terminal
within the FIs of the vessels calling during May 2023. The one-month planning horizon is
therefore represented by a matrix in which each row corresponds to the predicted number of
trucks assigned to container pick-up operations for each day of the month. For days falling
outside the FI of a specific vessel, the associated number of trucks is set equal to zero.

In port terminal operations, specific yard areas are typically assigned to handle import containers
from different services. This allocation is generally determined by operational considerations
such as container volumes, vessel size, or service characteristics. In cases where multiple ser-
vices allocate import containers to the same yard area, the predicted truck arrivals for that area
are computed by aggregating the daily contributions associated with each relevant service.

It should be noted that, although the structural layout of the PSA GP terminal is adopted as
reference for the areas considered in this study, minor modifications have been introduced for
confidentiality reasons and to facilitate the presentation of results. These adjustments concern
the allocation of services to yard areas and the corresponding percentage shares of containers
assigned to each service.

Within the previously described optimization framework, two key parameters are the daily and
hourly capacity thresholds for truck arrivals in a given area, denoted by 7,,,, and 17,4, respec-
tively. The evaluation of these parameters depends on the operational configuration of the area
under consideration. As an illustrative example, an area operated by Rubber Tyred Gantry (RTG)
cranes, where containers are transferred from their storage slots to trucks, is considered.
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Figure 7.1: Container positioning and repositioning moves

Fig. [7.1]illustrates the front view of a container bay. The numbers indicated on each container
denote the repositioning moves required by the crane to retrieve that container from its storage
slot and load it onto a truck. Slots marked with an ‘X’ represent positions where containers
cannot be stored. These include four slots reserved to facilitate repositioning operations and one
additional slot reserved for safety purposes.

For example, in order to retrieve the container located in the bottom-left position, four prelimi-
nary moves are required to remove the containers stacked above it, followed by one additional
move to extract the target container. Therefore, assuming the container arrangement shown in
Fig. the average number of repositioning moves (RM) performed by the RTG crane to
retrieve a single container is computed as follows:

= ZZRMW - — =17 (7.18)

=1 j=1
where ¢ is the number of tiers, 7 is the number of rows, and RM;; is the number of repositioning
moves necessary at slot ¢, 7. Then, the number of RTG moves necessary to serve one truck is
(1.7 + 1) [moves/truck], where 1 is added for the movement of the desired container.

Furthermore, assuming that the average operational productivity of an RTG during the truck

127



service cycle is equal to 22 moves per hour, the number of trucks that can be served within one
hour by a single RTG can be estimated as
22

Tr=—"~8
W )

Finally, under the assumption that only one RTG operates in the considered area, the parameters
adopted in the optimization framework are set equal to 77,4, = 8 and 1},,,, = 128.

These values are derived from the assumed configuration of handling resources available in the
selected area, which reflects the operational characteristics of certain areas of PSA GP. However,
such parameters can be readily recalculated under different operational conditions, thereby al-
lowing the optimization framework to be tailored to the specific handling processes and resource
configurations of each terminal area.

This section presents the outcomes of the optimization approach. For presentation purposes,
the analysis is focused on a single area, namely area BO2. This area was selected because of
its significance, as it accommodates containers from one of the largest services and is therefore
exposed to a higher risk of congestion.

The results of the first phase of the optimization problem are shown in Figs. and where
it is shown that the first optimization phase effectively redistributes trucks to ensure that the daily

limit is not exceeded.

Truck Flow Before Optimization Truck Flow After Optimization
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(a) Truck flow before redistribution in days (b) Truck flow after redistribution in days

Figure 7.2: Daily truck flow before and after redistribution

Following the successful redistribution of truck flows across days in the first phase, the second
phase focuses on optimizing truck arrivals within each hour of the day, with the objective of
preventing congestion in specific terminal areas caused by excessive hourly peaks. At this stage,
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the optimized daily truck distribution obtained from the first phase for the same area is adopted
as input and further refined by considering a specific day within the planning horizon.

Day 13 is selected as a representative case, to which Figs.[7.3a)and [7.3brefer. The results clearly
indicate that the proposed approach effectively redistributes truck arrivals so that hourly peaks
exceeding the predefined threshold are eliminated. Moreover, the number of adjustments intro-
duced by the optimization remains limited, thereby ensuring minimal disruption to the original
operational pattern.

Truck Flow Before Optimization Truck Flow After Optimization
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(a) Truck flow before redistribution in hours (b) Truck flow after redistribution in hours

Figure 7.3: Hourly truck flow before and after redistribution (Day 13)

A more representative case is provided by day 10, for which the results of the second optimization
phase are shown in Figs.[7.4aland [7.4b] As illustrated in the figures, truck arrivals are effectively
redistributed across the hourly intervals, ensuring that the predefined threshold of 8 trucks per
hour is not exceeded.

It should be emphasized that, prior to the first optimization phase, day 10 was characterized
by a very high predicted number of truck arrivals, significantly exceeding the daily capacity
limit. Consequently, without the preliminary redistribution across days, it would not have been
possible to obtain a feasible solution to the second optimization problem without hourly peaks.
The initial redistribution of truck arrivals across days, whenever feasible, therefore plays a crucial
role in enabling the second optimization phase to achieve a solution in which no hourly threshold
violations occur.
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Figure 7.4: Hourly truck flow before and after redistribution

Overall, these findings underscore the importance of a two-phase optimization approach in ef-
fectively managing truck flows and mitigating congestion risks within specific areas.

7.2 Implementation of emission control strategies

The second motivation for employing the predictions developed in Chapter|[6]is the estimation of
emissions generated within the terminal area.

Emission calculations are performed according to the COPERT methodology described in Sec-
tion4.2] For each considered pollutant, the corresponding emission levels are estimated based
on the predicted truck flows obtained from the forecasting framework.

After computing the emissions associated with a specific pollutant, two alternative mitigation
schemes are developed. The first is based on an algorithmic approach, while the second relies
on an optimization model conceptually similar to the truck redistribution framework previously
introduced for congestion reduction. In this case, however, the objective is not to smooth traffic
peaks in terms of truck volumes, but rather to redistribute truck arrivals in order to reduce peaks
in emissions generated within the terminal area.

7.2.1 Case study

Based on the definition provided in Section 4.2] the total emissions are calculated as shown in
Equation 4.4
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In this case, the emission estimation is based on the predicted number of trucks arriving at the
terminal to deliver export containers. This prediction framework is described in Section[6.1] For
the specific case study, the cumulative predictions for the month of May 2023 are considered.
The input to the emission estimation model corresponds to the truck flow illustrated in Fig.

For completeness, a brief operational overview is recalled here. After gate clearance, trucks
proceed to the designated export area to discharge containers, provided that no congestion is
present. In cases where the assigned area is congested due to high truck volumes, vehicles are
redirected to a buffer zone where they wait until capacity becomes available. Once the area is
ready to receive additional trucks, drivers are informed through a dedicated mobile application
or SMS notification. The containers are then discharged, and the trucks exit the terminal.

It should be emphasized that the waiting time in the buffer area is not sufficient for engine cool-
ing. Similarly, although truck engines are switched off during the unloading operation performed
by the RS, statistical data extracted from the PSA GP database indicate that the average time
spent within the terminal is approximately 25 minutes, which is not long enough to allow the
engine to cool down completely.

Therefore, cold-start emissions (£.;4) are not considered in the emission estimation process.
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Figure 7.5: Actual vs. ANN predicted truck arrival curve for the period taken into consideration
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7.2.2 Factors for emission factor estimation

In this subsection, the main inputs required to compute the hot emission coefficient, as defined in
Equation 4.6} are described. For the calculation of hot emissions, the primary factors considered
and the specific assumptions adopted are outlined below.

* In place of My, it is considered the overall average distance covered by trucks inside the
port area which results to be approximately 5 km.

* The primary objective of this study is to introduce a model for estimating and redistributing
emissions, so only one pollutant, namely CO, is considered. Of course, for other pollutants
the same method can be applied.

* The trucks arriving at PSA GP are articulated 34-40 tonnes Diesel Trucks.

* Since most of the trucks arriving to the terminal are equipped with Euro V engine technol-
ogy, only this technology is considered in the computation of the emissions.

* The emission function parameters provided for Euro V vehicles, depend on their emission
control concept. Since, for European Member States, it is estimated that approximately
75% of Euro V heavy-duty vehicles are equipped with Selective Catalytic Reduction (SCR)
and the rest are equipped with Exhaust Gas Recirculation (EGR), an assumption that we
make is that all the trucks arriving to the terminal are equipped with SCR.

* In terms of trip specifics, a road slope of O is chosen, indicating a perfectly level or flat
road.

* According to the Guidebook, by default, a factor of 50% is considered for a load of heavy-
duty vehicles, so the emission coefficient is computed using a load factor equal to 0.5.

* Regarding speed, we account for an average speed of 30 km /h for trucks operating within
the terminal.

In Table the essential factors for the emission calculation relevant to the case study are
summarized. Taking into account these factors and some specific assumptions, the emission
coefficient has been set equal to EF' = 2.4 g/km.

It is important to note that the proposed methodology is effective for all pollutants for which,
according to the guidebook, the described tier 3 methodology can be used. However, for other
pollutants, the solution is limited by the possibility of obtaining the necessary data required by
the other tiers, such as the amount of fuel consumed. The same discussion applies to other truck
technologies or types; having accurate information about all the different vehicle technologies
and types may increase the accuracy of the work. Meanwhile, evaporative emissions, though
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Table 7.1: Main factors for E F},,; calculation

Characteristic Value
Category Heavy Duty Trucks
Fuel Diesel
Segment (Truck Type) | Articulated 34 - 40 t
Euro Standard Euro V
Technology SCR
Pollutant CO
Road Slope 0
Load 0.5
Avg. Speed 30 [km/h]

important, are not as crucial for calculating the amount of each pollutant; instead, they are sig-
nificant for Volatile Organic Compounds.

The dataset being analyzed consists of the outcomes generated by the predictive methodology,
which specifically pertain to the predicted number of trucks for each time interval [Y O, Y C|;
corresponding to every scheduled ship s arriving in May 2023. The terminal yard is prepared
to accept containers via trucks for a particular ship at least 7 days before its scheduled arrival.
Consequently, the earliest value of Y O,,,;,, occurs in the month of April.

The total emissions are computed as the product of the predicted number of trucks, the distance
traveled within the terminal, and the corresponding emission factor. The following two subsec-
tions present alternative methodologies for the redistribution of truck arrivals with the objective

of mitigating emissions in cases where the estimated levels exceed predefined allowable thresh-
olds.

7.2.3 Redistribution algorithm

The proposed redistribution algorithm incorporates the operational constraints characterizing ter-
minal activities. For instance, trucks delivering export containers for vessel loading are allowed
to access the terminal only within predefined time windows. In addition, practical considerations
are taken into account, as trucking companies are generally reluctant to substantially modify their
schedules. Therefore, the redistribution strategy is designed to introduce only limited adjust-
ments to the original operational plan. The algorithm is developed to redistribute truck-related
emissions over a specified time horizon with the objective of eliminating emission peaks. In par-
ticular, it aims to ensure that the estimated emission levels remain below a predefined threshold.
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Algorithm 3 Emission redistribution algorithm
1: For each s—th ship and days d in the interval [Y O, Y Crroz]
2 Ng < Zde[YO,YC]S Nr(d)rre
3: Eg < Nr(d)p,.* Dx EF
4: for d € [YO,in, Y Criaz) do

5: if £, > E,,,. then

6: dezcess <— d

7 Ediff < Frnae — Eq

: Eaiyy

8: I.diff A (M-EF)

9: end if

10: for s < 1to N do

11: if doyoees € [YO,Y (), then
E €XCeSss

12: Eportion = dE—d ' Ediff
E t

13: Iportion = ( Dpogg)l

14: end if

15: end for

16: end for

17: o> Start redistribution process

18: for s < 1to N do
19: R — [YO, YC]S - [dexceSS7 dholiday]
20: for dieman € R do

21: dist < Hdremain - dexcess”

22: w4 o=

23: NT(d)TrC < Zdedremain Tportion - w
24: end for

25: end for

Then, the redistribution algorithm works in the following way:

* For each ship predicted to arrive in the month M/; (j = 1...12) the trucks predicted to arrive
in the interval [Y' O, Y (|, for each ship s are evaluated

* [YO,Y (] refers to the time interval between yard opening (Y'O) and yard closing (Y C')
dates, indicating the time interval during which trucks are permitted to arrive for exporting
containers for each ship s. Trucks carrying containers to be exported with the specified
ship must respect the constraint that they cannot arrive before the YO date or after the
specified Y'C' date. These constraints are considered in the redistribution algorithm

* YO and Y C,, 4, refer to the minimum and maximum date of all intervals, respectively
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E,,.. refers to the emission threshold that should not be exceeded

Nr(d)ry. refers to the number of trucks predicted in each day d of each [YO, Y (]
D is the average distance covered by the trucks within the terminal

E'F is the emission factor

Ny and E, refer to the total number of trucks and emissions predicted on day d of [Y O,in, Y Criaels
with contributions from trucks for each ship s

dezcess contains the days that exceed the threshold

Eqi¢r and Ty; ¢ 5 refer to the differences in emissions and trucks for the days that exceed the
threshold

Eporiion and Tporion refer to the portion of emissions and trucks in a specific decess that needs

to be distributed in the interval of each ship s that contains deycess

R refers to the interval of remaining days after removing holidays and days with excess
emissions from [Y'O, Y C];

dist refers to the distance in time between each day with exceeding emissions and the
remaining days.

w refers to the weight given to each remaining day in order to distribute the trucks from
dexcess tO the closest remaining days.

The results of the proposed redistribution algorithm are presented below.

Figs. and illustrate the estimated CO emissions derived from the predicted truck ar-
rivals. In the first application of the algorithm, a threshold value of E,,,, = 6800 was adopted.
As shown in Fig. the redistribution process succeeds in maintaining emissions below the
selected threshold in almost all cases, while respecting the operational constraints embedded in
the algorithm. The proportion of trucks subject to redistribution corresponds to approximately
4% of the total truck arrivals.

It should be emphasized that selecting a lower emission threshold may lead to situations in which
no feasible solution exists, provided that all operational constraints are strictly enforced. In
particular, feasibility may be compromised when truck arrivals must remain within the admissible
time windows [Y'O,Y (] and when deviations from the predicted arrival day are required to
remain minimal. In such cases, an iterative approach can be adopted, starting from a relatively
high value of F,,,, and progressively decreasing it at each iteration.

For E,,.. = 6800, a satisfactory solution is obtained in the first iteration of the algorithm. How-
ever, when smaller threshold values are imposed, multiple iterations may be necessary in order
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to achieve an acceptable redistribution. Although the results presented refer to a specific case
study and focus on a single pollutant (CO), the proposed methodology can be applied to differ-
ent operational contexts and extended to any pollutant, provided that the appropriate emission
factor parameters are defined.

It is nevertheless important to underline that any redistribution solution must be considered in
light of its practical acceptability. The willingness of road transport operators to accommodate
schedule modifications decreases as the proportion of redistributed trips increases, which may
limit the practical implementation of more aggressive emission reduction strategies.

As an illustrative example, the results obtained when a lower threshold of F,,,, = 5800 is
adopted are shown in Figs.|/.7H/.§

Fig. reports the outcome after the first iteration of the algorithm. Although emissions are
reduced on days where the threshold was initially exceeded, increases are observed on other
days due to the redistribution mechanism. Subsequent iterations lead to improved results, as
illustrated in Fig. which presents the solution obtained after the sixth iteration (with no
further improvement achieved in the seventh iteration). In this case, approximately 10% of the
total trucks are redistributed.
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Figure 7.6: Exhaust CO Hot Emissions before and after truck redistribution
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Figure 7.7: Exhaust CO Hot Emissions before and after the first iteration of the redistribution
algorithm
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Figure 7.8: Exhaust CO Hot Emissions before and after the sixth iteration of the redistribution
algorithm

Although the results presented refer to a specific case study and focus on a single pollutant, the
proposed methodology is general in nature and can be applied to different operational contexts
and to any pollutant. The only requirement is the appropriate selection of the parameters needed
for the computation of the corresponding emission factors.

It should nevertheless be emphasized that, despite the substantial reduction of emission peaks
achieved by the algorithm, the practical implementation of any redistribution solution depends on
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the acceptance of the road transport operators involved. Such acceptance is expected to decrease
as the proportion of redistributed trips increases, potentially limiting the applicability of more
extensive emission mitigation strategies.

7.2.4 Emission optimization problem

The second approach for emission mitigation is based on an optimization model for truck re-
distribution. In this case, the problem is formulated as the redistribution of truck arrivals across
the days of the planning horizon, with the objective of minimizing the amount of emissions
exceeding the predefined threshold value E,,,.

The decision variables included in the optimization model are defined as follows:

. n:t, s=1,....5t=1,....T, n;ft € R, is the number of trucks added to the normal
planning in day ¢ for ship s.

*ng,s=1,....5t=1,....,T,n,, € R* is the number of trucks deducted to the normal
planning in day ¢ for ship s.

*ngy,s=1,...,5t=1,...,T,ns; € R is the resulting number of trucks for ship s in
day ¢.

The statement of the optimization problem follows.

Problem 5

T S
min » _max (Z Mgt — Naz, 0) (7.19)

t=1 s=1
ns7t:ds7t+n:t—n;t s=1,..,8 t=1,..,T (7.20)

T T
D nee=> du s=1,..,8 (7.21)
t=1 t=1

S S
> ng; < max (Z ds — Nonaa, 0) t=1,.,T (7.22)
s=1 s=1

subject to

ng,=ng, =0 s=1,...,5t €Ty (7.23)
nIt:n;tzo s=1,...,5t < YO, (7.24)
n;t:n;tzo s=1,...,5t>YC, (7.25)



The considered cost function to be minimized is the total number of trucks exceeding the thresh-
old N,,,.. Constraints define the number of trucks reaching the terminal for ship s at day
t. Constraints ensure the conservation of the total number of trucks for each ship after
redistribution. Constraints impose that the maximum decrease in the number of trucks
reaching the terminal at day ¢ is equal to the number of trucks exceeding the threshold without
redistribution. These constraints are useful to impose that the minimum changes are done to the
predicted arrivals. Finally, constraints (7.23)), (7.24) and (7.23) ensure that trucks are not redis-
tributed to days in which the terminal is closed or outside the time interval [Y O, Y C,] for each
ship s.

Problem [3]is further simplified by linearizing the cost function, as in the following formulation.

Problem 6 .
min » (7.26)
t=1
subject to (1.20), (7.21), (7.22), (7.23), (7.24)), (7.23)), and
s
Cr > Nyt — Npa t=1,.T (7.27)
s=1
Cy>0 t=1,..,T (7.28)

The results of the truck redistribution obtained by solving Problem [0] are here reported. Fig.
displays the CO emissions resulting from the predicted number of trucks arriving during the
considered time period.

At first, a threshold emission level of approximately 6500, specifically Ep,x = 6492, has been
selected. As shown in Fig. an optimal solution is found for the optimization problem, and
following the redistribution of trucks while respecting all constraints, the emission levels do not
exceed the threshold E,, on all days. The redistributed trucks account for 5.674% of the total
number of trucks.
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(a) Exhaust CO Hot Emissions before truck redis-
tribution (E,,q: = 6492)
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Figure 7.9: Exhaust CO Hot Emissions before and after optimization-based truck redistribution
(Emax = 6492)
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Figure 7.10: Exhaust CO Hot Emissions before and after optimization-based truck redistribution
(Faz = H172)

Meanwhile, Figs. [7.10a and [7.10b| show the predicted emissions, with a lower threshold, and the
results after optimization. The threshold £, in this instance is set to 5172, the lowest value for
which an optimal solution is attainable (for lower thresholds, achieving an optimal solution that
satisfies all constraints can become unfeasible). Approximately 16.156% of the total trucks have
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been redistributed. The figures illustrate a notable reduction in emission peaks, indicating the
feasibility of the problem.

It can be observed that the optimization-based formulation provides a more structured and sys-
tematic approach to addressing the emission mitigation problem. In addition, it is capable of
identifying an optimal solution within a very short computational time. Both methodologies
have been implemented in the MATLAB environment.

Related publications. The work presented in this chapter has been published in the following
papers: [[117], [118] and [119].
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Chapter 8

Rail Operation Optimization

As previously stated in this thesis, one of the key subsystems under investigation is the rail sub-
system, which represents a fundamental component of the PSA Genova Pra’ (PSA GP) terminal.
The research activities conducted in this context focus on two main aspects: the optimization of
the rail discharge process and the evaluation of the overall capacity of the rail yard.

An overview of the adopted methodology is provided below, while a detailed description is pre-
sented in the following sections.

The framework illustrated in Fig. describes the approach developed to address the first
research objective related to the rail subsystem, namely the optimization of operational pro-
cesses within the rail yard. The procedure begins with the extraction of relevant operational
data from the company’s data warehouse through structured SQL queries, specifically targeting
train-related information. Based on the collected data, and with the objective of improving the
efficiency of the train discharge process, a scheduling optimization problem is formulated.

The scheduling problem is addressed using two complementary solution approaches. First, a
mathematical programming formulation is developed to obtain optimal discharge schedules.
However, due to its computational complexity, this exact approach is applicable only to small
problem instances. For larger and more realistic instances, a heuristic solution model is there-
fore proposed. The heuristic approach is capable of generating near-optimal discharge schedules
within reasonable computational times, making it suitable for practical application.
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Figure 8.1: Conceptual framework of the research for rail discharge optimization

8.1 Optimized scheduling of train discharge

The rail area of the terminal consists of two rail parks, each equipped with eight tracks, thereby
allowing the accommodation of up to eight trains simultaneously in each park.

The focus of this thesis is exclusively on the train discharging process. This operation is rela-
tively straightforward, as trains arrive with a fully known and predefined composition. Detailed
information is available for each container, including its characteristics and its position on the
corresponding wagon. These predefined initial conditions constitute essential inputs to the sys-
tem and simplify the modeling of the process.

The discharging operation begins with Rail Mounted Gantry (RMG) cranes lifting containers
from the train wagons and placing them onto Prime Movers (PMs), as illustrated in Fig.
PMs as mentioned before, are internal transport vehicles operating within the terminal, responsi-
ble for transferring containers from the rail area to designated storage locations in the yard. Once
the containers reach the assigned yard areas, Reach Stackers (RS), as shown in Fig.[8.2b] unload
the containers from the PMs and position them within the corresponding yard blocks.

8.1.1 Current way of operating

Each RMG operating within a rail park is capable of serving up to eight tracks simultaneously,
corresponding to a maximum of eight trains if all tracks are occupied. Since each rail park is
equipped with two RMG:s, this configuration allows significant operational flexibility. However,
under the current operational conditions, it is typically observed that only one RMG is active
during most shifts, and it is assigned to handle a single train at a time. The crane proceeds to the
next train only after completing all discharging operations on the current one.
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(a) RMG discharging a container from the train and (b) RS discharging a container from the PM and
placing it onto a PM placing it in the container stack.

Figure 8.2: Main phases of the rail container discharging process: transfer from train to PM and
from PM to yard stack

Although the process is sequential in nature, certain operational strategies are implemented in
order to improve efficiency in terms of both time and cost. These strategies include:

* Prioritization by container type. Discharging operations generally begin with containers
of the same type, either empty or full, since these are allocated to different yard areas.
This approach reduces the travel distance required for the RS, which transfers containers
from the PM to the designated storage blocks. Given that the RS operates at relatively low
speeds, minimizing unnecessary movements between yard areas contributes to improved
operational performance.

* Prioritization by container size. When handling containers of the same type (empty or
full), operations are typically organized by size category, either 20-foot or 40-foot con-
tainers. This sequencing reduces the frequency of spreader adjustments on the RMG, as
changing the spreader configuration requires additional time and may decrease overall pro-
ductivity.

The objective of this research is to enhance the train discharging process, which is currently not
optimized. In particular, the aim is to formulate and solve a scheduling problem that organizes
container discharge operations in an efficient manner, while respecting the relevant operational
constraints and ensuring effective utilization of the available cranes and handling resources. Such
improvements are consistent with the terminal’s operational and business objectives.

This study constitutes an initial step toward the broader goal of optimizing both train discharging
and loading processes. It establishes a structured methodological foundation that may support
future developments, including the coordinated operation of multiple RMGs for both discharge
and loading activities.

144



8.1.2 Exact solution

The first approach to the problem consists of formulating it as a mathematical programming
model and deriving an exact optimal solution. However, this approach is computationally tractable
only for relatively small problem instances, as will be shown through the problem formulation
and the results presented in the following subsections.

8.1.2.1 Flexible flow-shop scheduling problem definiton

To translate the real-world operational system into a mathematical framework, the process is
modeled according to the logic of the Flexible Flow Shop Scheduling Problem (FFSSP), which
is widely recognized for its potential to enhance efficiency in terms of time, cost, and energy
consumption [[120].

As described in the Methodology chapter, the FESSP extends the classical flow shop scheduling
problem by introducing machine flexibility. In this formulation, each operation can be processed
by at least one machine selected from a subset of eligible machines. The solution of a flexible
flow shop problem involves two interconnected components: the routing sub-problem, which
assigns each operation to a suitable machine among the available alternatives, and the scheduling
sub-problem, which determines the sequence of operations on the selected machines in order to
optimize a predefined objective function.

In the FFSSP framework, a set of J jobs is processed through S consecutive stages, where each
stage comprises a subset of M parallel machines. Consequently, each job j may be assigned to
any eligible machine at each stage, thus providing flexibility in resource allocation and improving
overall utilization [[121]], [122]].

Within the rail discharge process, the handling vehicles are modeled as machine sets M, specifi-
cally:

* M¢: the set of RMGs, by which every container must be processed;

* Mp: the set of PMs, among which each container can be assigned;

* Mpg: the set of RSs, by which each container must also be processed.
Since each container is required to pass sequentially through the RMG, PM, and RS stages, while

retaining flexibility in the selection of PMs and RSs, the problem naturally fits within the FFSSP
framework.

In the present formulation, a single RMG is considered. Nevertheless, the model can be ex-
tended to include multiple RMGs by introducing additional constraints to represent spatial and
operational interactions between cranes.
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Each container is modeled as a job j. Multiple train tracks are available for arriving trains, each
characterized by a known but variable number of containers. The time spent by a container
on a specific handling vehicle is modeled as the processing time of the corresponding job on
the associated machine. More precisely, for the RMG, the processing time corresponds to the
transfer of the container from the train to the PM; for the PM, it represents the transportation time
to the designated yard area and the return trip; and for the RS, it corresponds to the placement of
the container from the PM into the yard block.

The time required for a vehicle to transition from handling one container to the next is modeled
as setup time. For the RMG, setup time includes:

* the horizontal displacement required when the subsequent container is located on a differ-
ent wagon along the train;

* the adjustment of the spreader when containers of different sizes are handled, in cases
where this adjustment is not completed during crane movement;

* in scenarios involving multiple trains, the trolley movement required to transition between
containers located on different trains.

For the RS, setup time is defined as the travel time required to move from the stacking position
of the previous container to the location where the subsequent container must be placed.

Finally, the total horizontal distance traveled by a PM depends on the discharge sequence adopted,
whereas the total vertical hoisting movement of the RMG is independent of the sequencing deci-
sions. For this reason, only the sequence-dependent horizontal movements are considered within
the optimization model.

8.1.2.2 FFSSP formulation

As mentioned above, the FESSP consists of .J jobs to be processed on M machines, divided into
different consecutive stages, according to specific production constraints. In the proposed sys-
tem, machines are divided into three different sets: My, Mp, M, which represent respectively
the set of RMG cranes, PMs, and RSs of the port terminal. The sets of machines is denoted as
M = {M., Mp, Mr}.

The decision variables of the problem are:

* Sjm: start time of container j on machine m;

* c;m: completion time of container j on machine m;
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* wj,: waiting time of container j on machine m;

* 0;;m: binary variable to manage precedence constraints, equal to 1 if job ¢ precedes job j
on machine m, and 0 otherwise;

* x;;m: binary variable to manage immediate precedence constraints, equal to 1 if job ¢
immediately precedes job j on machine m, and O otherwise;

* 7, m: binary variable equal to 1 if job j is assigned to machine m, and 0 otherwise;

o O™ value of the makespan.
The parameters of the problem are:

* U m: setup time required for machine m to move from container ¢ to container j. This
variable models the distance between two containers (similar to an origin-destination ma-
trix);

* v;;m: setup time required for the spreader adjustment when transitioning from container ¢
to container j. It is O if both containers are of the same size; otherwise, it corresponds to
the time needed to adjust the spreader’s opening for the RMG when switching between a
20-foot and a 40-foot container, or vice versa.

* pjm: processing time of container j on machine m;

The objective function of the problem is written as:

J
min C™% + ¢ Z Z Z (8ijm + Cijim + Wijm) (8.1)

i=1 j=1 meM

where € is a term used to nullify start, completion, and waiting times that are not selected by the
optimal solution, added to ensure consistency among the constraints of the problem, as presented
below. This cost function differs from the empirical solution used by the terminal, where horizon-
tal movement is minimized. However, the two objectives are strongly correlated, as minimizing
horizontal movement generally leads to the optimization of the total discharging time.
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The system constraints are:

Cigm = Sim + Digm + (Wigm + Vigm)Tijm+
+ (1= yim)B Vi, j=1,.,Ji# j¥Yme M (8.22)
> Yim=1 M,={Mc,Mp, Mz}  Vj=1,.,J (8.2b)
meM,
Sjam' = Cn — (1 = 7m) B
Vi=1,..,J,Vm e M,,m € My,

My = {Mc,Mp,MR} (820)
J
 wigm <1 Vi=1,...J, ¥m=1,,M (8.2d)
i=1
J
> wiygm <1 Vi=1,...J, Vm=1.,M (8.2¢)
j=1
J J

Vi,j=1,...,J,i# j,M, = {Mc, Mp, Mg} (8.2f)
Tijm+ Tjim =1 Vi,j=1,...,J,i# 35, YmeM (8.2g)
Oijm +0im=1 Vi,j=1,.,J1#jVmeM (8.2h)
Tijm < 0ijm Vi,j=1,..,J,i# jVmeM (8.21)
Oijom < Yim Vi,j=1,...,J,i# j,VYm e M (8.2))
Sjm = Cim + Wim — (1- (5i,j,m)8

Vi, j=1,..J,i%jVmeM (8.2K)
Sim = Cjm + Wim — (1 — 85.m)B

Vi,j=1,....J,1 #5,Ym e M (8.21)
Wim 2 Y Sjaw = G — (1= m)B

m'EMy 11

Vi=1,..,J,m e M, (8.2m)

c" >cjm Vi=1,...,J,Ym e Mg (8.2n)

Constraint expresses the relationship between completion time and start time, also consid-
ering the setup times required to transition from one container to another and for the potential
opening of the spreader. Since the spreader can open while the RMG crane is moving, the cal-
culation of setup v depends on the distance between the two containers, hence on u, avoiding
the setup for the first scheduled container (assuming the RMG crane is already there; otherwise,
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a fictitious container is created representing the crane’s starting point). The total setup time is
given by max{u; ;1,v;,1}. The constraint is activated by 7, ,,, which is valid only if the job
passes through the machine. Indeed, the term B represents a huge term, computed as the sum of
all processing times, needed to activate or deactivate certain constraints.

Constraint (8.2b) ensures that only one machine per type is selected, i.e., one RMG, one PM, and
one RS. Constraint ensures that containers follow the correct sequence through the RMG,
PM, and then RS, meaning each container should be handled by the RMG first, then the PM,
and finally the RS. Specifically, M, refers to a set of machines for the y-th operation, and M,
refers to the set of machines for the subsequent operation.

Constraints (8.2d) and (8.2¢) ensure that a container has at most one predecessor and one suc-
cessor on the various machines. Given the possibility of multiple paths, constraint ensures
that a set of machines has the correct number of precedence constraints, with #/, denoting the
cardinality of the set. Constraints (8.2g) and (8.2h) ensure the mutual exclusivity of jobs, while
constraints and (8.2j) express the correct relationships among the decision variables z, 7,
and 9.

Constraints (8.2k)) and (8.21) ensure that each machine handles at most one container. Constraint
(8-2m) expresses the waiting time in relation to the completion time on the machine and the
subsequent start time on the machines belonging to the next set. Finally, constraint (8.2n)) is used
to obtain the makespan value.

8.1.2.3 Input dataset

To assess the effectiveness of the proposed methodology, the discharge process of a single train
at the PSA GP terminal is analyzed.

The actual discharge sequence adopted for this train is used as a benchmark, and the results ob-
tained through the proposed methodology are compared with those generated by the operational
approach currently followed by the terminal’s rail operators.

The input data provided by the terminal for the selected train include information such as the
assigned track, container characteristics, designated yard storage positions after discharge, and
the operational speeds of the handling vehicles (RMG, PM, and RS). These real operational data
are integrated with estimated values derived from a simulation model in order to compute the
setup and processing times associated with each job on each machine. It should be noted that
certain approximations are introduced in the estimation of these times, particularly for parameters
derived from vehicle speeds. These approximations are necessitated by data limitations and by
the requirement to estimate values that are not directly available from the operational database.

The train considered in this case study transports a limited number of containers, namely six,
which correspond to six individual jobs in the scheduling formulation. The discharging opera-
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Table 8.1: Processing times for each job on each machine (in seconds)

Machines | Job1 | Job2 | Job3 | Job4 | Job5 | Job 6
RMG 63 63 63 63 63 63
PM1 193 193 167 96 40 96
PM2 193 193 167 96 40 96

RS 60 65 70 60 60 65

Table 8.2: Set up times for each job on RMG (in seconds)

Jobs | Job1 | Job2 | Job3 | Job4 | Job5 | Job 6
Job 1 - 36 46 56 66 76
Job2 | 36 - 36 46 56 66
Job3 | 46 36 - 36 46 56
Jobd4 | 56 46 36 - 36 46
Job5 | 66 56 46 36 - 36
Job6 | 76 66 56 46 36 -

tions are performed using one RMG, two PMs, and one RS.

The processing times, defined as described in the previous section, are computed on the basis of
the operational speeds of the respective handling vehicles and the distances required to complete
each operation. In the case of the PMs, these distances differ for each job, since each container
is allocated to a distinct storage position within the yard. As a result, the travel distance from the
train to the designated yard location varies from one container to another, directly influencing
the corresponding processing time.

For the RMG, the processing time is determined by the trolley travel speed and the associated
horizontal displacement, in addition to the hoisting speed and the vertical lifting distance required
for each container. The setup times for the RMG when transitioning between jobs are presented
in Table These times primarily depend on the distance the gantry and trolley must travel to
reach the next container, as well as the time required for the hoist to operate.

Similarly, the setup times associated with the RS, reported in Table[8.3] depend on the distances
between the designated storage positions of the containers within the yard. After stacking one
container, the RS is required to travel to the location of the subsequent container, and this relo-
cation time is modeled as setup time.

In contrast, no setup time is assigned to the PMs in the considered scenario. This assumption is
based on the premise that the RMG movement time is negligible compared to the travel time of
the PMs. Therefore, when a PM completes the discharge of job ¢ and proceeds to handle job j,
the RMG is assumed to be available without additional delay.
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Table 8.3: Set up times for each job on RS (in seconds)

Jobs | Job1l | Job2 | Job3 | Job4 | Job5 | Job 6
Job 1 - 0 115 174 263 174
Job 2 0 - 115 141 263 174
Job3 | 115 115 - 63 151 63
Jobd4 | 174 141 63 - 102 0
Job5 | 263 263 151 102 - 102
Job6 | 174 174 63 0 102 -

Nevertheless, the proposed modeling framework can be readily extended to include setup times
for the PMs, should a more detailed representation of the operational dynamics be required.

8.1.2.4 Exact solution results

The tests were conducted in Python using the Gurobi mathematical optimization solver on a
computer equipped with an Intel(R) Core(TM) Ultra i7-155H processor (3.80 GHz) and 16 GB
of RAM.

Fig. [8.3|presents the solution implemented by the terminal to discharge the specific train. Jobs are
represented in different colors: the thinnest hatched section indicates the setup time, the thickest
section represents the processing time on each machine, and the cross-hatched section denotes
the waiting time before a job is transferred to the next machine after processing. In contrast,
Fig. [8.4]illustrates the job schedule for each machine as a result of the proposed scheduling
methodology. In this specific case, the proposed methodology reduces the total train handling
time by approximately 25%.

Furthermore, with the right input data, the model would automatically generate the optimal dis-
charge schedule or sequence for the train, greatly assisting the rail operators in their work.

Given the NP-hard nature of the analyzed problem, a heuristic approach should be considered
for high-dimensional cases to reduce computational time, which will be explored in future work.
However, the proposed approach is well-suited for small to medium-sized problems, such as the
scenario analyzed in this study, where solving the problem takes approximately 8 seconds. Addi-
tionally, for a huge number of containers, dynamic scheduling and rescheduling of containers can
be implemented to partition the workload, focusing only on those with approaching due dates.
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8.1.3 Metaheuristic solution

The solution approach presented in Subsection [8.1.2] provides an exact solution within a very
short computational time. However, this approach is effective only for relatively small problem
instances, such as the one considered in the previous analysis. As the problem size increases,
solving the model using this methodology becomes computationally challenging.

To address this limitation, an alternative solution approach is adopted for larger instances. In
particular, a Tabu Search (TS) metaheuristic is implemented and tested to solve the problem for
larger-scale scenarios. The formulation of the metaheuristic for the train discharge problem is
presented in the following section.

8.1.3.1 Tabu search model

The train discharge planning problem is modeled as a three-stage blocking scheduling problem
with sequence-dependent setup times. Each container corresponds to a job that must be processed
in sequence by the main handling resources involved in the discharge operation: the RMG, the
PMs, and the RS.

Jobs, stages, and resources:

Let J = {1,...,n} denote the set of containers to be discharged from an inbound train. Each
job 7 € J must pass through the following stages:

1. Stage 1 (RMG): the crane unloads the container from the rail wagon and places it onto a
PM;

2. Stage 2 (PM transport): a PM transports the container from the rail area to its assigned
storage location in the yard;

3. Stage 3 (RS stacking): the RS unloads the container from the PM and stacks it in the yard
block.

The resource configuration consists of one RMG, a set of identical PMs (denoted M), and one
RS. Each job is subject to the precedence constraints requiring Stage 1 to be completed before
Stage 2, and Stage 2 before Stage 3.

Processing and setup times: Let p; ,,, denote the processing time of job j on resource m. Sequence-
dependent setup times are considered: if job ¢ is processed immediately before job j on resource
m, a setup time s; ; , 1s incurred before processing j (with s, ;,,, = 01if j is the first job processed
on resource m).

The definitions of processing, setup, and waiting times remain the same as those introduced in
the FFSSP formulation. For the RMG, the setup time accounts for horizontal repositioning along
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the train and spreader adjustments when required. For the RS, the setup time represents the
travel time between consecutive stacking locations in the yard. In the present scenario, setup
times are not considered for PMs; however, the framework can be extended to incorporate them
if necessary.

Constraints:

The system operates under blocking conditions due to the absence of intermediate buffers be-
tween consecutive stages. In particular:

» After completing Stage 1, the RMG remains blocked holding job j until the transportation
stage (Stage 2) begins on an assigned PM.

» After completing Stage 2, the PM remains blocked holding job j until the RS begins
Stage 3 for that job.

Therefore, upstream resources may remain occupied while waiting for downstream resources to
become available.

Decision variables:

A feasible solution is characterized by the following decision variables:

* A permutation 7(!) representing the processing order of containers at the RMG.

« A permutation 7 representing a priority list for the RS.

In this formulation, 7(® is not enforced as a strict sequence that could cause the RS to remain
idle. Instead, it defines a ranking among jobs that are ready for Stage 3, and the RS selects the
highest-ranked job among those available.

The assignment of PMs is not explicitly treated as a decision vector. Instead, the PM executing
Stage 2 is determined dynamically by the schedule decoder using a greedy dispatching rule.

Objective function:

The objective is to minimize the makespan of the discharge process:

min Chax = ma;; C’;S), (8.3)
je

where CJ(-?’) denotes the completion time of job j at Stage 3 (RS).

Minimizing C),. reduces the total time during which a train occupies a track in the rail park,
thereby increasing track availability and improving overall rail terminal throughput and opera-
tional efficiency.
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8.1.3.2 Solution method

Due to the combinatorial complexity induced by blocking constraints and sequence-dependent
setup times, the problem is solved using a TS metaheuristic applied to the pair (71, 7(3)).

Schedule evaluation:

Each candidate solution (7", 7(3)) is evaluated by constructing a feasible schedule through a
deterministic event-based simulation that enforces: (i) stage precedence constraints, (i1) machine
capacity constraints, (iii) sequence-dependent setup times, and (iv) blocking constraints.

The simulation maintains the availability times of machines, the last job processed on each ma-
chine (for setup computation), and a priority queue of completion events. The simulation clock
advances to the next event time ¢, all completions occurring at time ¢ are processed, and the
decoder subsequently starts all operations that can begin immediately at time ¢ according to the
following priority rules:

1. RS first (bottleneck-first): if the RS is idle and at least one job has completed Stage 2, the
RS starts the ready job with the highest priority according to 7).

2. Unblocking the RMG through Stage 2 activation: if the RMG is holding a completed
Stage 1 job j, and a PM is available and not blocked, job j immediately starts Stage 2 on
a PM selected according to a greedy earliest-completion rule.

3. Starting the next RMG job: if the RMG is free and unprocessed jobs remain, the next job
according to (1) begins processing on the RMG.

When a job starts Stage 2, the RMG is released at that start time. Similarly, when a job starts
Stage 3, the corresponding PM is released.

Greedy PM selection:

When the RMG is blocked by a job j that has completed Stage 1, the decoder assigns j to an
available PM by selecting the PM that minimizes the resulting Stage 2 completion time at the
current time ¢.

Neighborhood structures:

The TS explores the solution space using two move types applied to 7(") and 7():

* Insertion move: a job is removed from position 7 in a permutation and reinserted at position
J.

* Filtered adjacent swap move: two consecutive jobs are swapped, but only if the swap
reduces the local setup contribution.
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More precisely, consider three consecutive jobs (k, 7, j) processed on the same machine. Before
the swap, the local contribution to the schedule length is

Pim + Skim T Pjm T Sijm,

where p; ,,, and p; ,,, denote the processing times of jobs ¢ and j on machine m, and s, ,, repre-
sents the sequence-dependent setup time incurred when job b follows job a on machine m.

After swapping 7 and j, the local contribution becomes

pj:m + Sk,j,m + pi:m + Sjvivm'

The swap (k,1,j) — (k, j,1) is accepted if

pj>m + Sk7.j7m + plym + Sj7i7m < plvm + Sk’i7m + pjvm + SZ7]7m

Since p; m + pjm appears on both sides of the inequality, the processing times cancel out. There-
fore, the decision reduces to the setup-based condition

Skyjym + S.j77:7m < Sk7i>m + Si:jzm'

This condition ensures that only locally improving swaps, in terms of sequence-dependent setup
times, are considered in the neighborhood, thereby reducing the exploration of unpromising
moves.

Tabu list:

To avoid cycling (i.e., repeatedly undoing the same changes), the TS maintains a fabu list, which
represents a short-term memory of recently applied move attributes. After a move is performed,
the corresponding attribute is forbidden for a fixed number of iterations (tabu tenure).

Tabu attributes are stored in a normalized manner: (i) for an insertion move, the moved job and
the destination position are recorded (job j is temporarily forbidden from being inserted into
position ¢), and (ii) for a swap move, the swapped index pair is recorded (positions (7, j) are
temporarily forbidden from being swapped again).

This normalization prevents immediate reversals and short repetitive loops without excessively
restricting the search. For example, if job 5 is inserted into position 2, reinserting job 5 into
position 2 is forbidden for the next fenure iterations; similarly, if positions (3,4) are swapped,
swapping (3,4) again is temporarily forbidden.

A tabu move may still be accepted under an aspiration rule: if the move produces a makespan
smaller than the best solution found so far, the move is accepted even if it is tabu.
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For efficiency, decoded schedules are cached using the pair (7(!), 7(3)). Furthermore, when the
neighborhood becomes very large, only a random subset of at most 250 candidate moves is
evaluated at each iteration in order to limit computational effort.

Diversification strategy:

If no improvement is observed for a predefined number of iterations, a diversification mechanism
is applied by performing a small number of random swaps in both (1) and 7). The first solution
producing a feasible decoded schedule is accepted; otherwise, the search returns to the best
solution found so far.

8.1.3.3 Metaheuristic solution results

The proposed methodology is applied to a case study involving the discharge of a train at PSA
GP, consisting of 24 containers. The results obtained from the model are compared with the
operational sequence used by the terminal. For benchmarking purposes, the actual discharge
sequence implemented in practice is considered; however, the real operational timestamps are
not used. Instead, both the operational sequence and the proposed solution are evaluated under a
common set of input parameters to ensure a consistent and fair comparison.

The model inputs include the processing times of each job on each machine and the sequence-
dependent setup times for the RMG and the RS. These times are not taken directly from historical
operational records. Rather, they are computed based on estimated equipment speeds and travel
distances. The distance and velocity parameters used in these calculations are approximations of
real operational values, obtained from a simulation model of the terminal.

In Fig. [8.5 the scheduling sequence followed by the terminal operators to discharge the spe-
cific train is illustrated. In this example, a set of five PMs is deployed. Jobs are represented
using different visual patterns: the thin hatched segments indicate the setup time, the thick seg-
ments represent the processing time on each machine, and the cross-hatched segments denote the
waiting time before a job is transferred to the subsequent machine after processing.

Figs.[8.6/and[8.7| present the schedules obtained using the proposed metaheuristic under different
PM configurations.

Performance with the Same Number of PMs

When the metaheuristic is applied using the same number of PMs as in the real terminal config-
uration (5 PMs), the makespan is reduced by 10.259% compared to the operational sequence.

This improvement is primarily due to a better synchronization between the RMG, PMs, and
the RS, which reduces unnecessary waiting times and improves the utilization of the bottleneck
resource. The results indicate that the operational sequence currently used in practice does not
fully exploit the coordination potential among resources.
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Impact of Reducing the Number of PMs

To further analyze the system behavior, additional experiments were conducted by reducing the
number of PMs.

First, the model was executed with 3 PMs. The obtained makespan remains the same with the
metaheuristic operational solution that uses 5 PMs. This result highlights that increasing the
number of PMs beyond a certain level does not significantly impact the global performance.
Instead, the RS processing stage constitutes the main bottleneck affecting the makespan.

Finally, the metaheuristic was tested with only 2 PMs. Even under this reduced resource config-
uration, the makespan is improved by 8.037% compared to the initial operational solution (with
5 PMs).

This finding is particularly relevant from a managerial perspective: not only does the metaheuris-
tic improve the objective function, but it also enables a reduction in resource utilization while
maintaining superior performance.

Computational Performance

The computational time required to obtain each metaheuristic solution is approximately 2 min-
utes on a standard workstation. Given the size of the instance (24 containers and sequence-
dependent setup times), this runtime confirms the efficiency of the proposed approach.

The computational effort remains moderate and suitable for practical decision-support applica-
tions in terminal operations, where rapid generation of high-quality schedules is essential.

Actual Schedule Executed by Terminal Operators
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Figure 8.5: Scheduling of containers by terminal operators

158



Gantt Chart of Heuristic Schedule

12

ST TR R N T T C R -—-—_—"
PMS5 -5
_BN)

PM4 . 18
~ M N
[N

- 12

- o =i
)14

8 EEEEEIECE =:
.16

- 17

il ite et il

- 19

04 06 08 1o W21
Normalized Time - ) 22

Machine

Figure 8.6: Metaheuristic scheduling of containers (5 PMs)
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8.2 Simulation of train discharge and loading

The train discharge and loading processes are also modeled within FlexTerm. A detailed simu-
lation model of the rail park has been developed, including the yard area, while other interfacing
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components are abstracted in accordance with the FlexTerm modeling paradigm described in

Section[3.3.6.11

This section first presents the physical components that constitute the FlexTerm model and then
describes the main logics and algorithms governing the behavior of the system and its objects.
Fig.[8.8]illustrates the complete simulation model of the terminal developed in FlexTerm, includ-
ing all its components.

Given the scope of the study in this thesis, the primary focus is on the rail yard. Therefore,
the physical components and the logics described in the following sections mainly refer to this
part of the model. Nevertheless, it is necessary to include certain yard components and related
operational logics, as they play a fundamental role in the handling of containers during train
discharge and loading operations.

Figure 8.8: Simulation model of the PSA GP terminal in FlexTerm

8.2.1 Physical components of the model

The main physical components of the detailed rail yard simulation model are described in this
section. These components are also illustrated in Fig.[8.9]

* RMG: Represented by the built-in FlexTerm object Gantry Crane, an overhead crane that
operates over a rail block to lift and move containers;

* RS: Represented by the built-in FlexTerm object Top Loader, a mobile crane used to handle
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containers within the yard, typically for loading and unloading trucks within a given yard
block;

PM: Represented by the built-in FlexTerm object Truck, which transports containers (flow
items) within the model. It becomes available when a Truck Gang is included in the sys-
tem,;

Yard Areas: Represented by the built-in FlexTerm object Yard Block, a storage area for
containers composed of cells arranged in rows and columns, where containers are stacked
vertically;

Rail Tracks: Represented by the built-in FlexTerm object Rail Block, which corresponds
to a single train track area where trains arrive and depart;

Train: Objects that appear in the model when defined in the rail planner, where their sched-
ule and composition are specified;

Network Lanes: Represented in FlexTerm by the Multi Lane Object (MLO), part of the
Travel Manager (TM). This object models road segments used by travelers controlled by
the TM;

Parking Spots: Designated locations where a traveler can stop. When a traveler is directed
to a parking spot, a high-level path is generated based on the Multi Lane network formed
by the MLOs;

Advanced Rail Dispatcher: Represented in the model by the Dispatcher object, which is
used to assign specific handling jobs in this case, containers to be processed to the RMG.
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Figure 8.9: Main physical components for the modeling of rail operations in FlexTerm

It should be noted that most of these objects are equipped with built-in logic that enables them
to operate realistically and ensures proper interaction within the system, without the need for
additional implementation. This includes, for example, the movement logic of RMGs, RSs, and
PMs, as well as collision avoidance between trucks, which is handled within the TM.

The following sections describe the additional logics implemented in the model, based on the
current operational practices of the PSA GP terminal.

8.2.2 Logic behind the rail planner

As already mentioned in Section[5.3.6.2] the characteristics of incoming trains are defined through
the logic of the Rail Planner. These include the number of wagons or cars, their types referred
to as car profiles, which specify the type of containers they carry, the corresponding destination
within the yard, and the train arrival schedule at the terminal.

Additional logic has been implemented to register handling jobs when a train enters the rail track.
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Although the train arrives with a predefined composition from the Rail Planner, it is necessary to
structure this information to enable efficient job dispatching. Specifically, each job is recorded
in dedicated tables along with its relevant attributes, such as the container ID, the assigned rail
track, the corresponding rail car, and the position within the car, referred to in FlexTerm as the
bay, since a single rail car may carry multiple containers.

This registration process distinguishes between loading and discharge operations, based on the
predefined load and discharge lists.

8.2.3 Advanced rail dispatcher logic

The core logic governing job dispatching and work strategy is implemented within the Message
Trigger of the rail dispatcher. This logic handles different operational cases depending on the
system state.

The first activation of this trigger occurs when a train arrives at a specific track. In this phase,
the RMG assigned to that track is identified as the resource responsible for handling the train.
Subsequently, additional messages are sent to the rail dispatcher to evaluate the status of the
RMG, in particular whether it is idle or currently processing a job. When the RMG becomes
available, its status is updated accordingly so that it can be considered for new assignments.

The availability of the RMG is communicated through the work strategy trigger of the Rail
Planner, which continuously checks whether the crane is busy. If the RMG is idle, a message is
sent to the rail dispatcher indicating that it is ready to process a new job.

Upon receiving this message, the rail dispatcher selects the next job to be executed. The se-
lection is performed using a priority rule that reflects current terminal practices. Specifically,
jobs are ordered based on the destination yard location, the container type (full or empty), and
the container size (20-foot or 40-foot). This step represents a key area for improvement, as the
current rule-based logic could be replaced by a more advanced approach derived from optimal
or near-optimal solutions, as discussed earlier in this chapter.

Once a job is selected, the dispatcher verifies again the status of the RMG. If the crane is already
assigned to a task, relevant information such as job completion time and crane assignment is
updated. Otherwise, a new task sequence is generated for the PM, which is then dispatched to
execute the job.

Finally, when all jobs associated with a train have been completed, a message is sent by the RMG
to indicate that operations are finished. At this point, the train is allowed to depart, and all related
jobs are removed from the corresponding tables to prevent reassignment.
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8.2.4 Travel manager and parking spot selection strategy

TM and its functionalities play a key role in facilitating the movement of travelers within the
terminal. Its integration into the model involves several steps; however, the focus in this section
is on the selection of parking spots for PMs. This ensures that a PM stops at the appropriate
location, either to pick up a container from a train or to deliver a container for loading onto a
train.

The parking spot selection is based on the position of the container on the train. For each con-
tainer being transported to or from the train, the corresponding car identifier (carid) is first re-
trieved. From the carid, the bay number is determined, representing the position of the container
within the rail car. This information is then used to compute the spatial coordinates (e.g., z and
y) of the container location.

Subsequently, among all available parking spots along the lane adjacent to the rail yard, the one
closest to the computed bay position is selected. More specifically, a distance criterion is applied:
a parking spot is considered suitable if the distance between its position and the bay location is
less than or equal to a predefined threshold. The parking spot satisfying this condition is then
assigned to the PM.

The parking spot selection procedure is summarized in Algorithm 4}

Algorithm 4 Parking Spot Selection for PMs

Require: Container information and train assignment
Ensure: Parking spot assigned to the PM
Retrieve the container destination
if the container is to be discharged then
Retrieve the corresponding car identifier from the incoming train data
else if the container is to be loaded then
Retrieve the corresponding car identifier from the outgoing train data
end if
Retrieve the train identifier
Determine the track assigned to the train
Determine the bay corresponding to the selected car
Compute the container position on the rail track
: for each parking spot along the lane adjacent to the rail yard do
Compute the distance between the parking spot and the container position
if the distance is within the predefined threshold then
Assign the parking spot to the PM
return selected parking spot
end if
: end for
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8.2.5 Limitations and future work

It is important to note that a considerable effort was devoted to the development of this part of the
research. The proposed model and the implemented logic are complete and function as intended,
accurately representing the underlying problem structure.

However, the full validation of the model and the execution of a comprehensive set of compar-
ative experiments, intended to contrast the scheduling strategy currently used by the terminal
with the schedule proposed in this work, require additional effort. In particular, the simulation
environment adopted in this study incorporates a more detailed and realistic representation of the
terminal, including accurate travel distances, equipment velocities, and operational constraints
that were necessarily simplified in the optimization formulation.

Conducting a thorough experimental campaign under these more realistic conditions would allow
for a more precise assessment of the impact of the proposed methodology, but it is time-intensive
and therefore beyond the scope of the present work. For this reason, these validation activities
are identified as an important direction for future research.

Related publications. Parts of the work presented in this chapter have been published in [123]].
Furthermore, the work related to the optimization of train discharge through a Tabu Search for-
mulation is presented in [124]], which has been accepted for presentation at an international
conference.

165



Chapter 9

Rail Yard Capacity Analysis

Continuing with the rail subsystem, the final part of the research objective focuses on the evalu-
ation of the capacity of the terminal’s rail facility, as illustrated in Fig. [0.1]

The analysis begins with a detailed study of the physical rail facility, which serves as the basis
for system modeling. Two complementary approaches are adopted to achieve this objective. The
first approach consists of developing a simplified mathematical model of the system. Due to
the complexity of real rail operations, this analytical representation requires the introduction of
simplifying assumptions and therefore provides a theoretical evaluation of the overall capacity
of the facility in terms of the number of trains that can be handled.

The second approach is based on the use of discrete-event simulation software, FlexTerm, to
model the physical rail yard and the processes associated with train entry and exit. This detailed
simulation model enables a more realistic assessment of the terminal’s rail capacity by capturing
operational dynamics and allowing the evaluation of the number of trains that can be handled
within a given time period.
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Figure 9.1: Conceptual framework of the research for rail capacity evaluation

9.1 Evaluation of theoretical rail yard capacity

As previously stated, the main objective of this study is to assess the capacity of the PSA Genova
Pra’ (PSA GP) rail facility, expressed as the maximum number of trains that can be handled
within a given planning horizon.

To this end, queuing theory is initially adopted as an analytical framework. Each track within
the rail parks is modelled as an individual queue, where arriving trains wait to be processed
according to the available service capacity. In this context, the service rate reflects the operational
productivity of the handling resources assigned to each track.

9.1.1 General description of the rail park

The rail yard within the terminal extends approximately 950 meters and consists of 8 internal
tracks, divided into two main sections: the Ponente Park (West Park) and the Levante Park (East
Park). The tracks in the Ponente Park have lengths ranging from 420 to 536 meters, whereas
those in the Levante Park range from 420 to 560 meters.

Upon arrival at the terminal, trains initially stop on one of the five external tracks, while a sixth
external track is reserved exclusively for locomotive transit (highlighted in red in Fig.[0.2). At
this stage, the main line locomotive is decoupled and replaced by a shunting locomotive. The
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latter then pushes the train toward one of the two internal parks through dedicated connecting
tracks, hereafter referred to as intermediate tracks.

In order to access the east tracks, a train must necessarily pass through specific west tracks.
Consequently, at least one designated west track must be available. This availability is not in-
terchangeable, as the required west track depends on the final destination track assigned to the
train.

Referring to Fig. [0.2] which illustrates the layout of the railway park, a train can move to track
Ej only if track Wy is free at that moment. Similarly, access to F; requires either Wy or W to
be free. This pattern continues down to F;, where the train can proceed as long as at least one of
the west tracks, from W; to Wy, is available.

There are four available Rail-Mounted Gantry (RMG) cranes serving the internal tracks, two at
each park. Currently, however, terminal operations proceed with only one RMG per park during
each shift. In this context, a shift refers to a designated 6-hour work period during which a
specific crew is on duty.

W*B TTTTTTITTT T TR E*8

O_5 i W3 T DN . E3
O_6 1 1 (NNNEN W_2 E2

Figure 9.2: Railway park overview

In the following subsections, the mathematical formulation of the problem is presented. First, the
optimization model is formulated and solved without considering locomotive constraints, assum-
ing that a locomotive is always available whenever required. Subsequently, the same problem
is reformulated and solved by explicitly incorporating locomotive-related constraints, including
the limited number of available locomotives and the requirement for locomotives to support train
entrance and exit movements.
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9.1.2 Process modeling without locomotive constraints

Building on the physical and operational characteristics outlined in the previous subsection, an
optimization model is formulated that incorporates the modeling aspects necessary to represent
the process under consideration. The parameters of the problem are defined as follows:

No: the number of external tracks;

Nyy: the number of west park tracks;

Npg: the number of east park tracks;

N : the number of intermediate tracks;

N¢: the number of RMG cranes in each park;
Pryc: the productivity of the RMG cranes;

T': the interval of time taken into consideration.

In the problem formulation, when defining constraints that apply to all internal tracks (both west
and east), t he total number of tracks is denoted as N;, where N; = Ny + Ng.

The decision variables are the following binary quantities:

q®(t): the queue length, expressed as the number of trains on external track i at time ;

q]W(t): the queue length, expressed as the number of trains on internal west park track j at
time ¢;

qJE (t): the queue length, expressed as the number of trains on internal east park track j at
time ¢;

a; ;(t): the arrival rate of trains at external track ¢ for internal track j at time ¢;

i ;k(t): equals 1 if a train moves from external track ¢ to internal track j via intermediate
track k at time ¢, and O otherwise;

F;(t): equals 1 if the train on internal track j has completed its operation at time ¢, and 0

otherwise;

y;j’k(t): equals 1 if a train, after finishing its operation, moves from internal track j to
external track ¢ via intermediate track & at time ¢, and O otherwise;
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9;;(t): equals 1 if, at time ¢ — 1, a train moving from external track ¢ to internal track j
could not enter due to the unavailability of a free intermediate track or a free west track. It
serves to track trains that are waiting to enter and are blocked at the previous time step;

z;(t): a variable representing the minimum between 1 and the number of free west tracks
that allow a train for the east track j to enter or exit;

g;.’v(t): equals 1 if an RMG crane is assigned and operating on west park track j at time ¢,
and 0 otherwise;

gf (t): equals 1 if an RMG crane is assigned and operating on east park track j at time ¢,
and O otherwise;

r;(t): a binary variable that becomes 1 as soon as the train on internal track j finishes
processing. It remains 1 until the train exits the system. This variable helps track completed
trains that are ready to depart but are temporarily delayed due to the unavailability of
intermediate, external, or west tracks.

9.1.2.1 Constraints without locomotive considerations

The objective function to be maximized is the number of trains that the terminal can complete or
handle within a specified time horizon 7. The statement of the resulting optimization process is

the following.
Problem 7
No Nr Ng T
maxy > > > i) 9.1)
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Constraint guarantees that at any given time ¢, only one train can arrive at an external track
t. Similarly, Constraint enforces the same condition for the internal tracks j. Constraint
(9.4) ensures that two trains cannot simultaneously enter and exit an intermediate track k at the
same time t. Specifically, for any given track £, no train can enter and exit via the same track at
the same time. Constraints (9.5)) and (9.6) ensure that a train can enter the internal tracks only if
it was previously waiting in the external queue. For time instant ¢ = 1, this value is set to zero,
as in this formulation, a train can enter at most one time step after its arrival.

Constraints (9.7)), (9.8) enforce that a train can exit only if it has previously been on the internal
tracks being operated on. Constraints (9.9) and (9.10) define the variable J, which represents
trains that have arrived but are still waiting to enter the terminal. These are trains that do not
enter the internal tracks immediately upon arrival, due to the unavailability of intermediate or
internal tracks, and are therefore stored in 9.

Constraint (9.1T)) ensures that trains waiting in the external tracks are given priority to enter at
time ¢ over newly arriving trains at the same time.

Constraints (9.12)) and (9.13) model the completion status of trains on each internal track. In
this formulation, a train is considered completed once a sufficient amount of processing time
has elapsed. This processing time depends on Prysi, which represents the percentage of the
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train handled per discrete time unit, i.e., the productivity of an RMG crane. The binary variable
F;(t) takes value 1 when the train is completed and returns to O afterwards. Since the presence
of the floor operator |- |, which returns the greatest integer less than or equal to its argument,
makes the model nonlinear, Constraints and are reformulated using an equivalent
linear representation, as reported in Constraints (9.34)—(9.37). The parameter € denotes a small
positive constant introduced to properly activate or deactivate the constraint when required.

Constraints (9.14)-(9.19) describe the dynamics of each queue: external, west, and east. Con-
straints (9.20) and (9.21) represent the previously described physical constraints governing train
movements toward or from the east tracks. As discussed, these movements are feasible only if at
least one of the designated west tracks is available.

Since the presence of the min(-) operator introduces nonlinearity into the model, Constraints
(9.20) and (9.21) are reformulated through an equivalent linear representation. The correspond-
ing linearization is provided by Constraints (9.38)—(9.41).

Constraint (9.22) is introduced to track trains that have been completed for more than one time
step. Since Fj(t) becomes 1 only at the moment a train is completed and then immediately
returns to 0, this new variable is used to remain equal to 1 after completion, indicating that the
train is finished and ready to depart, and returns to O only when the train actually leaves the
internal track. Then, constraint (9.23)) ensures that a train can leave the internal track at any time
step after it has completed its operations.

Constraints (9.24) and (9.23) prevent a crane from being reassigned to a train that has already
been finished but is still waiting to depart. Constraints (9.26]) and (9.27) ensure that a crane
is assigned only to tracks where a train is present and requires processing. Constraints (9.28)
and (9.29) ensure that no more than the available number of RMG cranes are assigned to the
tracks in each park. Constraints (9.30) and (9.31)) ensure that each crane is assigned to only one
track at a time. According to the current logic, an RMG can work on only one train at a time.
Meanwhile, constraints (9.32) and (9.33) ensure that the crane remains active on a specific track
for the necessary duration.

9.1.2.2 Results without locomotive constraints

A numerical campaign was conducted to provide the basis for a broader analysis aimed at evalu-
ating the capacity of the rail yard. The experiments were performed in Python using the Gurobi
mathematical optimization solver.

Specifically, the values of several key parameters were varied in order to observe their impact
on the capacity of the rail yard and to identify which parameters have the greatest influence on
system performance. The first set of experiments considers variations in the number of interme-
diate tracks, combined with scenarios in which either one or two RMG cranes are operating in
both the East and West parks. In this analysis, the configuration of the external tracks (No = 5)
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Table 9.1: Number of trains processed for each (Ng, Ng) combination over time horizons t = 1
to 24

(T) 1 23 456 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Ngk=I, Ne=1 0 0 0O 0O OO 1 22 2 2 3 4 4 4 4 5 6 6 6 6 7 8 8
Ngk=I,Ne=2 0 0 0 00O 123 4 4 5 6 6 7 7 8 8 9 9 10 10 11 11
Nk=2,Ne=1 0 0 0O 000 222 2 2 4 4 4 4 4 6 6 6 6 6 8 8 8
Ng=2,Ng=2 0 0 0 0 0 0 2 4 4 4 4 6 8 8 8 8 10 12 12 12 12 14 16 16
Nkgk=3,Ne=1 0 0 0 00O 222 2 2 4 4 4 4 4 6 6 6 6 6 8 8 8
Ngk=3,Ne=2 0 0 0 0 0 0 3 44 4 4 7 8 8 8 8 11 12 12 12 12 15 16 16

and internal tracks (Ny, = 8 and N = 8) was kept fixed. The results of these experiments are
illustrated in Figure 9.3]and summarized in Table 9.1] for clarity.

Results for Different Nx and Ng
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Figure 9.3: Number of trains processed for each (Ng, N¢) pair, No =5

From the results, it can be observed that the number of completed trains increases when two
intermediate tracks are available instead of only one, while keeping the number of cranes con-
stant. This effect can be observed by comparing the blue and green curves, as well as the orange
and red curves. The improvement occurs because, when two trains (for instance, one from the
East and one from the West) complete their operations at the same time, both trains can depart
simultaneously when two intermediate tracks are available.

However, introducing a third intermediate track does not lead to additional improvements when
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only one RMG crane operates in each park. Under this configuration, the cranes become the
limiting factor in the system. When two RMG cranes are used, improvements can be observed at
certain time intervals (e.g., at t = 17 and ¢t = 22), where a higher number of trains is completed.

It should be noted that although differences are observed at intermediate time steps, the total
number of trains completed by the end of the 24 time intervals remains unchanged in some
configurations. In particular, when only one RMG crane (N¢) is used, the final throughput
remains the same regardless of the number of intermediate tracks (N).

What changes instead is the processing speed, which is reflected in the steeper slopes of the
curves shown in the figure. Furthermore, increasing the number of RMG cranes results in a
higher number of trains being processed overall, indicating that this parameter has the most
significant impact on train throughput.

The optimization problem was solved for all combinations of 24 time steps, three different values
of Nk, and two different values of N, resulting in a total of 144 scenarios. The total computa-
tional time required to solve all scenarios was approximately 6084 seconds.

Results for Different Np and Ng
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Figure 9.4: Number of trains processed for each (N, N¢) pair, Ni=2

Another experiment involves the variation of the number of external tracks (/No), while keeping
the number of internal tracks (NVy and Ng) fixed at 8, and the number of intermediate tracks
constant at N = 2. As shown in Fig. the plots for Np =4, Np =5 and Ng = 6, for the same
number of cranes (N), are identical, indicating that increasing the number of external tracks
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does not lead to any improvement in train throughput. The results remained unchanged also with
Ny = 3, suggesting that the number of external tracks does not significantly impact performance
in this configuration.

9.1.3 Process modeling with locomotive constraints

The model described in the previous section does not account for locomotive availability or for
the number of locomotives as parameters of the system. In that formulation, it is implicitly as-
sumed that a locomotive is always available whenever a train movement is required. To address
this limitation, additional constraints are introduced to Problem [7]in order to explicitly incorpo-
rate locomotive availability and evaluate its impact on the system performance.

Before presenting these constraints, the additional decision variables and parameters required to
model locomotive operations are introduced.

e Nj: a parameter representing the maximum number of locomotives available;

* [;;(t): a variable which is 1 if a locomotive is assigned to a train to make it enter from
outside track ¢ to the inside track j and 0 otherwise;

* [; ;(t): a variable which is 1 if a locomotive is assigned to a train to make it leave the inside
track 7 and go to outside track ¢ after finished and O otherwise;

* loco; ;(t), locoO; ;(t), locol; ;(t), locoR, ;(t) : variables helping to linearize the products
between other variables.

9.1.3.1 Constraints with locomotive considerations

The model to optimise now becomes:

Problem 8
No Ny Nk T
S 3 WM ©a2)
i=1 j=1 k=1 t=1
subject to

©.2)-(©-4).[©.6). 09). O-10), 0-14)-©-22). ©24)-©-41) and:

yiint +1) < qP(t) x1;;(t) Vi=1,...,No (9.43)
Vj=1,...,N; Vk=1,.,Ngx Vt=1,...,T—1
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Zy”k t41)>0,,(t) % li(t) Yi=1,...

Vi=1,....N; Yt=1,....T—1

Vi) <@Vt —1) 1) Vi=1,...,
Vj=1,...,Nw Vk=1,..,Nx Vt=2,...,

Vet < qP oy, (t=1) %1 (t) Vi=1,...,No

Vi=Nw+1,....,N Vk=1,...,Nx Vt=2,...

Yi et +1) <ri(t) 1 (t) Vi=1,...,No

7NO

T

Vi=1,...,N; Vk=1,..Nx Vt=1,...

No N;

SN sy + ) < Np V=1,

i=1 j=1

Lij(1) <N, Vi=1,...,No, Vj=1,...
l1/;,j<1)§NL Vi=1,...,No, Vji=1,...

No Nr

ZZ i) +lig(t—1)) < Np Vt=2,...

i=1 j=1
No Njp

SN (U +1E-1) <N, VE=2,...

i=1 j=1
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Constraints[9.43|[9.44}[9.43] [9.46|and|9.47|are nonlinear. In order to obtain a linear formulation,

these constraints are linearized

qlo(t) + li,j (t) S 1 -+ lOCOOiJ (t)
locoO; (t) < in(t)

lOCOOiJ’ (t) S li,j (t)
Vi=1,...,No,Vj=1,....,N;, Vt=1,...,T

yi’j,k(t) S lOCOOi,j(t—l)
Vi=1,...,No,Vj=1,....N;, Vk=1,..., Ng,
Vt=2,....T

5i,j (t—l) + lld(t—l) S 1 + lOCOi’j (t—l)
Vi=1,...,No,Vj=1,....,N;, Vt=2 ..., T

lOCOi’j(t) S 51'7]' (t)
lOCO@j(f) S li,j (t)
Vi=1,...,No,Vj=1,...,N;, ¥t=1,...,T

Nk
Z ?Ji,j,k (t) Z lOCOZ‘J‘ (t—l)
k=1

Vi=1,...,No,Vj=1,.... N, ¥t=2....T

¢V (t=1) + I (t—1) < 1+ locol; ;(t—1)
locol; j(t—1) < q]W(t—l)

locol; j(t—1) < I ;(t—1)

Yi ik (t) < locol; j(t—1)
Vi=1,... Ny, Vji=1,..., Nw,
Vk=1,. Ng, Vt=2...T
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¢7 n, (t=1) + 1, (t=1) < 1 + locol ;(t—1) (9.65)

locol; j(t—1) < ¢y, (t—1) (9.66)
locol; j(t—1) < I; ;(t—1) (9.67)
Y x(t) < locol; j(t—1) (9.68)

Vi=1,...,No, Yj=Nw+1,..., Ny,
Vk=1,...,Ng, Vt=2,....T

ri(t) + l;j (t) <1+ locoR; ;(t) (9.69)
locoR; ;(t) < r;(t) (9.70)
locoR; ;(t) < I; ;(t) (9.71)

Vi=1,....,No, Vj=1,....N;, Vt=1,...,T

Y i1 (t+1) < locoR; ;(t) (9.72)
Vizl,...,No, ijl,...,N[,
Vk=1,...,Ng, Vt=1,...,T-1

The nonlinear constraints presented above involve the product of binary variables. To obtain

linear formulation, these terms are linearized using a standard reformulation for the product of
two binary variables.

For example, let 2,y € {0, 1} and let z be a binary variable such that

z2=x-Y.

This relationship can be equivalently represented by the following set of linear constraints:

r+y<l+z (9.73)
z <z (9.74)
2z <y (9.75)

This formulation ensures that z takes value 1 if and only if both x and y are equal to 1, and 0
otherwise.
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This implies that Constraint [9.43] is linearized through Constraints [9.53H9.56] Constraint [9.44]

through Constraints Constraint [9.45] through Constraints [0.61H9.64] Constraint [0.46]
through Constraints [9.65H9.68| and Constraint through Constraints [9.69H9.72

Constraint ensures that a train can enter the terminal only if it was previously outside and if
a locomotive is available and assigned to that train.

Constraint[9.44] guarantees that trains waiting on the external tracks are given priority to enter the
terminal at time ¢ over newly arriving trains at the same time. Moreover, it ensures that a train
can enter only if a locomotive has been assigned to it.

Constraints[9.45|and[9.46ensure that a train can exit the terminal only if it was previously located
on an internal track and if a locomotive is available and assigned to the train.

Constraint guarantees that a train can leave an internal track only after completing its oper-
ations and only if a locomotive is available.

Constraint [9.48 ensures that the total number of locomotives assigned to entrance and exit op-
erations does not exceed the total number of locomotives available in the system, denoted by
L.

Constraints [9.49and [9.50] define the initial conditions for locomotive assignments.

Finally, Constraints [9.51] and [9.52] ensure that a locomotive cannot be used in two consecutive
time periods, since a locomotive requires one time step to return and retrieve another train.

9.1.3.2 Results with locomotive constraints

When locomotives are explicitly introduced as a constraint in the model, the experiment focuses
on analysing the impact of varying both the number of locomotives and the number of RMG
cranes, while keeping all other parameters fixed according to the current configuration of the real
system (Nop = 5, Nx = 2, Ny = 8, Ng = 8). The number of locomotives is varied between 1
and 2, as these values realistically represent the typical availability in practice.

The results of the optimization problem for different combinations of locomotives and RMG
cranes are presented in Figure 9.5 Even under the considered theoretical assumptions, namely
that each train requires 1 hour to enter, 1 hour to exit, and 5 hours to be fully processed, the RMG
cranes remain a key factor influencing the overall system performance. A more detailed analysis
shows that, when the number of locomotives is kept fixed, increasing the number of gantry cranes
from Ng = 1 to Ng = 2 leads to a substantial increase in the maximum number of processed
trains across all time horizons. This improvement is consistently observed for both N;, = 1 and
N = 2, indicating that crane capacity plays a major role in enhancing system throughput. In
contrast, when the number of gantry cranes is fixed, increasing the number of locomotives from
Np = 1to Ny = 2 results in a more moderate improvement. While additional locomotives
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do contribute to better performance, the magnitude of this effect is noticeably smaller than that
achieved by increasing crane capacity. This asymmetric behaviour suggests that, under finite
locomotive availability, the system is more sensitive to variations in the number of gantry cranes
than to changes in the number of locomotives. Consequently, gantry cranes can be identified as
the dominant resource in determining system performance in these configurations.

Results for Different N. and Ng
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Figure 9.5: Number of trains processed for each (N, Ng) pair, No = 5, N = 2

This interpretation becomes more insightful when comparing the finite locomotive scenarios
with the case of unconstrained locomotive availability (N, = oco) shown in Fig. When
the number of gantry cranes is fixed at No = 1, increasing the number of locomotives, even
to infinity, does not lead to any significant improvement in system performance. This confirms
that, in this configuration, the gantry crane is the binding constraint, and additional locomotives
remain underutilised. However, when the number of gantry cranes is increased to Ng = 2, the
effect of locomotives becomes more pronounced. In this case, moving from a finite number of
locomotives to an unbounded availability results in a clear increase in the number of processed
trains, indicating that locomotives start to act as a limiting resource once sufficient crane capacity
is provided. Nevertheless, the performance gain obtained by increasing N diminishes as the
number of locomotives grows, suggesting that beyond a certain point, additional locomotives
yield limited benefits. Overall, these results demonstrate that the system bottleneck depends on
which parameter is fixed: when crane capacity is low, it dominates system performance, whereas
when crane capacity is increased, the limitation shifts towards locomotive availability.
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For better readability, the results are also presented in Table[9.2] where the last two rows, high-
lighted in blue, correspond to the results obtained from the previous model in which no con-
straints on the number of locomotives were considered.

Combined Results: Different N and Ng

Max Number of Trains Processed

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time Horizon

Figure 9.6: Number of trains processed for each (N, Ng) pair, No = 5, N = 2

Table 9.2: Maximum number of trains processed for different values of N and N¢. The last two
rows correspond to the dashed curves, i.e. the cases with unconstrained locomotives (N, = 00).

(T) 1 23456 7 89 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Np=1,N¢0o=1|{0 0 0 000112 2 2 3 3 4 4 4 5 5 6 6 6 7 7 8
Np=1,N¢0=2|{0 0 0 000112 2 3 3 4 4 5 5 6 6 7 7 8 8 9 9
Np=2, Ng= 000O0OO0O0O27222 2 4 4 4 4 4 6 6 6 6 6 8 8 8
Np=2,No=2 |0 0 0 0 00224 4 4 6 6 8 8 8 10 10 12 12 12 14 14 16
Np=o00, N¢q=1|/0 0 0 0 0 0 2 2 2 2 2 4 4 4 4 4 6 6 6 6 6 8 8 8
Np=o00, N¢q=2|0 0 0 0 0 0 2 4 4 4 4 6 8 8 8 8 10 12 12 12 12 14 16 16

9.2 Capacity evaluation through a simulation model

In the previous section (Sec[9.1)), the capacity of the rail yard was analyzed using a mathematical
programming approach. While this method provides a structured analytical estimation of system
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capacity, it does not fully capture the dynamic behavior of real rail-yard operations. In practice,
rail-yard processes involve time-dependent interactions among train arrivals, track availability,
resource allocation, and handling operations. Additionally, operational factors such as realistic
train entry and departure times, variability in handling durations, and priority rules for train or
resource allocation may significantly influence the effective capacity of the rail yard.

For this reason, a discrete-event simulation model was developed in FlexTerm to reproduce the
operational behavior of the rail yard under dynamic conditions. Simulation enables the repre-
sentation of stochastic processes, queue formation, and competition for shared resources, thus
providing a more realistic evaluation of system performance.

The simulation model is therefore used as a complementary tool to the mathematical formula-
tion, allowing a deeper analysis of the operational capacity of the rail yard and facilitating the
identification of potential bottlenecks under different operating scenarios.

In order to systematically analyze the behavior of the rail-yard system, the simulation experi-
ments were organized in three progressive phases.

First, the theoretical configuration derived from the mathematical programming model was re-
produced within the simulation environment. This step allows the comparison between analytical
capacity estimations and the results obtained from a dynamic simulation model.

Second, additional operational elements were introduced in order to represent more realistic
rail-yard conditions. In particular, additional operational logic was implemented to account for
locomotive availability and its impact on train movements within the yard.

Finally, stress-test experiments were conducted by introducing a large number of trains simul-
taneously into the system. These experiments allow the evaluation of the maximum operational
capacity of the rail yard and the identification of potential bottlenecks when the system operates
under extreme demand conditions.

9.2.1 Structure and logic of the capacity model in FlexTerm

In this section, the main components of the simulation model and the algorithms governing their
behavior are presented in order to represent the train arrival, handling, and departure processes
within the terminal.

The subsection is organized as follows. First, the physical components of the simulation model
are described. Subsequently, the operational logic governing the interactions among the system
elements is presented.
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9.2.1.1 Model components
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Figure 9.8: Internal rail park
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The simulation model of the PSA GP rail yard was constructed by mapping each element of the
physical system to FlexTerm objects as follows:

» Trains: Represented by entities generated at a Source, which specifies arrival times and
basic characteristics such as processing time distributions and container loads.

» External Tracks: Modeled as processors that hold trains upon arrival. The release of trains
from the external tracks is subject to the availability of locomotives, intermediate tracks,
and suitable entry conditions for the internal tracks.

* Intermediate Tracks: Implemented as processors responsible for transferring trains be-
tween the external and internal tracks.

* Internal Tracks (West/East): Modeled as processors where trains undergo container han-
dling.

* Locomotives: Represented by operators whose availability and dispatching are controlled
by dispatcher objects. Locomotives are responsible for moving trains between tracks and
are subject to stochastic availability constraints.

* RMG Cranes: Modeled as additional operators assigned by RMG dispatchers. Each train
requests an RMG once on an internal track; dispatching of RMGs follows a priority rule
decided by us.

* Dispatchers: FlexTerm dispatcher objects are used to manage locomotive assignments to
intermediate tracks and to coordinate RMG allocation across the West and East parks.

» Sink: A terminal sink object represents train departure from outside tracks once processing
and exit conditions are fulfilled.

Fig. provides a schematic view of the simulation model, illustrating its main components.
Meanwhile, Fig. presents a more detailed view of the internal rail yard, focusing on the 16
tracks of the terminal’s internal rail park and showing the corresponding RMG cranes.

9.2.1.2 Connections between model components

In the simulation model, the different components are connected in order to represent the flow
of trains through the terminal. These connections define how trains move between the various
elements of the system, including the source, outside tracks, intermediate tracks, inside tracks,
and the sink.

The main elements used to establish these connections are the ports associated with each object.
In FlexSim and FlexTerm, a port represents a point on an object through which flow items can be
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transferred to another object. A port connection therefore defines the relationship between two
objects, allowing them to exchange flow items and communicate with each other.

One of the main advantages of using port connections is that they allow the model structure to
be created in a flexible and intuitive way. Different types of port connections are available in
FlexSim and FlexTerm, and several of these are used in the simulation model.

Input/Output Ports (A-Connections)

Input/output ports, also referred to as A-connections, are the most common type of port connec-
tion. These ports are typically used to connect two fixed resources so that they can exchange
flow items. In this case, the output port of an upstream object is connected to the input port of
a downstream object. The output port represents the point where a flow item leaves an object,
while the input port represents the point where it enters the next object.

In the simulation model, this type of connection is used between the source and the outside tracks,
between the outside tracks and the sink, between the outside tracks and the intermediate tracks
(and vice versa), and between the intermediate tracks and the inside tracks (and vice versa). In
addition, A-connections are used between the locomotive dispatcher and the locomotives, as well
as between each RMG dispatcher and the corresponding RMG cranes.

Center Ports (S-Connections)

Another type of connection used in the model is the center port connection, also known as S-
connection. Center ports are typically used to connect task executers, such as dispatchers and
operators modeling locomotives and RMG cranes, to fixed resources such as processors model-
ing the tracks. However, center ports can also be used more generally to allow two objects to
reference each other.

When the center ports of two objects are connected, an abstract reference relationship is created
between them. This allows objects to communicate and interact in several ways. For example,
fixed resources may use the task executers connected to their center ports to transport flow items
to other resources. Similarly, processors with setup or processing times may require the presence
of a task executer connected through a center port in order to perform their operations. Center
ports can also be used simply to allow objects to exchange information.

In the simulation model, center port connections are used to link the locomotive dispatcher with
all track elements, including the outside tracks, intermediate tracks, and inside tracks.

9.2.1.3 Operational logic and rules

The simulation logic reflects the main operational constraints and decision rules observed at the
terminal.

All operational rules were implemented in the FlexTerm environment using custom FlexScript
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code to define decision logic, dispatching rules, and stochastic behavior of resources. This sim-
ulation framework enables the evaluation of locomotive constraints on system capacity and sup-
ports testing of alternative operational policies and resource configurations.

Operational logic in source:

In the simulation model, the Source object does not immediately release a train into the sys-
tem. Instead, when a train becomes available at the source, the Source sends a message to its
Message Trigger, which activates a control mechanism to determine whether the train can be
safely introduced into the rail yard. The purpose of this control logic is to verify the availability
of a feasible inside track before releasing the train, thereby preventing blocking situations and
deadlocks within the model.

Depending on the trigger state, different actions are performed. If the train is already confirmed
as ready for release, it is directly routed toward the selected track. Otherwise, the logic checks
the availability of an internal destination according to one of three possible allocation policies:
random inside-track assignment, assignment to the planned track, or assignment to a random
track within the least busy park. If no feasible inside track is found, the train is not released and
remains at the source until the control logic is called again after a delay.

This mechanism ensures that trains enter the rail yard only when a valid continuation path is
available. As a result, the release policy improves the robustness of the simulation model and
prevents deadlocks caused by premature train entry.

The control logic used to release trains from the source is summarized in Algorithm 5
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Algorithm 5 Train release logic from the source

Require: Train waiting at the source, trigger type, track-selection policy
Ensure: Train is released to the rail yard only if a feasible inside track exists

—_

Retrieve the train currently waiting at the source
if no train exists then
Stop procedure
end if
Read the trigger type associated with the message
if trigger = TRAIN_READY then
Release the train toward the chosen track
end if
if trigger = FTRST_CALL_OR_AFTER DELAY then
Read the inside-track selection policy
if policy = random inside track then
Check if a random inside track is available
else if policy = planned track then
Check if the planned inside track is available
else if policy = least busy park then
Check if a random inside track in the least busy park is available
end if
if a feasible inside track is found then
Release the train toward the selected track
else
Keep the train at the source and repeat the check after a delay
end if

. end if
. if trigger = AFTER_DELAY_RANDOM then

Check again if a random inside track is available

. end if
- if trigger = AFTER_DELAY_RANDOM_BEST_PARK then

Check again if a random inside track in the least busy park is available

. end if
. if trigger = AFTER DELAY PLANNED_TRACK then

Check again if the planned inside track is available

. end if
. if a feasible inside track is available then

Release the train

. else

Keep the train at the source until the next trigger

. end if
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Among the available inside-track allocation policies, the random inside-track selection rule is the
one most frequently used in the simulation experiments. For this reason, its operational logic is
described in more detail below and summarized in Algorithm [6]

The random inside-track selection procedure is used to identify a feasible pair of destination
resources before a train is released from the source. More specifically, the procedure first scans
the internal tracks of the rail yard and collects all tracks that are currently available. In the West
park, the search starts from the second track, so that the uppermost West track is intentionally
kept free for train passage to/from the east tracks.

An inside track is considered feasible only if it is neither busy nor reserved. In addition, for the
West park, tracks reserved for passing movements toward or from the East park are also excluded
from the candidate set. The same feasibility check is then performed for the outside tracks, where
only tracks that are neither busy nor reserved are considered available.

If at least one inside track and at least one outside track are simultaneously available, one inside
track is selected randomly from the set of feasible internal tracks and assigned to the train. The
selected inside track is then marked as reserved in order to avoid conflicting assignments. For
experimental analysis, the model also records whether the chosen inside track belongs to the East
or West park.

Subsequently, one outside track is selected randomly from the set of feasible outside tracks. The
train is then not released directly; instead, a message is sent to the source control logic so that
the train can be released through the port corresponding to the selected outside track.

If either no feasible inside track or no feasible outside track is available, the train is not released.
In this case, a delayed message is generated so that the source control logic is called again after a
fixed delay. The allocation method to be used after the delay may vary according to the selected
model parameter, allowing the train to be re-evaluated using random selection, selection within
the least busy park, or assignment to the planned track.

This logic ensures that trains are released only when both an internal destination and an external
receiving track are available, thereby reducing blocking situations and preventing deadlocks in
the simulation model.
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Algorithm 6 Random selection of inside and outside tracks

Require: Train waiting at the source
Ensure: Train is released only if both a feasible inside track and a feasible outside track are
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available
Initialize the set of feasible inside tracks as empty
Initialize the set of feasible outside tracks as empty
for each track in the West park, starting from the second track do
if the track is not busy, not reserved, and not reserved for passing movements then
Add the track to the set of feasible inside tracks
end if
end for
for each track in the East park do
if the track is not busy and not reserved then
Add the track to the set of feasible inside tracks
end if

: end for
: for each track in the outside park do

if the track is not busy and not reserved then
Add the track to the set of feasible outside tracks
end if

: end for
. if the set of feasible inside tracks is not empty and the set of feasible outside tracks is not

empty then
Randomly select one inside track from the feasible inside-track set
Assign the selected inside track to the train
Mark the selected inside track as reserved
Randomly select one outside track from the feasible outside-track set
Identify the output port corresponding to the selected outside track
Send a message to the source control logic to release the train through the selected outside
track
else
Do not release the train
Read the policy to be used after the delay
if the delay policy is random selection then
Send a delayed message to retry with random selection
else if the delay policy is least busy park then
Send a delayed message to retry with selection in the least busy park
else if the delay policy is planned track then
Send a delayed message to retry with the planned-track policy
end if
Increase the train delay accumulated at the source
end if
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Operational logic of the outside tracks:

The outside tracks are modeled as processor objects representing the time a train spends waiting
before entering the internal rail yard. The processing time associated with these processors
represents the time required for a train to remain in the outside track and is defined through
model parameters.

In addition to the processing time, entry and exit triggers are used to update several labels as-
sociated with the train and the tracks. These labels are used to track the state of the system, for
instance whether a track is busy or reserved.

Once the train has completed its processing time in the outside track, it is not immediately re-
leased toward the internal tracks. Instead, a message is sent to the locomotive dispatcher, which
acts as a central control mechanism for train movements within the rail yard. The dispatcher ver-
ifies whether the necessary conditions for moving the train are satisfied. In particular, it checks
the availability of both an intermediate track and a locomotive that can perform the movement.

If these resources are available, the dispatcher assigns the locomotive to the train and sends a
message back to the outside track authorizing the release of the train toward the selected in-
termediate track. Otherwise, the train remains in the outside track until the required resources
become available.

Operational logic of the locomotive dispatcher:

The dispatcher acts as a coordination mechanism that ensures trains are allowed to move only
when all the resources required for the next movement are simultaneously available.

Algorithm [/| summarizes the decision logic implemented in the locomotive dispatcher when a
train is waiting in an outside track.

In particular, three main conditions must be satisfied before a train can be released: the avail-
ability of a feasible intermediate track, the presence of at least one operationally available loco-
motive, and, when the destination inside track belongs to the East park, the availability of the
corresponding West crossing track. Only when these conditions are satisfied are the required
resources reserved and the train authorized to move toward the selected intermediate track.

Locomotive availability is not deterministic in the model. Even when a locomotive is idle, it
may not be operationally available. This behavior is modeled through a Bernoulli random vari-
able with parameter p, representing the probability that a locomotive is available at the time of
assignment.
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Algorithm 7 Locomotive dispatcher logic for trains in outside tracks

Require: Message from an outside track requesting the movement of a train
Ensure: The train is released only if all resources required for the movement are available
1: Retrieve the train waiting in the outside track
2: if the train has already completed its cycle then
3 Apply the corresponding exit logic
4 Stop
5: end if
6: Identify a feasible intermediate track connected to the outside track
7: Select the feasible intermediate track with the lowest current occupation
8: Initialize the set of candidate locomotives
9: for each locomotive do

10: if the locomotive is idle and not reserved then

11: Sample A ~ Bernoulli(p)

12: if A =1 then

13: Add the locomotive to the set of candidate locomotives
14: else

15: Schedule its future availability after a delay

16: end if

17: end if

18: end for

19: if the assigned inside track belongs to the East park then

20: Check whether the corresponding West crossing track is available
21: end if

22: if a feasible intermediate track exists and at least one locomotive is operationally available
and the West crossing track, when required, is available then

23: Select one locomotive from the candidate set

24: Reserve the selected locomotive

25: Reserve the selected intermediate track

26: if the destination inside track belongs to the East park then
27: Reserve the corresponding West crossing track

28: end if

29: Send an authorization message to the outside track

30: Release the train toward the selected intermediate track

31: else

32: Send a delayed message to the dispatcher
33: Repeat the evaluation after the predefined delay
34: end if
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If one or more of the required conditions are not satisfied, the dispatcher postpones the movement
by sending a delayed message and reevaluates the request after a predefined time interval. This
mechanism prevents trains from leaving the outside tracks prematurely and reduces the risk of
blocking situations within the rail yard.

The same dispatcher logic is applied when a train located in an inside track requests permission
to leave the rail yard. In this case, the inside track sends a message to the locomotive dispatcher
in order to verify whether the required resources for the outbound movement are available.

Meanwhile, when a train is located in an inside track and requests to leave the rail yard, the
decision process is similar to the one previously described. However, an additional condition
must be satisfied: in addition to the availability of a locomotive and the required intermediate
track, the dispatcher must also verify that at least one outside track is available to receive the
departing train. Only when all these conditions are satisfied does the dispatcher authorize the
train movement and reserve the necessary resources.

If any of the required resources is not available, the request is delayed and the dispatcher reeval-
uates the movement after a predefined time interval.

Operational logic of the intermediate tracks:

Similar to the outside tracks, the intermediate tracks are modeled using processor objects. The
logic associated with these objects primarily concerns the processing time, which represents the
time required for a train to move through the intermediate track.

The processing time depends on the scenario considered. In some cases, it is modeled as a
fixed value, while in others it is generated from a probability distribution. In particular, for the
scenarios based on operational data, the processing time is sampled from a triangular distribution
whose parameters are derived from the observed operation times.

When a train leaves the yard from an inside track toward an outside track, an additional oper-
ational consideration arises if the train originates from an East track. In reality, the train must
physically pass through a West track before exiting the yard. Since this passage is not explicitly
modeled as a separate movement in the simulation, the corresponding travel time is incorporated
into the processing time of the intermediate track.

During this period, the locomotive and the West track used for the passage remain reserved for
the duration of the movement. This ensures that the required resources remain occupied for the
appropriate amount of time and prevents other trains from using them until the movement is
completed.

In addition to the processing time, the intermediate tracks also control the routing of trains after
the processing operation is completed. If the train is entering the rail yard, it is directed toward
the previously assigned inside track. Conversely, if the train is leaving the yard, it is routed
toward the previously selected outside track.
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The processor object also uses several event triggers, including On Entry, On Exit, On Finish,
and On Message. These triggers are used to update the labels associated with both trains and
tracks. Such labels store information about the current status of the system, such as whether a
track is busy or reserved, and are essential for implementing the operational logic of the model.

Operational logic of the inside tracks:

Similarly to the other track types, the inside tracks are represented as processor objects in the
simulation model. However, the logic associated with the inside tracks is more complex, as these
tracks represent the main area where train handling operations take place.

As in the other processors, several event triggers are implemented. The On Entry trigger is used
to update the labels associated with both the train and the track. In addition, depending on the
selected model parameters, this trigger also determines the type of train arrival input that will be
used in the simulation.

The On Exit, On Finish, and On Message triggers are mainly used to update the status labels
of the trains and tracks. These labels store information about the current system state and are
required for implementing the operational logic of the model.

Setup Time: The setup time of the processor in FlexTerm represents the preparation time required
before a train can start being processed on the inside track. In the model, this time is used to
represent the waiting period before the handling operations begin.

The value of the setup time depends on the operational scenario considered. In some cases, trains
may be processed immediately upon arrival, while in other scenarios they may need to wait until
the beginning of the next working shift. In the more realistic configurations of the model, the
setup time also includes additional operational activities, such as the time required to decouple
the locomotive before the train handling operations start.

Processing Time: The processing time defines the duration required to complete the handling
operations for a train. Different formulations are used depending on the scenario being analyzed.

In the theoretical scenarios, a fixed processing time is assumed for all trains, representing the
average time required to load or discharge a train. In this case, all trains are treated as identical.

In the more realistic scenarios, the processing time depends on the number of containers handled
by the train. The input data describing train types and the number of containers handled for
loading and unloading are stored in tables within FlexTerm.

Since it was not possible to define a suitable probability distribution describing the number of
containers handled by each train type, the number of containers is generated using an empirical
distribution derived from historical operational data. Then, based on the terminal data regarding
the time required to load or discharge a container, the processing time for each container is
sampled from a triangular distribution.
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The total processing time for a train is therefore obtained by combining the handling times of all
containers associated with that train. The procedure used to compute this value is described in
the following algorithm.

Algorithm 8 Computation of train processing time on inside tracks

Require: train item, scenario type InputT'ype
Ensure: processing time 7'

1:
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if InputType = THEORETICAL then
T < 18000
item.HandlingTime < T
return 7'
end if
Retrieve the train type t rainName from the corresponding arrival table
if t rainName not contained in the train distribution table then
T < 18000
item.HandlingTime < T
return 7’

: end if

: Tyis < 0

: Toad <= 0

. if distribution data for IN containers exist then

Ny < Empirical(Dyy)

for : = 1 to Niy do
tdis ~ Triangular(0.804is, Gais, 1.204is)
Tais < Tais + 5

end for

. end if
. if distribution data for OUT containers exist then

Nout + Empirical(DOUT)

for j = 1to Noyr do
t;oad ~ Triangular(0.8010ad, load, 1-2010ad)
ﬂoad A j-ioad =+ t;oad

end for

: end if
: T Tdis + ,Tload + Tadd

item.HandlingTime < T

. return 7'

The variables used in Algorithm [§]are defined as follows:
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InputType: scenario defining the type of train arrivals considered in the simulation. Pos-
sible values are THEORETICAL, REALISTIC, and REALISTIC_FOR_SATURATION.

T': total processing time of the train.
Ty;s: total time required for discharging containers from the train.
Tioaq: total time required for loading containers onto the train.

T.qq: additional operational time included in the processing time (e.g., preparation or op-
erational delays).

Nin: number of containers to be discharged from the train.
Nout: number of containers to be loaded onto the train.

tdis: discharge time of container .

t'24: Joading time of container ;.

f4is: average handling time required to discharge a container.
O10aq: average handling time required to load a container.

Diy: table containing the empirical distribution of the number of containers to be dis-
charged.

Douyr: table containing the empirical distribution of the number of containers to be loaded.

Empirical(D): function that samples a value from the empirical distribution defined by
table D.

RMG request and release

Another component of the inside-track logic concerns the use of operators responsible for han-
dling trains. In the simulation model, in this case, these operators correspond to RMG cranes.
When a train arrives at an inside track and is ready to be processed, the processor requests an
operator from the corresponding RMG dispatcher.

The dispatcher is responsible for selecting an available RMG and assigning it to the train. The
detailed logic governing this selection process is described in the section dedicated to the RMG
dispatcher.

Once the handling operations are completed, the inside-track processor releases the operator
through a specific function, making the RMG available again for subsequent train-handling op-
erations.
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Analysis on train arrivals and departures

Here, two representative examples of the data related to train operations used as input for the sim-
ulation model are presented, together with the motivations for adopting an empirical distribution
to describe them. For each train type, the empirical distribution of the number of containers is
compared with commonly used theoretical distributions, such as the normal and triangular distri-
butions. As illustrated in the selected examples (Figs. [0.9]) and [0.10), although these theoretical
distributions are able to capture the general trend of the data, they fail to accurately represent its
discrete nature and variability, particularly in the tails and around the most frequent values.

For other train types, the fitting of standard parametric distributions proved to be even more
challenging, with larger discrepancies observed between the empirical data and the theoretical
approximations. In order to avoid introducing modelling inaccuracies, the empirical distribution
was therefore selected for all train types, as it allows the real variability of the data to be preserved
without imposing restrictive assumptions. For completeness, the full set of distribution analyses
for all considered train types is reported in Appendix [T0}
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Figure 9.9: Distribution of containers for Train Type 1: (a) inbound trains and (b) outbound
trains.
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Figure 9.10: Distribution of containers for Train Type 2: (a) inbound trains and (b) outbound
trains.

Operational logic of the RMG dispatchers:

The RMG dispatcher is responsible for managing the assignment of handling tasks to the RMG
cranes operating in the rail yard. In the simulation model, these tasks correspond to the process-
ing of trains located on the inside tracks. The dispatcher determines which train will be handled
next and which RMG crane will perform the operation.

Different task-selection policies are implemented in the model depending on the scenario con-
sidered. The simplest policy follows a First-In-First-Out (FIFO) rule, where trains are processed
in the order in which they request service. In more advanced scenarios, a priority rule based on
the departure time of the trains is used, giving priority to trains that are scheduled to leave earlier.

Another important aspect of the dispatcher logic concerns the number of RMG cranes operating
in each park and the management of operational breaks. As described in the previous chapter,
operations at PSA GP are organized in 6-hour shifts. Between shifts, two break periods are
scheduled: 15 minutes at the end of a shift and 15 minutes at the beginning of the next one. The
simulation model explicitly incorporates these shift breaks by temporarily interrupting RMG
operations.

This behavior is implemented by adding delay tasks to the RMG operators during the break
periods. Two different situations may occur. The first case arises when a train requests an RMG
while a shift break is already in progress. In this situation, a delay task is assigned to the RMG
operator with a duration equal to the remaining time until the end of the break.

The second case occurs when an RMG crane is actively processing a train when the shift break
begins. In this case, a delay task corresponding to the full break duration is added to the RMG
operator using a preempt-only rule. This causes the current handling task to be temporarily
interrupted until the break period ends.

The first situation is implemented through a user event that is triggered at the beginning of each
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shift break. This event sends a message to the RMG operators instructing them to add the cor-
responding delay task. The second situation is handled directly within the dispatcher logic,
specifically in the section of the code where tasks are assigned to the RMG cranes.

Operational logic of the locomotive operators:

Locomotives are modeled as operators responsible for moving trains between the outside tracks
and the inside tracks of the rail yard. In particular, locomotives transport trains from the outside
tracks to the inside tracks when trains enter the yard, and from the inside tracks to the outside
tracks when they leave the terminal.

Similarly to the RMG operators described previously, locomotives are also subject to operational
constraints related to shift breaks. The same logic of temporarily interrupting operations or
delaying task assignments during break periods is applied.

When a locomotive is already performing a movement and a shift break occurs, the operation is
interrupted through a delay task added in the locomotive message trigger. Conversely, when a
train requests a locomotive during a shift break, the assignment is postponed by adding a delay
task following the same logic implemented in the locomotive dispatcher.

Another aspect of the locomotive logic is implemented through the operator triggers On Finish
and On Message. These triggers are used both to update the labels associated with trains and
tracks and to enforce additional operational rules for locomotive movements.

In particular, when a locomotive delivers a train from the outside tracks to the inside tracks, it
cannot immediately be assigned to another train. Before serving a new request, the locomotive
must return empty to the outside area. This return movement is modeled by introducing a delay
that represents the travel time required for the locomotive to reposition itself. During this period,
the locomotive remains unavailable for other assignments.

Furthermore, since the locomotive is initially selected when the train moves from the outside
track to the intermediate track, additional logic ensures that the same locomotive continues to
handle the subsequent movements of that train, namely from the intermediate track to the inside
track. A similar mechanism is applied for trains leaving the yard, guaranteeing that the same
locomotive performs the sequence of movements required for the outbound operation.

9.2.2 Simulation experiments based on the theoretical model

In this section, the simulation analysis is developed starting from the theoretical model previ-
ously presented. In particular, the theoretical train arrival schedule derived from the analytical
formulation is used as input to the simulation model. This approach allows the evaluation of
how the optimal theoretical schedule, and the corresponding number of trains, are affected when

202



additional operational constraints, such as locomotive availability, are introduced.

More specifically, the source of the simulation model is initialized using the ideal train arrivals
obtained from the optimal solution of the mathematical model presented in Section In
particular, by referring to the third row of Table it can be observed that, under optimal
conditions and assuming always-available locomotives, a maximum of 8 trains can be handled
within a 24-hour time horizon.

Based on this optimal solution, the first simulation experiment is designed in FlexTerm by repli-
cating the same arrival schedule. The arrival times and the assigned inside tracks for each train
are reported in Table[9.3] where time is expressed in seconds.

It is important to note that all other elements and assumptions of the simulation model remain
consistent with those of the theoretical model. In particular, each train requires five hours for
handling operations, one hour for entering the terminal, and one hour for departure. Furthermore,
the optimization model assumes the availability of a single RMG crane in each park for train
handling operations.

Table 9.3: Train schedule in source

Arrival Time [s] Train Name Quantity Inisde Track

0 Trainl 1 qE2
0 Train2 1 qW_8
7200 Train3 1 qE-4
10800 Train4 1 qW_7
14400 Train5 1 qE-1
25200 Train6 1 qE_6
28800 Train7 1 qW_1
57600 Train8 1 qW_8

To conduct the experiment, multiple scenarios are analyzed by varying two key parameters of
the model.

The parameters considered in the simulation experiments are AvailabilityRate and timeToAvail-
ability. Meanwhile, Table summarizes the key simulation parameters that are kept constant
throughout the experimental analysis.

The parameter AvailabilityRate represents the probability used in a Bernoulli distribution to de-
termine whether a locomotive is available at the time it is requested. When a train located in an
external queue requests a locomotive, the dispatcher evaluates its availability based on the out-
come of this probabilistic check. If a locomotive is available and all other operational conditions
are satisfied, it is assigned to the train. Otherwise, the train remains in the queue for a duration
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Table 9.4: Key simulation parameters and selected configurations (Theoretical experiment)

Parameter Selected setting (interpretation)
InsideTrackPolicy 2: assign trains to predefined (planned) inside tracks
ProcessingPolicy 1: process trains immediately upon arrival if re-

sources available

DeparturePolicy 1: trains leave immediately after processing

WestTrackPolicy 1: all West track can be used

DelayTrackPolicy 3: assign predefined track after delay

RMG _West 1: one RMG operating in the West park

RMG East 1: one RMG operating in the East park

ArrivalType 3: theoretical arrival schedule with identical theoreti-
cal trains

ArrivalProcessing 1: process trains immediately upon entering internal
queue

LocoReturn 2: locomotive return time is not considered

LocoNr 2: number of locomotives

ShiftBreaks 1: not considered

defined by the parameter timeToAvailability, which represents the time required for a locomotive
to become available again.

Different combinations of these two parameters are used to define the simulation scenarios ana-
lyzed in this study.

Table 9.5: Experimental scenarios defined by the combination of AvailabilityRate and time-
ToAvailability.

Scenario AvailabilityRate [%] timeToAvailability [s]

Scenario 1 100 0

Scenario 2 50 10800
Scenario 3 50 21600
Scenario 4 75 10800
Scenario 5 75 21600

The different experimental configurations are summarized in Table Scenario 1 corresponds
to the ideal case in which locomotives are always available. Under this assumption, the system
is expected to achieve the theoretical capacity identified by the optimization model, processing
up to eight trains within a 24-hour time horizon.

The remaining scenarios consider reduced locomotive availability. In particular, AvailabilityRate
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values of 50% and 75% are combined with timeToAvailability values of 10800 and 21600 sec-
onds, corresponding to 3 and 6 hours, respectively. These durations can be interpreted as rep-
resenting half or one full work shift, based on the 6-hour shift structure adopted at the PSA GP
terminal. In this context, a shift denotes a predefined 6-hour operational period during which a
specific workforce is assigned.

For each scenario, 20 replications were performed. This replication process accounts for the
stochastic nature of locomotive availability, ensuring that the observed performance differences
are not driven by random fluctuations. Consequently, it enables statistically robust comparisons
across scenarios and provides more reliable estimates of key performance indicators, such as the
average number of trains completed within the 24-hour simulation period.

Meanwhile, Fig. summarizes the number of trains completed within the 24-hour simulation
period across all experimental scenarios. The boxplots represent the distribution of the results
obtained from 20 independent replications for each scenario, represented by the dots in the figure.
The central line indicates the median, the box edges correspond to the 25th and 75th percentiles,
and the whiskers represent the full observed range.

In Scenario 1, where a locomotive is always available, the system consistently handles eight
trains per day, confirming the correspondence between the simulation and the theoretical maxi-
mum capacity obtained from the optimization model.

As locomotive availability decreases, the achievable capacity declines correspondingly. Under a
50% availability rate (Scenarios 2 and 3), the number of completed trains drops to an average of
six and four, respectively, with increased variability as downtime extends from three to six hours.
When availability improves to 75% (Scenarios 4 and 5), throughput partially recovers, reaching
an average of seven trains when downtime is limited to three hours and decreasing again when
locomotives remain unavailable for six hours.

Fig. illustrates the Gantt charts of train movements for two representative scenarios. The
first case corresponds to the optimal condition, in which the maximum number of eight trains
is completed (Fig. [0.124), while the second case represents a low-performance replication of
Scenario 3, where only four trains are completed (Fig. [9.12b)).

In the optimal case, all trains are successfully processed within the simulation horizon. The time
spent in the outside tracks during entry and exit operations appears negligible, as no explicit
processing time is assigned to these stages in the model. Furthermore, the Gantt chart confirms
that trains follow their predefined routing, reaching the assigned internal tracks as determined by
the input schedule.

In contrast, the low-performance scenario highlights the impact of reduced locomotive availabil-
ity. A significant amount of time is spent by trains waiting in the outside tracks before entering
the yard, due to the lack of available locomotives. Additionally, for the trains that are not com-
pleted within the simulation horizon, long waiting times can be observed in the inside tracks. In
these cases, although handling operations may be finished, trains are unable to exit the yard due
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Figure 9.11: Number of trains handled within a 24-hour period under different simulation sce-
narios (Theoretical experiment)

to the unavailability of locomotives.

The resource utilization statistics further support these observations. In Scenario 1, both RMG
cranes are utilized simultaneously for approximately 83.4% of the simulation time, while loco-
motives are utilized for about 33.7% of the time. In Scenario 3, locomotive utilization decreases,
with one locomotive used approximately 30% of the time and the other about 25%. Similarly, the
utilization of the RMG cranes is reduced, reaching approximately 66.7% and 62%, respectively.
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(a) Representative replication under ideal conditions (Scenario 1)
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(b) Low-performance replication (4 trains) under reduced locomotive availability (Scenario 3)

Figure 9.12: Comparison of train movement Gantt charts under different locomotive availability
conditions (Theoretical experiment)

9.2.3 Simulation experiments based on the theoretical model with realistic
elements added

In order to evaluate the system under more realistic operating conditions, the assumptions of the
theoretical model were refined by introducing additional operational details derived from real
terminal data.

In particular, several process components that were previously neglected or modeled with fixed
durations were replaced by stochastic or data-driven representations. These include train move-
ment times, handling operations, preparation activities, and operator availability constraints.

Table [9.6] summarizes the main differences between the theoretical and realistic configurations
of the model.

As shown in Table [0.6] the realistic model introduces additional processing times and stochas-
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Table 9.6: Comparison between theoretical and realistic modeling assumptions

Phase Theoretical model Realistic model

Outside queue (be- 0 Loco Release + loco coupling time

fore entry) before entry

Entrance movement 1h Triangular distribution based on real

(Intermediate track) data; higher for East-track move-
ments

Before handling (in- 0 Maneuvering and loco uncoupling

side track) time

Handling (discharge S5h Based on number of containers (em-

+ load) pirical distribution) and triangular
handling time per container

Before exit (inside O Preparation time (coupling, pressur-

track) ization)

Exit movement (In- 1h Triangular distribution based on real

termediate track)

data; higher for East-track move-

ments

Outside queue (after 0 Uncoupling, checks, brake test, and

exit) final operations

Operators (RMG, lo-  Shift breaks not con- Subject to shift breaks and availabil-
comotives) sidered ity constraints

Locomotive return Not modeled Return-empty time explicitly mod-

eled

tic variability across all phases of the train lifecycle. In contrast to the theoretical formulation,
where several operations are neglected or represented by fixed durations, the realistic configu-
ration incorporates operational procedures derived from terminal practice, including preparation
activities, maneuvering operations, and resource-related constraints.

Moreover, the introduction of stochastic elements in both movement and handling times, together
with constraints such as locomotive availability and shift breaks, provides a more accurate repre-
sentation of real terminal operations. While these factors would typically be expected to reduce
the achievable system capacity and increase performance variability, they also introduce a greater
degree of flexibility in system dynamics.

An additional difference with respect to the theoretical model concerns the characteristics of
the arriving trains. In the realistic configuration, trains are no longer identical but are generated
based on real data. In particular, the number of containers to be discharged and loaded is sampled
from empirical distributions, and the handling time for each container is drawn from triangular
distributions, as described previously.
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Figure 9.13: Number of trains handled within a 24-hour period under different simulation sce-
narios (Theoretical experiment with realistic operational parameters)

To ensure a consistent comparison with the theoretical model, the same experimental scenarios
are considered (see Table @, and the same arrival schedule and track assignments are used
(see Table[9.3). The only difference lies in the introduction of realistic operational elements and
heterogeneous train characteristics. The results of these experiments are presented in Fig.

For the remaining parameters, which are kept constant throughout the experimental analysis,
refer to Table 0.4l The only differences concern the parameters ArrivalType, which is set to 3
(corresponding to a theoretical arrival schedule with realistic trains), and ShiftBreaks, which is
set to 2, indicating that shift breaks are considered in this case.

The results obtained under realistic operating conditions show an improvement in system per-
formance compared to the previous experiment based on fixed processing times. In particular, a
higher number of trains is completed on average across most scenarios.

This improvement can be attributed to the introduction of variability in processing and movement
times. In the theoretical model, fixed durations lead to synchronized operations and increased
competition for shared resources, which may result in congestion. In contrast, the stochastic
nature of the realistic model produces a more distributed use of resources over time. In particular,
some trains are completed earlier than the average handling time, allowing inside tracks to be
freed sooner and enabling earlier requests for locomotives. This reduces blocking effects within
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Figure 9.14: Trace Gantt of the trains showing the time trains spent in each of the elements of
the model

the yard and leads to a more efficient utilization of both locomotives and RMG cranes.

Furthermore, variability reduces the likelihood of multiple trains competing simultaneously for
the same resources, thereby smoothing system operations and improving overall throughput. As
a result, the system is able to handle a higher number of trains under realistic conditions, despite
the presence of additional operational constraints.

Fig. [0.14]illustrates the distribution of train processing times across the different tracks for one
replication of Scenario 1. It can be observed that handling times in the inside tracks are generally
shorter and more variable compared to the fixed durations assumed in the theoretical model. At
the same time, additional time is now spent in the outside tracks, both during entry and exit, due
to operational procedures such as locomotive coupling, decoupling, and verification activities.

Although eight trains are still completed within the 24-hour horizon, a slight difference can be
observed: the last train remains in the outside track at the end of the simulation period and has
not fully exited the system. This contrasts with the theoretical case, where all trains complete
their full cycle within the time horizon.

In terms of resource utilization, locomotive usage remains relatively similar to the previous ex-
periment, with values of approximately 26% and 33% of the simulation time. In contrast, RMG
utilization decreases to approximately 57% and 54%, reflecting the reduced and more variable
handling times associated with the realistic modeling of train operations.
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(b) Average train stay time by track type ( model with realistic elements added)

Figure 9.15: Average stay time of trains across different track types under theoretical and realistic

modeling assumptions

Fig.[9.15|compares the average stay time of trains across the different track types for the theoret-

ical model and the the one where realistic elements are added.

In the theoretical configuration, the majority of the time is spent in the inside tracks, particularly
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in the East park, where significantly higher values are observed. This is mainly due to the use of
fixed processing times and because of the dealay caused when a locomotive is busy. In contrast,
the model with realistic elements added exhibits a more balanced distribution of time across
the different track types. While the stay time in the inside tracks is reduced, additional time is
now observed in the outside tracks, both during entry and exit. This is due to the inclusion of
operational activities such as locomotive coupling, decoupling, and verification procedures.

Overall, these results highlight how the introduction of realistic operational elements redis-
tributes processing time across the system, reducing congestion in the inside tracks and con-
tributing to a smoother and more efficient flow of trains through the terminal.

Although the theoretical model provides an upper bound on system capacity under idealized
assumptions, it is based on deterministic and highly structured operations. This rigidity may lead
to synchronized resource usage and increased congestion, which can negatively affect system
performance.

In contrast, the introduction of variability in the simulation model allows for a more flexible
and realistic representation of operations. This flexibility reduces synchronization effects and
improves the utilization of resources, resulting in higher observed throughput in some scenarios.

9.2.4 Simulation experiments under model saturation

The objective of this set of experiments is to evaluate the maximum operational capacity of
the rail yard under saturated demand conditions. To this end, a large number of train arrivals is
introduced into the system, with all trains entering the source at time instant 0. This configuration
ensures that the system remains continuously loaded, allowing the assessment of how many trains
can be processed within a given time horizon under different configurations.

As input to the model, 200 train arrivals are considered, corresponding to 200 trains entering the
terminal. These arrivals are generated based on real operational data collected over a one-week
period. Since the number of trains observed in a single week is not sufficient to saturate the
system, the same weekly arrival pattern is replicated until a total of 200 trains is obtained.

The purpose of these experiments is to evaluate the impact of both resource capacity and opera-
tional constraints on the overall system performance.

A baseline configuration is first defined. In this configuration, trains are allowed to be processed
immediately upon arrival, without waiting for the beginning of the next operational shift. Simi-
larly, trains are allowed to leave the system as soon as processing is completed and the required
resources are available, without being constrained by a predefined departure schedule. The sys-
tem is configured with two locomotives, and both shift breaks and locomotive return times are
considered. One track in the West park, specifically the uppermost track, is always kept free in
order to ensure connectivity between the West and East parks; this track is therefore used exclu-
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sively for train movements and not for handling operations. The assignment of trains to inside
tracks is performed randomly. This selection policy is also applied when a train is delayed at the
source and must request access to the system again after a waiting period.

Starting from this baseline configuration, the experiments are structured to evaluate the impact
of different parameters. In particular, the first set of experiments focuses on analyzing the effect
of varying the number of RMG cranes on the system capacity.

9.2.4.1 Changing the number of the RMGs

The experiment investigates the effect of varying the number of RMG cranes on the number of
trains handled, while all other parameters are kept fixed as reported in Table

Table 9.7: Key simulation parameters and selected configurations for the under-saturation model
with different numbers of RMGs

Parameter Selected setting (interpretation)

InsideTrackPolicy 1: assign trains in a random inside tracks

ProcessingPolicy 1: process trains immediately upon arrival if re-
sources available

DeparturePolicy 1: trains leave immediately after processing

WestTrackPolicy 2: leave one West track free

DelayTrackPolicy 1: assign trains in a random inside tracks after delay

ArrivalType 1: arrival schedule for model saturation

ArrivalProcessing 1: process trains immediately upon entering internal
queue

LocoNr 2: number of locomotives

ShiftBreaks 2: considered

Loco AvailabilityRate 100: always available

Meanwhile the scenarios based on the parameters changed are presented in the Table [9.8]
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Table 9.8: Experimental scenarios for RMG configuration and locomotive return policy

Scenario RMG_West RMG_East LocoReturn

Scenario 1 1 1 1 (Yes)
Scenario 2 1 2 1 (Yes)
Scenario 3 2 1 1 (Yes)
Scenario 4 2 2 1 (Yes)
Scenario 5 1 1 2 (No)
Scenario 6 1 2 2 (No)
Scenario 7 2 1 2 (No)
Scenario 8 2 2 2 (No)

numberOfTrainsFinished
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Figure 9.16: Number of trains handled over a 24-hour period under different RMG configurations

Eight scenarios are defined based on the combination of two factors: the number of RMG cranes
operating in each park and whether the locomotive return time is considered.

The results are presented in Fig. [9.16] In the first four scenarios, where the locomotive return
time is considered, the impact of increasing the number of RMGs is not particularly significant.
In these cases, the number of trains handled remains relatively low, with a maximum of approx-
imately 9 trains and only occasional instances reaching 10.

This limited performance, even when two RMG cranes are available, can be attributed to the
constraints imposed by the locomotive return logic. In particular, once a locomotive completes a
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task, it must spend additional time returning before it can be assigned to a new train. During this
period, the locomotive remains unavailable, reducing the system’s effective transport capacity.
Furthermore, locomotive movements occupy critical infrastructure such as intermediate tracks
and the connecting West track, temporarily preventing their use by other trains and increasing
congestion within the system.

In contrast, in the last four scenarios, where the locomotive return time is not considered, the im-
pact of the number of RMG cranes becomes much more evident. In this case, the system achieves
significantly higher throughput, with the maximum number of completed trains reaching up to
16 when two RMG cranes are available in each park. When only one RMG crane per park is
used, the number of completed trains ranges approximately between 10 and 11. Therefore, un-
der saturated conditions and neglecting locomotive return time, this configuration represents the
effective upper bound of system capacity.

A difference can also be observed between Scenarios 6 and 7. In Scenario 7, where two RMG
cranes operate in the West park, a slightly higher number of trains is completed compared to Sce-
nario 6, where two RMG cranes are instead located in the East park. This behavior is explained
by the system layout: trains handled in the East park must pass through a West track to exit the
terminal. As a result, even if trains are fully processed in the East park, they may not be counted
as completed if a West track is not available for their departure.

It should be noted that this effect is particularly visible because the simulation horizon is limited
to one day. Over longer time horizons, where more trains are able to complete their full cycle and
exit the system, the difference between these scenarios becomes negligible, typically affecting
only the last train in the system.

To further investigate the impact of locomotive availability on the overall system capacity, the
utilization of both RMG cranes and locomotives is analyzed for two representative scenarios:
Scenario 4, where locomotive return time is considered, and Scenario 8, where this constraint
is removed. These scenarios are selected as they represent extreme configurations in which two
RMG cranes are available in each park. The analysis focuses on specific replications whose
behavior is consistent with the majority of the observed outcomes, corresponding to cases where
9 and 16 trains are completed, respectively.

The results are presented in Fig.

In Scenario 4, locomotive utilization is relatively limited, with values around 50-60%, while
RMG utilization ranges between approximately 50% and 76%. This indicates that the system
is not able to fully exploit its handling capacity. The reason lies in the locomotive return logic:
after completing a transport task, locomotives require additional time to return before they can
serve another train. As a result, trains experience delays both in entering and exiting the system,
reducing the frequency at which RMGs receive new work. Consequently, RMG cranes remain
partially idle despite the availability of handling capacity.
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(a) Scenario 4 — With locomotive return time
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(b) Scenario 8 — Without locomotive return time

Figure 9.17: Resource utilization under saturated conditions for two representative scenarios
considering the presence or absence of locomotive return time

In contrast, in Scenario 8, where locomotive return time is not considered, locomotive utilization
increases significantly, reaching values of around 80-85%. This leads to a more continuous flow
of trains within the system. As a result, RMG utilization also increases, reaching values above
80%, indicating a much more efficient use of handling resources.

However, it is important to note that the increase in RMG utilization is not proportional to the
increase in the number of completed trains. While throughput nearly doubles, RMG utilization
increases only moderately. This is because, even when handling operations are completed, trains
may still remain in the system due to residual constraints related to locomotive movements and
track availability.

The temporal evolution of resource activity is illustrated in Fig. The shift breaks, occurring
at 05:45-06:15, 11:45-12:15, 17:45-18:15, and 23:45-00:15, can be clearly identified as periods
during which both RMG cranes and locomotives are inactive.

These interruptions are particularly evident in Scenario 8, where the resources operate continu-
ously outside the shift breaks. In contrast, in Scenario 4, additional idle periods can be observed,
especially for the RMG cranes after completing certain trains, due to the lack of available trains
to be processed.

Similarly, locomotives in Scenario 4 exhibit extended idle times as a consequence of the return
logic: after completing a movement, they are temporarily unavailable for new tasks, and this
state is recorded as idle rather than as empty travel. This further contributes to the reduced
system throughput observed in this configuration.
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RMG and Locomotive Activity with Shift Breaks
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(a) Scenario 4 — With locomotive return time
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(b) Scenario 8 — Without locomotive return time

Figure 9.18: Resource activity over time under saturated conditions for two representative sce-
narios considering the presence or absence of locomotive return time

Overall, these results highlight that the system bottleneck is primarily associated with transport
operations rather than handling capacity. When locomotive return constraints are present, the
system is transport-limited, whereas removing this constraint allows the system to better exploit
its handling resources, shifting the bottleneck towards RMG capacity.

In order to obtain a more robust evaluation of system capacity, the same set of experiments is
repeated over a longer time horizon, specifically one week of operations. This allows a more
accurate assessment of the impact of resource configurations, as the system processes a signifi-
cantly larger number of trains.

In the one-day experiments (Fig.[9.16), the differences between configurations may appear lim-
ited. For instance, the effect of using one or two RMG cranes in the East park is not always
clearly visible. However, this is mainly due to the short time horizon, where a small number
of trains (e.g., one or two) may be completed but not yet exited the system, thus affecting the
measured throughput.

Over a longer time horizon, these transient effects become less significant. As the total number of
handled trains increases, the results provide a more representative picture of system performance.
In this case, the impact of resource configurations becomes clearer and can be interpreted more
reliably.

The results of the one-week simulation are presented in Fig. Compared to the one-day
experiments, the impact of the different configurations becomes clearer and more consistent.

In particular, the results of Scenario 7 are now much closer to those of Scenario 6, as expected,
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Figure 9.19: Number of trains handled over one week under different RMG configurations

rather than being closer to Scenario 8. This confirms that, over a longer time horizon, transient
effects observed in shorter simulations are reduced, allowing for a more reliable comparison of
system performance.

It can also be observed that a slightly better performance is achieved when two RMG cranes
are deployed in the West park rather than in the East park. This is explained by the system
layout: trains processed in the East park must pass through a West track to exit the terminal.
Therefore, even when trains are fully handled in the East park, their departure may be delayed due
to the additional constraint of requiring a free West track, preventing them from being counted
as completed.

On the other hand, when the locomotive return time is considered, Scenario 4 (with two RMG
cranes in each park) does not show a significant improvement compared to Scenario 3 (with two
RMG:s in the West park and one in the East). This further confirms that locomotive availability
plays a more critical role than handling capacity. In such cases, the system is transport-limited,
and increasing the number of RMG cranes does not lead to a proportional increase in throughput.

This behavior is further supported by the utilization results shown in Fig.[9.20] In Scenario 4, the
additional RMG introduced in the East park remains almost unused, while the utilization levels of
the other cranes are comparable to those observed in Scenario 3. This indicates that the system is
not able to continuously supply trains to all available cranes. In particular, the limited availability
of locomotives restricts the flow of trains entering and leaving the inside tracks, preventing the
effective exploitation of the additional handling capacity.
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RMG and Locomotive Utilization
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(a) Scenario 3 —2 RMGs in West park and 1 in the East one
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(b) Scenario 4 — 2 RMGs in each park

Figure 9.20: Resource utilization under saturated conditions for two representative scenarios
with varying numbers of RMG cranes

Finally, Scenarios 1 and 5, where only one RMG crane is available in each park, exhibit very
similar performance, with an average of approximately 90 trains processed per week, even
when locomotive return time is not considered. This behavior can be explained by analyzing
the utilization of RMG cranes, which operate at nearly full capacity (around 90%, as shown in
Fig. in both scenarios. In addition, Fig. confirms that RMG cranes are continuously
active throughout the simulation period in both configurations. As a result, the system becomes
handling-limited: since RMGs are already fully utilized, locomotive availability does not signif-
icantly affect overall performance.
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RMG and Locomotive Activity with Shift Breaks
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(a) Scenario 1 — With locomotive return time
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(b) Scenario 5 — Without locomotive return time

Figure 9.21: Resource activity over time under saturated conditions for two representative sce-
narios considering the presence or absence of locomotive return time over a one-week simulation
horizon

RMG and Locomotive Utilization
W Travel empty [l Travel loaded [l Offset travel empty [ Utilize  Idle
RMG1 91.20%

RMG2  0.00%
RMG3 89.92%
RMG4  0.00%
loco2  53.41%
locol  47.64%
0% 5% 10% 15% 20% 25% 30% 35% 40% 45% 50% 55% 60% 65% 70% 75% 80% 85% 90%  95%

(a) Scenario 1 — With locomotive return time
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(b) Scenario 5 — Without locomotive return time

Figure 9.22: Resource utilization under saturated conditions for two representative scenarios
considering the presence or absence of locomotive return time over a one-week simulation hori-
zon

For the remaining scenarios, the observed trends can be directly explained by the previously
identified system mechanisms, and additional graphical analysis is therefore omitted for clarity.
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Table 9.9: Number of completed trains over one week for different scenarios

Scenario Mean Trains Std. Dev.

1 90 1.5
2 105 1.6
3 112 1.5
4 113 1.6
5 90 2.0
6 132 2.0
7 136 2.2
8 155 1.2

To complement the graphical analysis, Table summarizes the average number of completed
trains for each scenario over the one-week simulation horizon. The results confirm the trends
observed in Fig.[9.19] providing a clearer quantitative comparison between configurations. It can
be observed that the highest performance is achieved in Scenario 8, where both handling and
transport constraints are minimized, while Scenarios 1 and 5 show similar performance due to
the system being handling-limited. Intermediate scenarios highlight the impact of locomotive
constraints and system layout on overall throughput.

These results highlight the combined effect of resource availability and system constraints on
terminal capacity. In the following subsection, the analysis is extended by investigating the
impact of operational constraints, while keeping the number of resources fixed.

9.2.4.2 Changing operational constraints

In this part, the experiments aim to evaluate the impact of operational constraints on the overall
system capacity, in contrast to the previous analysis, where the focus was on the effect of resource
configurations.

The parameters that remain fixed throughout these experiments are summarized in Table [9.10]
The different scenarios considered are presented in Table[9.11] and are defined based on combi-
nations of the parameters Processing Policy and Loco Return. The Processing Policy determines
whether a train can be processed immediately upon arrival, provided that resources (RMG cranes)
are available, or whether it must wait until the next shift. The Loco Return parameter specifies
whether the time required for a locomotive to return after completing a task is considered or
neglected.
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Table 9.10: Key simulation parameters and selected configurations for the under-saturation
model under varying operational constraints

Parameter Selected setting (interpretation)

InsideTrackPolicy 1: assign trains in a random inside tracks

DeparturePolicy 1: trains leave immediately after processing

WestTrackPolicy 2: leave one West track free

DelayTrackPolicy 1: assign trains in a random inside tracks after delay

ArrivalType 1: arrival schedule for model saturation

ArrivalProcessing 1: process trains immediately upon entering internal
queue

LocoNr 2: number of locomotives

RMGNTr West Park 1: number of RMGs

RMGNTr East Park 1: number of RMGS

ShiftBreaks 2: considered

Loco AvailabilityRate 100: always available

Table 9.11: Operational policy scenarios under saturated conditions

Scenario Processing Policy Loco Return

1

2
3
4

I (Immediate) 1 (Yes)
1 (Immediate) 2 (NO)
2 (Next shift) 1 (Yes)
2 (Next shift) 2 (No)

numberOfTrainsFinished

Figure 9.23: Number of trains handled over one week under different operational policies
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As shown in Fig.[9.23] the requirement that trains can only be processed starting from the next
shift (considering a shift duration of 6 hours) has its impact on system performance. This can
be observed by comparing Scenario 1 and Scenario 3, where, on average, approximately 2-3
additional trains are completed per week when immediate processing is allowed.

This effect is mainly due to the delay introduced at the beginning of the simulation, when trains
must wait until the next shift before being processed. Over a one-week horizon, this delay has a
limited but still visible impact, as it primarily affects the initial system response and, to a lesser
extent, the completion of the last trains within the simulation period.

On the other hand, the impact of the locomotive return time is less significant. This can be
observed by comparing Scenario 1 with Scenario 2, and Scenario 3 with Scenario 4, where only
minor differences in the number of completed trains are observed. This indicates that, under
the considered configuration, the locomotive return constraint has a reduced influence on overall
system capacity compared to the processing policy.

RMG and Locomotive Activity with Shift Breaks
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(a) Scenario 1 — Trains worked immediately
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(b) Scenario3 — Trains worked on the next shift

Figure 9.24: Resource activity over time under saturated conditions for two scenarios with dif-
ferent processing policies

Fig. illustrates the resource activity over time for two representative scenarios. This figure
highlights the impact of the processing policy on the initial utilization of RMG cranes.

In Scenario 3, where trains can only be processed starting from the next shift, RMG cranes remain
idle during the first shift despite the presence of trains in the system. In contrast, in Scenario 1,
RMGs begin operating immediately as soon as trains enter the terminal and are ready to be
processed.

This initial delay explains the difference in overall performance between the two scenarios. In
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terms of utilization, RMG cranes in Scenario 1 exhibit slightly higher values (approximately 2—
3%) compared to Scenario 3. This difference arises because, over the same simulation horizon,
RMGs in Scenario 1 are able to start processing earlier, leading to a more efficient use of available
time.

Another experiment was conducted to evaluate the effect of relaxing the constraint that trains
can only be processed starting from the next shift. In particular, a Gray Interval of one hour
was introduced. This parameter allows trains arriving within the first hour of a shift to be pro-
cessed immediately, without waiting for the next shift. All other parameters remain as defined
in Table[9.10] with the processing policy set to 2 (i.e., processing starts in the next shift) and the
locomotive return time considered.

Meanwhile Table|9.12|summarizes the scenarios considered to evaluate the effect of introducing
a Gray Interval.

Table 9.12: Scenarios for the evaluation of processing flexibility through a Gray Interval

Scenario Processing Flexibility
1 1 (Strict next-shift processing)
2 2 (Next-shift with 1-hour Gray Interval)

The results, shown in Fig. indicate a slight improvement in the number of completed trains
when the constraint is relaxed. However, the effect is limited due to the relatively short dura-
tion of the Gray Interval and the small number of trains arriving within this time window. A
larger Gray Interval would likely lead to a more significant increase in system performance.
This result highlights that even small relaxations of operational constraints can improve system
performance, although the magnitude of the effect depends on how frequently the condition is
triggered.
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numberOfTrainsFinished

Figure 9.25: Number of trains handled over one week under different operational policies under
a relaxed processing policy

Related publications. Parts of the work presented in this chapter have been published in [[125]]
and [126]).
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Chapter 10

Conclusions and Future Directions

This chapter concludes the thesis by summarizing the main findings of the research and drawing
overall conclusions. These conclusions are intended to address the research questions formulated
in the introduction. In addition, the chapter outlines recommendations and directions for future
research, which constitute an important component of the concluding discussion.

As a reminder, the research presented in this thesis focuses on two key inland-side subsystems
of the port terminal: the gate and the rail yard. Accordingly, the main findings of the study are
primarily related to these two components and their contribution to overall terminal performance.

First and foremost, adopting a system-of-systems perspective proved fundamental in structuring
the research and interpreting the results. This perspective enabled a comprehensive understand-
ing of how different terminal subsystems interact and influence one another, while maintaining
a specific focus on gate and rail yard operations. As a result, the findings highlight not only the
performance of these subsystems in isolation, but also their broader impact on terminal efficiency.

Starting from the prediction models for truck arrivals in the export case, it can be observed that
vessel arrival times, and particularly delays in vessel arrivals, directly affect the time window
during which the yard is open to receive export containers. Changes in this time window con-
sequently influence the pattern of truck arrivals at the terminal. A similar relationship can be
observed for containers leaving the terminal by truck. Therefore, incorporating data related to
vessel schedules and delays can contribute to more accurate predictions of container flows enter-
ing and leaving the terminal by truck.

The methodology, based on a feedforward neural network, provides satisfactory results. In the
export case, the model successfully forecasts the arrival curve of containers in more than 80% of
the cases, achieving an R index greater than 0.7. The use of the Leave-One-Out Cross-Validation
(LOOCYV) technique also proves useful in identifying cases where the model performs less ef-
fectively.
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For the import case, similar performance is observed: for the largest dataset considered, approxi-
mately 70% of the cases exhibit an R coefficient higher than the average and a lower-than-average
Mean Squared Error (MSE).

Nevertheless, it should be noted that the proposed methodology is subject to certain limitations.
The prediction framework developed in this thesis focuses primarily on forecasting the total
number of containers handled per day. The corresponding hourly distribution required for the
optimization scheme is subsequently derived using a recurrent curve. While this approach proved
effective for daily aggregate predictions, it is less suitable for accurately capturing container
volumes at an hourly level.

In particular, the application of an Artificial Neural Network (ANN) for predicting smaller hourly
container volumes did not yield the same level of performance as observed for daily totals. A
more accurate hourly prediction would likely require the adoption of a different methodological
approach, such as time-series-based forecasting techniques.

Furthermore, additional limitations arise when more detailed container-level information is re-
quired. Future applications may necessitate predictions not only of total daily volumes, but also
of container characteristics, such as the number of full and empty containers or the distribution
between 20-foot and 40-foot units. Preliminary tests indicate that the feed-forward ANN ap-
proach employed in this study is not sufficiently effective for this level of detailed classification.
Addressing these aspects therefore represents an important direction for future research.

Considering the volume of truck traffic at the terminal, on average 2,300 trucks per day, and
given that a terminal area can be considered congested when more than eight trucks are simulta-
neously present, it is evident that uncontrolled truck arrivals can easily lead to congestion. This
is particularly critical for container pickup operations in import areas, which constitute the focus
of this thesis in relation to congestion optimization.

The optimization scheme proposed in this work aims to mitigate congestion by redistributing
only a subset of truck arrivals that are expected to contribute most significantly to congestion. In
this context, the implementation of a full Truck Appointment System (TAS) may be challenging,
as it requires broad acceptance and coordination among multiple stakeholders, which is often
difficult to achieve in practice. As an alternative, a partial appointment or redistribution strategy,
applied only to a limited number of containers or trucks, may represent a more feasible and
pragmatic solution.

The discussion on the practical implementation of the proposed approach naturally leads to the
question of how truck arrivals should be temporally redistributed when congestion is predicted
for a given day or time window. This decision must be made while carefully accounting for
operational feasibility and yard constraints.

Truck arrivals may be redistributed to earlier time windows, provided that such adjustments fall
within the truck’s free interval, a condition that is ensured by construction within the optimization
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problem and guarantees that the corresponding containers are already available in the yard. Suit-
able candidates for temporal advancement may therefore include trucks assigned to containers
with longer dwell times or to containers that are more conveniently positioned within the stack
and require limited rehandling operations. Nevertheless, advancing truck arrivals may introduce
additional operational risks, as the associated resources and processes may not yet be fully ready
to support an earlier pickup. For this reason, rescheduling trucks to later time windows should
generally be preferred whenever feasible, particularly for trucks associated with containers that
are operationally demanding to retrieve, such as those located in deeper stack positions or in yard
areas with high planned workload.

Overall, these considerations highlight the asymmetric nature of temporal flexibility in truck
rescheduling decisions and underscore the importance of embedding operationally grounded de-
cision rules when translating the proposed approach into practice. By focusing congestion miti-
gation efforts on selected truck arrivals, the proposed approach can be implemented proactively
while preserving operational feasibility and service reliability. Nevertheless, despite the poten-
tial benefits of such a redistribution strategy, its practical adoption requires non-negligible effort
from the terminal, particularly in terms of coordinating and adjusting truck arrival times. This
emphasizes the need to strike a careful balance between operational effectiveness and practical
implementability when deploying the proposed solution.

A similar redistribution logic to the one proposed for congestion prevention is also applied when
assessing the environmental impact of the approach from a sustainability perspective. The emis-
sion estimation framework developed in this thesis relies on emission factors provided by the Eu-
ropean Environment Agency (EEA), which are derived from the COPERT model. This ensures
consistency with the European reference methodology for road transport emission inventories
while allowing the model to be applied within the proposed decision-support framework.

The novelty of the proposed approach does not lie in the emission calculation methodology itself,
but rather in the use of predicted truck arrivals,more precisely, predicted container flows handled
by trucks, as an input for emission estimation. This predictive capability enables emissions to be
assessed in advance and makes it possible to evaluate redistribution strategies aimed at avoiding
concentration peaks on specific days or time windows. In the present work, the environmental
assessment focuses on a specific pollutant, selected based on data availability; however, the pro-
posed framework is readily extendable to additional pollutants provided that the corresponding
emission factors are available.

While such redistribution strategies do not necessarily reduce total emissions over the considered
planning horizon, since the total number of trucks remains unchanged, they play an important
role in mitigating short-term emission peaks. These peaks are typically associated with a tem-
poral concentration of pollutant release, increased idling, and less efficient vehicle operating
conditions. By smoothing the temporal distribution of truck arrivals, the proposed approach con-
tributes to a more balanced emission profile over time, which is particularly relevant from a local
air quality and environmental sustainability perspective.
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Two redistribution methods were proposed for this purpose. The first method was algorithm-
based and offers greater flexibility, making it easier to incorporate additional conditions or opera-
tional constraints in future extensions. The second method relied on a mathematical optimization
formulation. Although the introduction of further constraints in this formulation may increase
computational complexity or risk nonlinearity, it provides a more structured and accurate redis-
tribution of truck arrivals for the problem setting considered in this thesis.

For the scope and assumptions addressed in this work, the optimization-based approach emerges
as the most suitable solution among the two, offering a cleaner and more precise redistribution
while preserving computational tractability. At the same time, the algorithmic approach remains
a valuable alternative for scenarios requiring greater adaptability or incremental integration of
additional operational considerations.

Moving on to the second subsystem examined in this thesis, particular attention was devoted to
rail operations. The performance of the rail park can significantly affect other terminal processes
and overall operational efficiency. Improved rail performance, both in terms of optimization
and processing speed, can lead to a more effective utilization of terminal handling equipment,
thereby enhancing coordination among different terminal operations. In particular, optimiz-
ing the scheduling of container discharge from trains can contribute to reducing unnecessary
equipment movements within the yard. For example, a more structured discharge sequence can
minimize the distance traveled by handling equipment such as Reach Stackers (RS), leading to
time savings and, consequently, to lower fuel consumption. These effects translate into both
operational and environmental benefits, as reduced travel distances improve productivity while
decreasing energy use.

To address the problem of optimizing train discharge operations, two main methodological ap-
proaches were developed and analyzed in this thesis. The first approach is based on an exact
modeling framework, in which the train discharge process is formulated as a flexible flow shop
scheduling problem and subsequently expressed as a mathematical optimization model.

The exact solution of this model led to a reduction of approximately 25% in the total time re-
quired to discharge the train, as demonstrated by the results. However, the main limitation of
this approach lies in the computational time required to solve larger instances, particularly in the
case of trains with a higher number of containers.

For this reason, a heuristic approach based on Tabu Search was developed. This method proved
effective in optimizing the scheduling of train discharge operations, for example in the case of
a train with 24 containers. Although the time savings achieved with the heuristic approach are
relatively lower compared to the exact method, the results show that similar performance can be
obtained with reduced resource usage, particularly with a lower number of Prime Movers (PMs).

Nevertheless, both approaches present certain limitations. In particular, simplifications related to
distances and vehicle velocities are adopted in the models. Although these assumptions are close
to real operating conditions, they may affect the accuracy of the obtained solutions.
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To address these limitations, a detailed simulation model was developed and is described in this
thesis. The purpose of this model is to evaluate the effectiveness of the proposed optimization
solutions under more realistic conditions, accounting for more accurate representations of travel
distances and vehicle speeds. The simulation results are not yet available and are therefore left
for future work.

This integrated approach makes it possible to address the research question concerning the role
of such analyses in supporting decision-making for train discharge operations. In particular,
the results of the optimization models highlight the potential of decision-support tools capable
of automatically generating improved discharge schedules, thereby facilitating the work of rail
planners.

Another important part of this thesis concerns the evaluation of the capacity of the rail yard in
terms of the number of trains that can be handled within a given time horizon. To address this
problem, two main methodological approaches were proposed.

In the first approach, the problem is formulated mathematically based on queuing theory. The
system of train arrivals at the terminal is analyzed by considering physical, operational, and
resource constraints, and it is modeled by representing each track as a queue of trains. Due to
the complexity of accurately representing all elements of the real system, certain simplifications
are introduced. As a result, the estimated capacity represents a theoretical evaluation, which
nevertheless provides useful insights into the overall capacity of the yard and the impact of
varying key parameters. However, this approach also requires considerable computational effort
when multiple scenarios are analyzed.

For this reason, a simulation-based approach is also adopted. Using the FlexTerm environment,
a detailed model of the rail yard is developed, allowing the inclusion of more realistic and op-
erationally relevant information compared to the theoretical model. An extensive experimental
campaign is conducted, including different types of analyses. First, the performance of the theo-
retical model is evaluated within the simulation environment under additional constraints. Sub-
sequently, more comprehensive experiments are carried out by incorporating realistic elements
and progressively saturating the system in order to assess its maximum capacity. Several sce-
narios are considered, including variations in the number of resources, changes in operational
constraints related to locomotive movements, and different policies governing how and when
trains are processed.

The results confirm the importance of key resources, such as Rail Mounted Gantry cranes (RMGs)
and locomotives, in determining the total number of trains handled. In addition, they highlight
the impact of operational decisions, particularly regarding the timing of train handling, on the
overall system performance.

The simulation model proves to be a valuable tool, as it facilitates the inclusion of detailed
system characteristics and enables the execution of multiple experiments within relatively short
computational times. For instance, simulation runs consisting of 20 replications over a one-week
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horizon can be completed within a few minutes. Overall, the simulation framework supports the
identification of system bottlenecks and provides a flexible environment to evaluate how changes
in both resource availability and operational strategies influence the performance of the rail yard.

Finally, this thesis contributes through the development of prediction, optimization, and simula-
tion models, providing a comprehensive framework for the analysis and improvement of terminal
operations. The results demonstrate the potential of these tools to enhance operational efficiency
and, most importantly, to support more informed and effective decision-making processes within
the terminal.

Several limitations of the present work open directions for future research. From a predictive
perspective, one possible extension concerns the development of more detailed models for con-
tainers leaving the terminal by truck. In particular, moving from daily to hourly predictions
would allow a more accurate representation of truck flows and would improve the effectiveness
of redistribution strategies aimed at reducing congestion.

Another important aspect concerns the analysis of the results obtained from the detailed simula-
tion model for train discharge operations. In particular, future work should focus on evaluating
the performance of the optimized scheduling solutions within the simulation environment, in
order to assess their effectiveness under more realistic operating conditions.

A key direction for future research concerns the practical implementation of the proposed method-
ologies within terminal operations. Integrating these models into real-world decision-making
processes would allow their validation in operational settings and provide insights into their ac-
tual impact on terminal performance. This would require additional efforts, particularly in terms
of integration with existing information systems and the development of user-friendly interfaces
to support terminal operators.

Finally, it is important to note that the models and methods developed in this industrial thesis
provide a solid foundation for further extensions. They can be adapted, refined, and expanded
to incorporate additional operational requirements and to address new challenges arising in port
terminal operations.
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Apendix A

The figures below present the distribution analyses for all the other train types considered in
Section
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Figure 10.1: Distribution of containers for Train Type 3: (a) inbound trains and (b) outbound
trains.
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Figure 10.2: Distribution of containers for Train Type 4: (a) inbound trains and (b) outbound
trains.
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Figure 10.3: Distribution of containers for Train Type 5: (a) inbound trains and (b) outbound
trains.
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Figure 10.4: Distribution of containers for Train Type 6: (a) inbound trains and (b) outbound
trains.
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Figure 10.5: Distribution of containers for Train Type 7: (a) inbound trains and (b) outbound
trains.
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Figure 10.6: Distribution of containers for Train Type 8: (a) inbound trains and (b) outbound
trains.
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Figure 10.7: Distribution of containers for Train Type 9: (a) inbound trains and (b) outbound

trains.
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Figure 10.8: Distribution of containers for Train Type 10: (a) inbound trains and (b) outbound
trains.
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Figure 10.9: Distribution of containers for Train Type 11: (a) inbound trains and (b) outbound
trains.
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Figure 10.10: Distribution of containers for Train Type 12: (a) inbound trains and (b) outbound
trains.
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Figure 10.11: Distribution of containers for Train Type 13: (a) inbound trains and (b) outbound
trains.
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Figure 10.12: Distribution of containers for Train Type 14: (a) inbound trains and (b) outbound
trains.
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Figure 10.13: Distribution of containers for Train Type 15: (a) inbound trains and (b) outbound
trains.
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Figure 10.14: Distribution of containers for Train Type 16: (a) inbound trains and (b) outbound
trains.
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Figure 10.15: Distribution of containers for Train Type 18: (a) inbound trains and (b) outbound
trains.
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Figure 10.16: Distribution of containers for Train Type 19: (a) inbound trains and (b) outbound
trains.
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