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Abstract

Airports are increasingly electrifying Ground Support Equipment (GSE) fleets to reduce local emis-
sions and support decarbonisation targets. Although electric Ground Support Equipment (eGSE)
are well suited to many airside operations, electrification changes the fleet-sizing problem. Vehi-
cle availability is no longer determined only by task duration, location, and travel time, but also by
battery state, charging duration, charger access, and operational charging rules. These constraints
are especially relevant during aircraft turnaround operations, where multiple time-critical ground-
handling tasks must be completed within narrow service windows.

This thesis investigates how operational requirements, uncertainty, and charging affect the required
fleet capacity and operational demand of eGSE in airport turnaround processes. A structured re-
view of the GSE and eGSE modelling literature shows that existing studies provide important build-
ing blocks for routing, scheduling, energy management, and charging analysis. However, the joint
integration of task execution, individual vehicle availability, charging behaviour, infrastructure con-
straints, and operational uncertainty remains limited. In particular, many models either simplify
charging and vehicle-level states, treat fleet size as a fixed input, or do not represent uncertainty.
This motivates the development of a simulation-based decision-support approach in which eGSE
fleet sizing is evaluated as a dynamic vehicle-availability problem.

A rule-based Discrete-Event Simulation (DES) framework is developed to represent daily eGSE oper-
ations. The model includes individual service tasks, vehicle-specific states, airport location groups,
travel times, battery state of charge, charging sessions, charger capacity, refilling, dumping, depot-
return behaviour, and service-specific operating rules. Vehicles are assigned to tasks based on task
urgency, time-window feasibility, travel time, battery state, and operational resource constraints.
Task-timing uncertainty and travel-time uncertainty are included to evaluate how stochastic oper-
ational variability affects service-window performance and fleet-size requirements.

The framework is applied in a case study at KLM Ground Services (KLM GS) at Amsterdam Air-
port Schiphol (AAS). The validated case-study scope includes three vehicle groups: water vehicles,
toilet vehicles, and loaders. These groups represent both depot-based resource-constrained op-
erations and stand-side service operations. The model is verified using synthetic test cases and
validated through operational data checks, expert judgement, service-demand validation, energy
and charging behaviour, water-demand consistency, and uncertainty-representation checks. Sim-
ulation experiments are then used to assess baseline performance, deterministic fleet sizing, task-
timing and travel-time uncertainty, combined uncertainty, demand-case robustness, idle forward
staging, feasibility-aware task selection, and sensitivity to operational and charging parameters.

The results show that required fleet capacity depends strongly on the service-level interpretation.
Under deterministic operating conditions, the smallest fleet sizes that achieve 100% on-time task
completion are 12 water vehicles, 11 toilet vehicles, and 23 loaders. Under combined task-timing
and travel-time uncertainty, the strict robust thresholds increase to 16 water vehicles, 15 toilet ve-
hicles, and 25 loaders. These are the smallest tested configurations that achieve 100% on-time task
completion across all 30 stochastic replications. However, if a very small number of short internal
service-window violations is operationally acceptable, lower fleet sizes may also be defensible. Un-
der this pragmatic interpretation, at least 11 water vehicles, 9 toilet vehicles, and 23 loaders achieve
≥ 99.90% on-time task completion. These results should be interpreted carefully, because the per-
formance metric measures completion within internal service windows and does not directly mea-
sure aircraft departure delay.

The experiments also show that operational-control assumptions can materially affect fleet-size
outcomes. Idle forward staging, where idle vehicles remain near the aircraft stand instead of return-
ing immediately to the depot, reduces unnecessary deadheading and improves service performance
for selected vehicle groups. For toilet vehicles, the deterministic strict requirement decreases from
11 to 9 vehicles. Under combined uncertainty, idle forward staging reduces the strict robust thresh-
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old from 16 to 14 vehicles for water vehicles and from 15 to 10 vehicles for toilet vehicles. For load-
ers, the fleet-size threshold remains unchanged, but driven distance and depot-return movements
are substantially reduced. A feasibility-aware task-selection variant further shows that dispatching
logic can reduce the number of late tasks under scarce-fleet conditions, although it may increase
the lateness severity of tasks that are already infeasible.

The sensitivity analysis indicates that charging is not the main driver of late task completion within
the tested configurations. Energy-related parameters mainly affect charging sessions, charger oc-
cupancy, and charging-infrastructure utilisation. Task punctuality is more strongly constrained by
vehicle availability during demand peaks, travel-time assumptions, service-time assumptions, and
operational positioning logic. Charging therefore remains important for infrastructure planning
and vehicle availability, but it is not the dominant bottleneck in the tested case-study settings.

Overall, the study shows that explicitly simulating operational requirements, uncertainty, and
charging changes the interpretation of eGSE fleet sizing from a static vehicle-count problem into
a dynamic availability problem. Required fleet capacity depends not only on the number of tasks,
but also on when and where vehicles are needed, how uncertainty clusters demand, how quickly
vehicles can recover between tasks, and how charging and supporting infrastructure affect vehi-
cle availability. A simulation-based approach therefore provides a useful decision-support method
for assessing eGSE fleet capacity, operational robustness, and charging-related resource use in air-
port ground handling. The reported fleet sizes should be interpreted as operational fleet-capacity
requirements under the tested service-level assumptions. Final implementation decisions should
add a technical reserve for maintenance, failures, battery degradation, charger unavailability, and
other sources of vehicle downtime.
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Glossary

Average-day robustness check

Additional experiment based on a regular-demand operational day. It is used to assess whether
conclusions from the baseline day remain reasonable under less congested operating conditions.

Baseline dispatcher

The original rule-based task-assignment logic used in the simulation model before operational-
control variants, such as idle forward staging or feasibility-aware triage, are applied.

Combined uncertainty

Scenario in which task-timing uncertainty and travel-time uncertainty are applied simultaneously.
It is the most comprehensive uncertainty setting considered in this study, but it does not include all
possible operational disturbances.

Depot-return

Repeated movement of idle vehicles back to the depot after short idle periods, followed by new trips
from the depot to the apron. This increases deadheading distance and can reduce the number of
vehicles already positioned near future demand.

Deterministic baseline

Simulation setting without stochastic uncertainty, using the baseline fleet size and baseline
operational-control logic. It provides the reference case against which fleet-size changes, uncer-
tainty effects and operational-control variants are compared.

Deterministic minimum

The smallest fleet size that achieves 100% on-time task completion in the deterministic simulation
setting. This threshold does not account for stochastic variation in task timing or travel time.

Feasibility-aware triage

Dispatching variant that prioritises tasks that are still feasible to complete within their service win-
dow. Tasks that are already infeasible are deprioritised.

Fleet-size requirement

The number of vehicles required to meet a specified service-level interpretation. In this study, the
requirement can differ depending on whether the deterministic minimum, strict robust threshold
or pragmatic lower bound is used.

Idle forward staging

Operational-control policy in which idle vehicles remain staged at or near their current apron lo-
cation when sufficient battery state of charge and nearby future demand make this operationally
reasonable, instead of automatically returning to the depot.

Internal service-window violation

A task completion that occurs after the modelled service-window deadline. This is an internal op-
erational performance violation and should not be interpreted directly as an aircraft delay.
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Late task

A task that is completed after its assigned service-window deadline. Late tasks are used to quantify
service-level violations in the simulation output.

Lateness

The time difference between the actual task completion time and the service-window deadline for
a late task, usually expressed in minutes.

On-time completion

The share of tasks completed within their assigned service window. This is the main service-level
indicator used for fleet sizing and robustness assessment.

Baseline reference day

The high-demand operational day used as the primary basis for conservative fleet-sizing analysis.
It is intended to stress the system under peak workload conditions.

Pragmatic lower bound

The smallest fleet size that achieves a near-perfect service level under stochastic simulation, while
allowing a very small number of minor service-window violations. It distinguishes operationally
negligible lateness from the stricter requirement of zero late tasks in all replications.

Refill/dump cycle

Operational process in which water vehicles refill potable water and toilet vehicles empty waste or
prepare for subsequent service tasks. These processes affect vehicle availability and task sequenc-
ing.

Robustness

The ability of a fleet size or operational-control policy to maintain high service-level performance
under uncertainty. In this study, robustness is assessed through repeated stochastic simulation
runs.

Experiment-based robustness

Robustness assessment based on the uncertainty settings explicitly modelled in this study. It does
not imply robustness against all possible real-world disruptions, such as breakdowns, weather ef-
fects or unmodelled service-duration variation.

Service-level interpretation

The rule used to translate simulation performance into a fleet-size requirement. Different inter-
pretations, such as deterministic 100% on-time performance, strict stochastic robustness or a prag-
matic lower bound, can lead to different fleet-size conclusions.

Service window

The time interval within which a task should be completed according to the modelled operational
requirements. Service windows are used to evaluate whether tasks are completed on time.

Strict robust threshold/stochastic strict
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The smallest fleet size that achieves 100% on-time completion across all stochastic replications (30)
within a given uncertainty setting. This is the most conservative fleet-sizing interpretation used in
this study. In this thesis, the term “strict robust” therefore refers to robustness within the sampled
stochastic experiment and should not be interpreted as a formal guarantee over all possible opera-
tional realisations.

Stochastic fleet sizing

Fleet-sizing analysis based on multiple simulation replications with uncertainty applied to task tim-
ing, travel time or both. It is used to assess how fleet-size requirements change when operational
variability is included.

Task-timing uncertainty

Uncertainty setting in which task start times or service windows are shifted to represent early or
delayed task occurrence, while the task duration itself remains unchanged.

Travel-time uncertainty

Uncertainty setting in which selected travel times are inflated to represent operational variability in
apron movements, routing or congestion.



1
Introduction

The chapter is structured as follows. Section 1.1 provides the environmental and operational context
and quantifies the role of airports and Ground Support Equipment (GSE) in emissions and local air
quality impacts. Section 1.2 formulates the core operational challenges introduced by electrification
and motivates the need for modelling and decision support. Based on this context, Section 1.3
formulates the central Research Question (RQ) and associated Sub-questions (SQs), and Section 1.4
outlines the simulation-based methodology used to answer them.

1.1. Introduction
The global urgency to mitigate climate change and reduce greenhouse gas emissions has increased
pressure on the transport sector to transition towards more sustainable and energy-efficient opera-
tions. In 2024, transport was responsible for approximately 15% of total global carbon emissions [4].
Within the transport sector, aviation accounts for about 13.33% of transport-related CO2 emissions,
corresponding to approximately 2% of total global carbon emissions, making it the second-largest
transport emitter after road transport [4]. Airports also contribute to the aviation-sector emission
footprint, with airport operations accounting for about 15% of aviation-related CO2 emissions [29].
Within airports, GSE and passenger transport systems account for up to 24% of airport-specific
emissions, including 15% of airport CO2 emissions and 5–9% of NOx emissions [16, 84]. A clear
overview of the CO2 emission flow is shown in Figure 1.1, based on sources from 2023 to 2025.

The relevance of GSE becomes particularly clear in apron operations. In these areas, GSE generate
approximately 63% of NOx , 75% of Particulate Matter (PM), and 24% of total fuel consumption [84].
These emissions are relevant not only from a climate perspective, but also because they contribute
to local air-quality impacts for airport workers and surrounding communities. Air pollution associ-
ated with airport activity has been linked to an estimated 16,000 premature deaths worldwide each
year [12].

Figure 1.1: CO2 emission flow from global sources to airport GSE
[4, 9, 16, 84].

At the same time, global air traffic continues to grow at an average rate of 5% per year [53]. This
growth increases the number of flights, turnaround handling operations, taxi movements, opera-
tional costs, and potential delays that can propagate through the wider aviation network. Together,
these developments place increasing pressure on airport Ground Handling (GH) systems while also

4
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increasing the importance of reducing emissions from ground operations [14].

To address these environmental and operational challenges, airports are accelerating the electri-
fication of their GH fleets. In the Netherlands, Amsterdam Airport Schiphol (AAS) has committed
to operating emission-free GSE by 2030 [67]. Replacing fossil-fuelled GSE with electric alternatives
is therefore an important measure for meeting airport decarbonisation targets. Airports are gen-
erally suitable environments for electric Ground Support Equipment (eGSE) deployment because
many ground-support operations involve short driving distances, flat terrain, and frequent stop-
and-go cycles. These characteristics make electrification comparatively attractive for several GSE
types [18]. However, while electric alternatives are already available for smaller GSE, larger variants,
such as 45 m3 refuellers, are still in the development and testing phase [19, 80].

1.2. Research Motivation
The shift towards electrification also introduces new operational challenges. GSE are critical as-
sets for maintaining operational continuity in airport ground handling [17]. However, when these
fleets are electrified, vehicle availability becomes dependent not only on task execution and vehicle
location, but also on battery state, charging duration, charger access, and vehicle-specific energy
performance. Compared with conventional GSE, eGSE have longer recharging times, limited driv-
ing ranges, and stronger differences in operational feasibility across vehicle types. These character-
istics increase the complexity of dispatching and scheduling decisions. Infrastructure constraints,
grid peak loads, and charging-related vehicle downtime can create additional bottlenecks, requir-
ing trade-offs between maintaining vehicle availability, selecting suitable charging moments, and
protecting battery health [30, 46, 22].

These challenges are especially relevant in high-traffic hubs such as AAS, where turnaround han-
dling operations are highly time-sensitive and reliability-driven. Multiple GSE types must perform
interdependent tasks within narrow service windows and under strict safety protocols [27]. Under
such conditions, a fleet that is sufficient under deterministic assumptions may become insufficient
when operational variability is included. Delayed task timing, longer travel times, or charger oc-
cupancy can reduce the number of vehicles available at the moment and location where demand
occurs. Therefore, eGSE fleet sizing should not be treated only as a static vehicle-count problem,
but as a dynamic vehicle-availability problem.

As airports move towards full electrification, decision support is needed to evaluate how fleet size,
dispatching logic, charging behaviour, infrastructure constraints, and uncertainty interact during
daily operations. Models used for this purpose must be able to represent individual vehicle states,
time-window feasibility, charging-related unavailability, and stochastic operational disturbances.
Simulation-based approaches are particularly suitable for this purpose because they can represent
the temporal evolution of service demand, vehicle availability, and infrastructure use under differ-
ent operational assumptions [49, 44]. This motivates the development of a simulation framework
that can assess eGSE fleet-capacity requirements under operational requirements, uncertainty, and
charging constraints.
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1.3. Research Question (RQ)
What is the impact on the required fleet capacity and operational demand of electric

Ground Support Equipment (eGSE) when simulating operational requirements,
uncertainty and charging in turnaround processes at airports?

In this research, fleet capacity refers to the number of eGSE vehicles required to execute the relevant
ground-handling tasks within the defined service-level requirements. Operational demand refers
to the time- and location-specific demand for vehicle availability, task execution, charging access,
and supporting infrastructure. This interpretation is used throughout the thesis when evaluating
how electrification affects eGSE operations. In order to answer this question, the following SQs are
formulated:

SQ 1. Which GSE types exist and what are the functions and duty cycles of these types?

SQ 2. What input requirements and data sources are necessary to model an eGSE fleet while cap-
turing operational requirements, uncertainty, and charging processes?

SQ 3. How can airport eGSE operations be represented in a simulation model using appropriate
charging control rules, decision rules and parameters?

SQ 4. How can task-timing and travel-time uncertainty in eGSE operations be incorporated into a
simulation model?

SQ 5. Which KPIs best capture the impact of eGSE implementation on operational performance
and resource requirements?

SQ 6. How can the required eGSE fleet capacity be determined from simulation outcomes, and how
do demand conditions, operational positioning, and task-selection rules affect service perfor-
mance?

1.4. Methodology
This research follows a simulation-based methodology to analyse how eGSE operations at airports
can be represented and evaluated under operational uncertainty and charging constraints. The
methodology combines operational analysis, uncertainty modelling, literature review, discrete-
event simulation, case-study instantiation, verification, validation, and simulation experimenta-
tion. The objective is to develop and apply a decision-support framework that can assess eGSE
fleet-capacity requirements under realistic operational constraints.

The research is structured as a connected methodological chain. First, the operational context is
analysed to identify the turnaround processes, GSE functions, service windows, aircraft stands, ve-
hicle movements, fleet heterogeneity, and duty-cycle differences that must be represented in the
model. This provides the operational basis for the simulation framework and supports SQ1.

Second, the electrification context is analysed to determine how battery-electric operation changes
the fleet-sizing problem. Battery capacity, State of Charge (SOC), charging duration, charger avail-
ability, charging thresholds, and charging-related vehicle downtime are treated as operational con-
straints that affect vehicle availability. This defines the electrification-specific model requirements.

Third, uncertainty modelling is developed as a methodological foundation. The research distin-
guishes between aleatory uncertainty, representing inherent operational variability, and epistemic
uncertainty, representing imperfect knowledge about data, assumptions, or model structure. Task-
timing uncertainty and travel-time uncertainty are selected as active stochastic inputs because they
directly affect service-demand timing and vehicle availability. Other uncertainties, such as service-
duration variation, energy consumption, charging behaviour, infrastructure availability, battery
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degradation, weather disruption, and operator behaviour, are addressed through assumptions, val-
idation, sensitivity analysis, scope limitations, or future research. This part supports SQ4.

Fourth, a targeted literature review is conducted to assess how existing airport GSE and eGSE stud-
ies model fleet sizing, routing, task scheduling, uncertainty, charging integration, and energy man-
agement. The review compares studies in terms of modelling objective, model type, time repre-
sentation, uncertainty treatment, fleet representation, operational detail, and charging integration.
The identified research gap motivates the development of an integrated simulation framework that
combines task execution, individual vehicle states, charging behaviour, infrastructure constraints,
and operational uncertainty.

Fifth, a rule-based Discrete-Event Simulation (DES) model is developed. The model represents ser-
vice tasks, individual eGSE vehicles, and supporting infrastructure such as chargers, refill points,
dump points, depots, and service locations. Tasks are defined by service type, aircraft stand, service
duration, and service time window. Vehicles are modelled individually and are characterised by
location, SOC, onboard resource level, and operational status. The simulation includes task gener-
ation, dispatching, task selection, vehicle selection, task execution, charging, depot return, refilling,
dumping, and resource replenishment. This part answers SQ2 and SQ3.

Sixth, the generic framework is instantiated for the KLM Schiphol case study. Case-study data de-
fine the flight schedule, aircraft stands, service rules, fleet characteristics, infrastructure locations,
charging assumptions, resource constraints, operational policies, and uncertainty profiles. The val-
idated case-study scope includes water vehicles, toilet vehicles, and loaders, because these vehicle
groups cover both depot-based resource-constrained operations and stand-side service operations.

Seventh, the model is verified and validated before it is used for experimentation. Verification
tests whether the internal simulation logic behaves as intended, including task generation, dis-
patching, vehicle assignment, task execution, charging, refilling, dumping, depot return, queueing,
stop-cutoff handling, and uncertainty mechanisms. Validation assesses whether the model out-
puts are plausible for the KLM Schiphol case using operational data, expert judgement, service-
demand checks, energy and charging behaviour, water-demand consistency, and uncertainty-
representation checks. The validation does not make the model a fully calibrated digital twin, but
establishes whether it is credible enough for system-level fleet-capacity analysis.

Eighth, simulation experiments are conducted with the verified and validated model. These exper-
iments evaluate baseline performance, deterministic fleet sizing, task-timing uncertainty, travel-
time uncertainty, combined uncertainty, demand-case robustness, idle forward staging, feasibility-
aware task selection, and sensitivity to selected operational and charging parameters. The main
performance metric is on-time task completion, supported by vehicle utilisation, driven distance,
charging sessions, charger occupancy, and late-task characteristics. Fleet-capacity requirements
are then interpreted under both strict and pragmatic service-level definitions, supporting SQ5, SQ6
and the central RQ.

The experimental design follows a robust fleet-sizing perspective within the tested model configu-
rations. The main experiments are based on a high-demand baseline day, which is used as a con-
servative stress case for fleet-capacity planning. Three complementary analyses are added. First,
an average-day water-vehicle experiment is used as a demand-case robustness check by replacing
the full operational input day. Second, idle forward staging is tested as an operational positioning
policy to assess whether reducing unnecessary depot-return movements lowers mileage, improves
service performance, or reduces fleet-size thresholds. Third, feasibility-aware triage is tested as a
task-selection variant to examine how dispatching logic affects the number and severity of late tasks
under scarce-fleet conditions. Finally, parameter sensitivity tests assess how selected operational
and energy-related assumptions influence the results.

The methodological logic is summarised in Table 1.1. The table links each sub-question to its main
output, method, and location in the thesis.



1.5. Scope and Contribution 8

Table 1.1: Overview of sub-questions, main outputs, methods and thesis chapters

SQ Main output Method Chapter

SQ1 GSE typology and duty-cycle
logic

Operational analysis and literature review Chapter 2

SQ2 Model input requirements and
data sources

Literature review, operational analysis, and
case-study data

Chapter 2, Chapter 3,
Chapter 4, Chapter 5

SQ3 Rule-based DES framework Literature-based requirements and simulation
model development

Chapter 3, Chapter 4

SQ4 Uncertainty representation for
task timing and travel time

Literature review, empirical derivation, and
stochastic simulation design

Chapter 2, Chapter 3,
Chapter 4, Chapter 5,
Chapter 6

SQ5 Performance-metric and
validation framework

Literature review, operational data checks,
expert judgement, and model validation

Chapter 5, Chapter 6

SQ6 Fleet-sizing outcomes and
operational-control insights

Deterministic and stochastic simulation
experiments

Chapter 6, Chapter 7,
Chapter 8

1.5. Scope and Contribution
This thesis develops and applies a simulation-based approach to assess the operational fleet-
capacity requirements of eGSE under time-window, vehicle-availability, charging, and uncertainty
constraints. The scope is deliberately operational. The model evaluates whether ground-handling
service tasks can be completed within internal service windows, given a demand schedule, a spa-
tial airport representation, vehicle-specific service rules, and capacity-constrained supporting in-
frastructure. The resulting fleet sizes therefore represent operational fleet-capacity requirements
under the tested assumptions, not final procurement numbers. Implementation decisions would
still require an additional technical reserve for maintenance, failures, battery degradation, charger
downtime, and other sources of vehicle unavailability.

The case-study application is limited to three vehicle groups at KLM Ground Services at AAS: water
vehicles, toilet vehicles, and loaders. These groups were selected because they represent two rel-
evant operational behaviours within one modelling structure. Water and toilet vehicles represent
depot-based, resource-constrained operations with refill or dump requirements, while loaders rep-
resent stand-side service equipment without onboard service-resource constraints. Although the
broader model structure can be extended to additional GSE types, the numerical fleet-sizing con-
clusions in this thesis are validated only for these three vehicle groups.

The model boundary is the execution of airside service tasks at aircraft stands. The model includes
task generation from operational input data, vehicle dispatching, travel between airport location
groups, task execution, charging, depot return, refill and dump processes, and queueing at shared
infrastructure. The demand schedule is treated as an input to the model. The model does not opti-
mise flight schedules, stand allocation, turnaround sequencing, or airline planning decisions. It also
does not model the full aircraft turnaround as an integrated precedence network. Consequently, a
late task in this thesis is an internal service-window violation and should not be interpreted di-
rectly as an aircraft departure delay. The model further abstracts from detailed operator behaviour,
weather disruption, vehicle breakdowns, battery degradation, charger failures, and grid-level power
constraints. Charging is represented as an operational availability constraint within the simulation
horizon, not as a grid-optimisation, electricity-market, or battery-health optimisation problem.

Within this scope, the thesis contributes to the modelling and operational planning of eGSE in six
ways. First, it develops a rule-based DES framework that represents individual vehicles, task time
windows, vehicle locations, SOC, charging behaviour, onboard resource constraints, refill and dump
processes, depot-return behaviour, and capacity-constrained supporting infrastructure. This al-
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lows fleet sizing to be evaluated as a dynamic vehicle-availability problem rather than as a static
vehicle-to-task ratio. The framework also shows how different operational vehicle behaviours, such
as depot-based resource-constrained operations and stand-side service operations, can be repre-
sented within one simulation structure.

Second, the thesis links fleet-sizing outcomes to explicit service-level interpretations. Deterministic
fleet sizing is used to identify nominal sufficiency under fixed operating conditions. Stochastic fleet
sizing is used to assess performance under task-timing and travel-time uncertainty. A pragmatic
lower-bound interpretation is added to distinguish near-perfect operational performance from the
stricter requirement of zero late tasks across all sampled stochastic replications. This distinction is
important because different service-level definitions can lead to different fleet-size conclusions.

Third, the thesis applies the framework to a high-demand operational case at KLM Schiphol and
quantifies how operational uncertainty changes the interpretation of fleet-capacity requirements.
The contribution is therefore not only the calculation of fleet sizes, but also the demonstration of
how uncertainty, demand timing, spatial movement, service rules, and charging constraints jointly
affect operational vehicle availability. In this way, the thesis translates fleet sizing from a static ca-
pacity question into an operational availability problem.

Fourth, the thesis provides operational insight into the use of vehicles and supporting infrastruc-
ture. Besides on-time task completion, the model evaluates indicators such as vehicle utilisation,
driven distance, charging sessions, charger occupancy, charging-related waiting, refill and dump
activity, depot-return movements, and infrastructure use. These outputs help explain why a fleet
size performs sufficiently or insufficiently, and whether bottlenecks are primarily caused by vehicle
capacity, spatial repositioning, charging behaviour, or supporting infrastructure. The model there-
fore supports not only fleet-capacity assessment, but also the evaluation of operational resource use
and potential infrastructure constraints under the tested configurations.

Fifth, the thesis introduces and evaluates idle forward staging as an operational positioning policy
for eGSE. Instead of sending idle vehicles back to a central depot after short idle periods, vehicles
can remain staged near their current Vliegtuigopstelplaats (aircraft stand) (VOP) when their bat-
tery state and expected future demand make this operationally feasible. This policy is used to as-
sess whether part of the fleet-capacity requirement is caused by avoidable depot-return movements
rather than by unavoidable service demand.

Sixth, the thesis uses additional configurations and control-rule experiments to test the sensitiv-
ity of fleet-sizing conclusions to alternative operating assumptions. The average-day water-vehicle
experiment is interpreted as a demand-case robustness check, because it replaces the complete op-
erational input day rather than varying one isolated parameter. The feasibility-aware triage variant
is interpreted as a diagnostic task-selection variant, because it changes the ordering of waiting tasks
and reveals a trade-off between reducing the number of late tasks and increasing the lateness sever-
ity of tasks that are already infeasible. These experiments show that fleet-sizing conclusions depend
not only on demand volume and vehicle count, but also on the operational rules used to position
vehicles and select tasks.



2
Operational Foundations for eGSE Fleet

Sizing

This chapter establishes the operational foundations required to model eGSE fleet sizing at airports.
It first introduces airport ground operations and the aircraft turnaround process, because these de-
termine when and where GSE tasks arise and which operational constraints shape service execu-
tion. It then discusses the electrification of GSE, focusing on battery state, charging, and infrastruc-
ture constraints as determinants of vehicle availability. Finally, the chapter addresses uncertainty in
GSE operations and explains why task timing and travel-time variability are relevant for fleet-sizing
analysis.

The chapter therefore defines the modelling requirements that are later evaluated against the liter-
ature in Chapter 3 and translated into the simulation framework in Chapter 4. Its purpose is not
to provide a complete overview of airport operations or battery technology, but to identify the op-
erational, electrification-related, and uncertainty-related elements that an eGSE fleet-sizing model
must represent.

2.1. Airport Operations
This section introduces the airport ground-operation context in which GSE fleets operate. It first de-
scribes airports as integrated landside–airside systems and then focuses on the aircraft turnaround
process, because turnaround timing, stand configuration, aircraft interfaces, and operational pro-
cedures determine the demand for GSE services. The section also introduces the main GSE cat-
egories and characterises the operational differences between vehicle types that are relevant for
fleet-sizing simulation.

2.1.1. Airports as a System
Airports form the core infrastructure of passenger aviation. They enable aircraft to take off and land
and provide the facilities required to process passengers, baggage, cargo, and aircraft services. Fig-
ure 2.1 illustrates a generic airport layout. Airport operations are commonly divided into landside
and airside processes. Landside processes include passenger arrival, check-in, baggage drop-off,
and security screening. Airside processes include passenger boarding and disembarkation, air-
craft taxiing, take-off and landing, and the ground-handling activities required while the aircraft
is parked.

Within this system, the aircraft turnaround is the key operational interface between airport infras-
tructure and aircraft operations. It connects aircraft arrival, ground handling, passenger and bag-
gage processes, and departure preparation [74]. This makes the turnaround process central to the
operational demand for GSE, because it determines which services are required, where they must
be performed, and within which time windows they need to be completed.

10



2.1. Airport Operations 11

Figure 2.1: Generic airport with landside and airside [74].

GH procedures are usually divided into terminal and ramp activities. Terminal activities are per-
formed inside the terminal buildings and mainly concern passenger services. Ramp activities take
place at the aircraft parking position between In-Blocks (IB) and Off-Blocks (OB). IB refers to the
moment an aircraft is secured with wheel chocks, marking the start of ramp handling activities. OB
refers to the moment the wheel chocks are removed, marking the end of the ground-handling pro-
cess. A turnaround can take place either at a terminal gate or at a remote apron position, as shown
in Figure 2.1 [56].

2.1.2. Turnaround Process
Figure 2.2 illustrates the aircraft turnaround process, which begins when the aircraft arrives at the
parking position and ends when it departs. The process starts at the IB moment, when the aircraft
is parked and secured. The parking position can be located either at a terminal gate or at a remote
apron position. Once the aircraft is in position, multiple ground-handling activities can start, often
in parallel and under tight time constraints.

During the ground-service phase, different GSE types support different handling activities. Baggage
vehicles load and unload baggage, while baggage tractors transport baggage between the aircraft
stand and the baggage hall. Passengers disembark and board using passenger bridges, stairs, or
buses, depending on the stand configuration. Catering trucks deliver and remove catering supplies,
cleaning teams prepare the cabin, refuelling vehicles provide fuel, potable-water trucks refill the
aircraft freshwater system, and toilet-service vehicles empty the lavatory system. Some of these
activities follow a fixed sequence, while others can be performed in parallel or in interchangeable
order [74]. This process structure is important for GSE planning because it creates simultaneous
demand for several vehicle types within a limited turnaround window.
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Figure 2.2: Schematic overview of the turnaround cycle of an aircraft [92].

Aircraft are equipped with multiple service interfaces, such as doors, hatches, water connections,
waste connections, power interfaces, and cargo doors. The position of these interfaces depends
on aircraft type and configuration. A cluster analysis of Commuter Aircraft (COM) and Narrow-
Body Aircraft (NABO) aircraft shows a trend towards commonality, for example with drinking-water
and waste-water connections commonly located near the rear fuselage, electrical power interfaces
generally located near the forward fuselage, and cargo doors usually positioned on the right side of
the aircraft [74]. Figure 2.3 shows these interface locations.

Figure 2.3: Aircraft interface locations [74].

These fixed aircraft-interface locations are relevant for GSE modelling because they constrain where
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service vehicles can operate around the aircraft. They influence stand-side movement, vehicle posi-
tioning, service feasibility, and the interaction between simultaneous handling activities. Figure 2.4
illustrates this spatial dependency for a short-to-medium-haul aircraft. Passenger activities are
generally concentrated on the left side of the aircraft, while catering and cargo handling typically
take place on the right side. As a result, service-vehicle positions are partly predefined by aircraft-
interface locations and stand layout [74].

(a) Servicing arrangement with two passenger stairs. (b) Servicing arrangement with a passenger bridge.

Figure 2.4: Typical ramp layout for an Airbus A320neo [5].

The duration of the turnaround process depends on aircraft characteristics, cargo volume, required
service scope, stand position, and airline or airport procedures. Some activities are constrained
by precedence requirements due to safety, space limitations, or operational policy [56]. The cor-
responding turnaround Gantt chart in Figure 2.5 shows how handling activities are sequenced and
where parallel execution is possible. Activities that determine the minimum required Turnaround
Time (TRT) form the Critical Path (CTP). In many cases, the CTP consists of passenger and cabin-
related activities, although refuelling or baggage handling can become critical under specific oper-
ational conditions [74, 24].
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(a) Full servicing turnaround.

(b) Outstation turnaround.

Figure 2.5: Typical TRT chart for an Airbus A320neo [5].

For the Airbus A320neo, the average full-service TRT is approximately 44 minutes [6], while the re-
quired outstation turnaround time is 22 minutes [5]. In practice, however, TRT is stochastic because
passenger numbers, fuel uplift, cargo loads, stand conditions, and operational procedures vary be-
tween flights. Airlines therefore use buffer times, and actual ground-handling schedules can dif-
fer substantially from manufacturer reference timelines [74]. Not all services are required on every
flight; for example, water and lavatory services are often omitted for short-haul European outstation
flights [24].

Airport ground handling is also under increasing pressure due to air-traffic growth. Inefficient GSE
scheduling has been identified as the second most common cause of flight delays, after air traffic
control issues. Ground-handling disruptions can propagate through aircraft rotations and the wider
network. Around 45% of the delays in one year at European airports are reactionary delays caused
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by late arrival of aircraft or crew from another flight. 15% of the delays were caused by GH disrup-
tions, including aircraft and ramp handling (5%), passenger and baggage handling (6%), and flight
operation and crewing (4%) [92, 74]. For this thesis, the key implication is that GSE operations must
be represented as time-window-constrained service tasks. The fleet-sizing problem is therefore not
only determined by the number of tasks, but also by task timing, stand location, service duration,
travel time, vehicle availability, and operational variability.

2.1.3. Ground Support Equipment
Ground Support Equipment (GSE) refers to the vehicles and equipment used to support aircraft
while they are on the ground. These assets enable the execution of turnaround activities between
IB and OB, including aircraft servicing, passenger handling, baggage and cargo handling, aircraft
movement, and the provision of external support functions such as power, air, water, and waste
handling.

GSE can be classified according to the operational function they perform. Aircraft support equip-
ment includes units such as GPUs, ASUs, and PCAs, which provide external power, air supply, or
climate support to the aircraft. Aircraft movement equipment includes pushback tractors and tow-
ing vehicles. Aircraft servicing equipment includes potable-water trucks, toilet-service trucks, re-
fuelling vehicles, catering trucks, cleaning equipment, and de-icing vehicles. Passenger handling
equipment includes passenger stairs, buses, and passenger boarding bridges, while baggage and
cargo handling equipment includes belt loaders, loaders, transporters, baggage tractors, and dol-
lies.

These equipment groups differ substantially in their duty cycles, service locations, mobility pat-
terns, and operational constraints. Some vehicles mainly operate at or near a fixed aircraft stand,
while others repeatedly travel between depots, service points, and aircraft positions. Some GSE
types have onboard resource constraints, such as water or waste capacity, while others are mainly
constrained by vehicle availability, travel time, service duration, or energy state. These differences
are relevant for simulation modelling because they determine which vehicle states, resource con-
straints, movement patterns, and service rules must be represented for each equipment type.

Electrification further increases the importance of these operational differences. Once GSE are elec-
trified, vehicle feasibility no longer depends only on whether a vehicle is idle and compatible with
a task, but also on whether it has sufficient battery capacity, access to charging infrastructure, and
enough time to recover between tasks. As a result, different GSE types may face different electri-
fication constraints depending on their utilisation pattern, travel behaviour, service duration, and
charging opportunities.

The full range of GSE types is not discussed in detail in the main text, because this chapter aims to in-
troduce the operational role of GSE rather than provide a complete equipment catalogue. A detailed
overview of the main GSE categories and examples is therefore provided in Appendix A [78]. The re-
mainder of the thesis focuses on the modelling-relevant characteristics of GSE: task timing, service
duration, vehicle movement, energy use, charging behaviour, and resource constraints. The case-
study implementation later concentrates on water vehicles, toilet vehicles, and loaders, because
these vehicle groups represent both depot-based resource-constrained operations and stand-side
service operations within the same modelling framework.

2.1.4. Characterisation of GSE Operations
Determining the required GSE types, fleet size, and service durations depends on operational fac-
tors related to the aircraft, the aircraft stand, and the procedures defined by the airport and airline.
Figure 2.6 summarises these influences and shows how they jointly shape the type, number, and
operation of GSE during the turnaround process.
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Figure 2.6: Parameters influencing GSE operations [38].

Three groups of characteristics influence GSE demand: aircraft characteristics, stand character-
istics, and operational procedures. First, aircraft characteristics determine the required service
scope. Wide-Body Aircraft (WIBO), NABO, COM, cargo aircraft, and general aviation aircraft dif-
fer in size, capacity, service interfaces, and handling requirements. Larger aircraft typically require
more equipment, longer service durations, and higher resource volumes, while smaller aircraft gen-
erally require fewer resources [85, 49, 19, 38].

Second, aircraft stand characteristics influence which GSE can be used and how these vehicles op-
erate. Relevant factors include the stand location within the airport layout, whether the aircraft is
parked at a terminal gate or open stand, the availability of a Passenger Boarding Bridge (PBB), fixed
ground power, pre-conditioned air, fuel pits, and local procedures such as forward taxi-out. These
factors affect both the need for specific GSE types and the spatial feasibility of vehicle movements
around the aircraft [38].

Third, operational procedures determine when and how GSE must be deployed. These procedures
include arrival, departure, and turnaround logic, airport regulations, airline-specific service stan-
dards, company policies, and repositioning requirements. They define whether a service is required,
when it should be performed, and which operational constraints apply [38].

Together, these characteristics determine the required GSE configuration, including vehicle type,
number of vehicles, service duration, and operating pattern. For simulation modelling, this means
that GSE demand cannot be represented only as a total number of tasks. It must also be repre-
sented through task timing, stand location, service duration, vehicle compatibility, movement re-
quirements, and service-specific constraints.

The literature also presents several ways to characterise and classify GSE operations, reflecting dif-
ferences in research objectives, modelling approaches, and levels of operational detail. Three gen-
eral perspectives are relevant for this thesis: functional categories, energy- or power-based group-
ings, and operational working modes. Examples of these classification perspectives are shown in
Figure 2.7 [17, 30, 89].
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Figure 2.7: Potential classifications of GSE [17, 30, 89].

A functional perspective classifies GSE according to the service provided to the aircraft. Bose dis-
tinguishes aircraft handling, cargo and baggage handling, passenger handling, aircraft servicing,
and maintenance and safety equipment [17]. Other studies apply a similar service-based classi-
fication with different levels of detail. Zhou reviews nine GSE types and groups them into seven
categories based on operational characteristics and scheduling methods: refuelling and freshwa-
ter vehicles, passenger buses, baggage vehicles, waste-handling vehicles, catering vehicles, de-icing
vehicles, and towing tractors [92]. Padrón classifies the turnaround process through the tasks them-
selves, including unloading and loading baggage, deboarding, boarding, catering, cleaning, fuelling,
potable-water service, and toilet service [56]. Fu extends this perspective towards electrification by
identifying corresponding Electric Vehicle (EV) types, such as electric passenger stairs, electric air-
port shuttle buses, electric refuelling trucks, electric catering trucks, electric water-service vehicles,
electric sewage trucks, electric baggage tractors, electric baggage conveyor vehicles, and electric air-
craft towing vehicles [27]. For this thesis, the functional perspective is relevant because it defines
the service types and task categories that must be represented in the simulation model.

A second perspective classifies GSE according to energy use or power demand. This perspective
has become more important as airports electrify their ground-handling fleets. Bose classifies se-
lected GSE types into groups based on energy-consumption profiles, including pushback tractors,
loaders, tug tractors, and forklifts, and shows how these profiles influence charging-infrastructure
needs during large-scale electrification [18]. Gulan adopts a similar approach by organising ve-
hicles into three classes based on required power levels: general on-road vehicles, high-powered
pushback tractors, and smaller tug tractors for cargo handling [30]. These classifications are use-
ful for analysing charging demand, charger capacity, and potential grid impacts. For this thesis,
this perspective is relevant because electrification introduces battery state, charging duration, and
infrastructure availability as operational constraints.

A third perspective classifies GSE according to operational working mode. This perspective de-
scribes how vehicles move between depots, aircraft stands, and service points. Yao identifies three
working modes. In the continuous working mode, vehicles leave the depot, serve an aircraft, and
then proceed directly to the next task without returning to a support point. Examples include tow-
ing tractors, passenger stairs, and baggage belt loaders. In the resource-limited working mode, ve-
hicles can only serve a limited number of flights before returning to a supply point to replenish
onboard resources, such as water or catering goods. Examples include potable-water trucks and
catering trucks. In the round-trip working mode, vehicles repeatedly travel between a service loca-
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tion, such as a terminal or baggage area, and the aircraft stand. Examples include passenger buses
and baggage tractors [89]. This perspective is particularly relevant for fleet-sizing simulation, be-
cause working modes determine vehicle availability, travel requirements, resource constraints, and
the need for intermediate refill, dump, or depot visits.

Overall, GSE operations can be characterised from multiple complementary perspectives. Func-
tional classifications define which service tasks must be executed, energy- and power-based classi-
fications indicate how electrification affects charging and infrastructure requirements, and opera-
tional working modes explain how vehicle movement and resource constraints affect availability.

2.2. Electrification of GSE
This section discusses how electrification changes the operational planning problem for GSE fleets.
Unlike conventional GSE, eGSE availability depends not only on task completion and vehicle loca-
tion, but also on battery state, charging duration, charger access, and charging strategy. The section
therefore focuses on the EV, battery, and charging concepts that are directly relevant for represent-
ing eGSE as energy-constrained operational resources.

2.2.1. Challenges of EVs
The literature identifies a broad set of challenges associated with EVs, ranging from vehicle-level
limitations and battery behaviour to charging infrastructure, grid impacts, and organisational barri-
ers. For airport GSE, these challenges are particularly relevant because operational reliability is crit-
ical. Vehicles must be available at the right time and location during tightly scheduled turnaround
processes. Electrification therefore changes the operational planning problem: vehicle availability
becomes dependent not only on task completion and travel time, but also on battery state, charging
duration, charger access, and infrastructure capacity.

Technical and Operational Constraints

A frequently discussed limitation of battery-electric vehicles is restricted driving range. Several stud-
ies report that EVs typically offer shorter ranges than conventional vehicles, which reduces opera-
tional flexibility [21]. Battery-electric vehicles that rely on a single energy source may also face per-
formance limitations in demanding operational contexts [46]. Historically, limited range and long
charging times have been among the main barriers to widespread EV adoption [46]. For airport
GSE, these limitations are operationally important because vehicles such as baggage tractors, cargo
transporters, water trucks, and toilet-service vehicles may need to remain available throughout the
day with only short idle periods between tasks.

Battery performance introduces additional constraints. Frequent charging and discharging cycles
can increase thermal stress and accelerate battery ageing, which is relevant for high-utilisation fleets
such as airport GSE [46]. Batteries also lose charge during idle periods due to self-discharge, a pro-
cess influenced by ambient temperature, storage duration, and previous cycle history [31]. In ad-
dition, the battery SOC cannot be measured directly and must be estimated using measurements
such as voltage, current, and temperature. Nonlinear electrochemical behaviour, temperature ef-
fects, ageing, and charge–discharge dynamics complicate this estimation process [31]. For opera-
tional planning, this matters because SOC determines whether a vehicle can be assigned to a task,
should remain available, or needs to charge.

The battery State of Health (SOH) represents a related long-term challenge. Similar to SOC, SOH
cannot be measured directly at the battery terminals and lacks a universally accepted definition. It is
commonly approximated using capacity degradation, internal resistance increase, or a combination
of both. These indicators provide useful information, but they remain indirect measures of the
battery’s actual condition [58]. For airport operations, SOH is especially relevant for long-term fleet
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planning, maintenance strategy, and technical reserve requirements, because battery degradation
reduces usable capacity and can increase vehicle downtime.

Another major operational constraint is charging duration. EVs generally require substantially
longer charging periods than conventional vehicles require for refuelling [21]. Charging time is
therefore frequently identified as one of the main operational disadvantages of EVs [30]. For air-
port GSE, long charging durations can create tight scheduling constraints, because vehicles that are
charging are temporarily unavailable for service. This introduces trade-offs between keeping ve-
hicles operationally available, charging them at suitable moments, and avoiding excessive battery
degradation.

Infrastructure and Grid Constraints

The operational challenges of EVs are compounded by charging infrastructure constraints. Insuffi-
cient charger availability remains a barrier to EV deployment and poses practical limitations in air-
port environments [21]. For eGSE, infrastructure planning is not only a question of the total number
of chargers. Charger location, accessibility, available space, power connection, service-road access,
and proximity to operational demand also determine whether vehicles can charge without losing
too much availability. Zoutendijk notes that charging-station placement for airport surface move-
ment remains a complex and underdeveloped optimisation problem [95]. For Electric Towing Vehi-
cles (ETVs), suitable charging locations depend on airport layout, runway configuration, fleet size,
power availability, and service-road accessibility. Similar spatial constraints apply to other eGSE
types when chargers must be integrated into existing apron operations.

Large-scale eGSE charging can also create grid-related constraints. Simultaneous charging of multi-
ple vehicles increases peak demand and can place additional load on local electrical infrastructure.
Charging during peak hours may also increase operational costs under time-dependent electric-
ity tariffs [46]. Several studies identify high charging loads, voltage drops, increased system losses,
equipment overloading, and stability concerns as risks associated with large-scale EV charging [30,
86, 90]. In the airport context, transformer and switchgear overloading have been identified as im-
portant technical constraints when deploying large numbers of GSE chargers [59]. These constraints
imply that airport electrification requires coordination between fleet planning, charging strategy,
infrastructure capacity, and grid connection planning.

Organisational and economic barriers further complicate implementation. Introducing zero-
emission vehicles at airports requires investment in vehicles, chargers, electrical infrastructure,
and operational adaptation. Bose notes that limited technical expertise and complex procurement
procedures can slow down implementation [17]. More generally, high upfront costs and concerns
about battery lifecycle remain persistent barriers across the EV sector [90]. For airport operators
and ground handlers, these factors mean that electrification decisions must be evaluated not only
from an environmental perspective, but also from an operational and infrastructure-planning per-
spective.

Overall, the deployment of EVs in operationally intensive airport environments is constrained by
vehicle range, charging duration, battery behaviour, infrastructure availability, grid capacity, and
organisational implementation barriers.

2.2.2. Batteries
Batteries are the main energy storage component of EVs. For eGSE, they are operationally important
because they determine how long a vehicle can operate, when it needs to charge, and whether it
can remain available during peak turnaround demand. In this thesis, batteries are therefore not
treated primarily as electrochemical systems, but as operational constraints that influence vehicle
availability, charging behaviour, and fleet sizing.

Several battery technologies can be used in electric vehicle applications, including lead-acid, nickel-
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based, and lithium-based batteries. These technologies differ in energy density, power density, ef-
ficiency, cycle life, cost, self-discharge, and safety characteristics. Lead-acid batteries are relatively
inexpensive and technically mature, but have lower energy density and shorter cycle life. Nickel-
based batteries generally provide improved energy density and lifetime compared with lead-acid
batteries, but are more expensive and often less efficient. Lithium-based batteries are currently
the most relevant for transport applications because they offer higher energy density, higher power
density, lower self-discharge, longer lifetime, and better fast-charging capability [46, 90, 32]. A more
detailed comparison of battery technologies is provided in Section B.1.

Battery selection for eGSE depends on the operational requirements of each vehicle type. Differ-
ent GSE types have different energy demand, power demand, duty cycles, utilisation patterns, and
charging opportunities. In existing airport fleets, lead-acid batteries are still used because they are
relatively inexpensive, familiar to operators, and already integrated in many vehicles. However, from
a future-oriented operational perspective, lithium-based batteries are more suitable for intensive
GH operations. In particular, Lithium Iron Phosphate (LFP) and Lithium Nickel Manganese Cobalt
Oxide (NMC) batteries are relevant because they provide higher cycle life and higher energy density
than lead-acid alternatives [24]. Safety is also an important selection criterion in airport environ-
ments, and LFP batteries are generally considered a relatively safe lithium-based chemistry [14]. A
more detailed description of LFP battery structure and battery-management operation is provided
in Section B.2.

For operational modelling, the most important battery variable is the SOC. SOC indicates the re-
maining available energy in the battery and therefore affects whether a vehicle can be assigned to a
task, should remain available, or needs to charge. In practice, SOC cannot be measured directly. It
is estimated by a Battery Management System (BMS) using measurements such as voltage, current,
and temperature [31, 58]. The BMS also protects the battery against unsafe operation, including
overcharging, deep discharge, overheating, and cell imbalance. For the simulation model, SOC is
therefore the key battery-state variable linking energy use, charging decisions, and vehicle avail-
ability.

The SOH is also relevant because it describes battery ageing and the remaining usable capacity of
the battery. However, SOH mainly affects long-term fleet planning, maintenance strategy, replace-
ment planning, and technical reserve requirements. It is not explicitly modelled as a dynamic state
in this thesis. Instead, the simulation focuses on short-term operational availability during a repre-
sentative operating day. Battery degradation and detailed electrochemical behaviour are therefore
outside the active simulation scope and are discussed only as technical background in Section B.1.

In the simulation model, battery behaviour is represented through operational parameters: battery
capacity, energy consumption, SOC, minimum dispatch thresholds, charging thresholds, charging
power, and charging rates. This abstraction is appropriate for the purpose of this thesis because the
central research question concerns operational fleet capacity under uncertainty and charging con-
straints, not battery-health optimisation or electrochemical battery modelling. The battery model
therefore captures the operational consequences of limited energy and charging-related unavail-
ability, while excluding long-term degradation and detailed battery dynamics.

2.2.3. Charging
Charging is a central operational constraint for eGSE. Conventional GSE can be refuelled quickly,
whereas electric vehicles require longer charging periods and depend on the availability of charging
infrastructure. As a result, charging affects vehicle availability, idle-time use, charger occupancy,
and the number of vehicles that can remain operationally active during demand peaks.

At a technical level, Battery Electric Vehicles (BEVs) are charged from the electrical grid. The grid
supplies Alternating Current (AC), while batteries store energy as Direct Current (DC). A charger
therefore converts AC power into DC power before energy is stored in the battery [90]. Charging
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time is not fixed. It depends on battery capacity, initial and target SOC, charging power, charging
efficiency, temperature, and vehicle-specific charging limits [90, 22]. Technical details on charg-
ing curves, AC/DC charging, charger configurations, and indicative charging levels are provided in
Section B.3.

For operational planning, an important distinction is between low-power charging during long
idle periods and higher-power charging during shorter breaks. AC charging is often suitable for
overnight or long-duration charging because the power level is usually limited by the vehicle’s on-
board charger. DC charging uses off-board equipment and can provide higher charging power, mak-
ing it more suitable when vehicles have limited idle time or high daily energy demand [22, 63]. For
eGSE, the appropriate charging solution depends on vehicle type, duty cycle, available infrastruc-
ture, and operational pressure at the airport [24].

Charging strategies determine when vehicles charge, how long they charge, and which vehicles re-
ceive priority when charging capacity is limited. The literature commonly distinguishes between
overnight charging, opportunity charging, delayed charging, full charging, partial charging, coordi-
nated charging, and priority-based charging [30, 53, 80]. Overnight charging uses long idle periods
outside operational peaks and is suitable for vehicles that can complete a full operating day on one
charge. Opportunity charging uses shorter charging sessions during idle periods between tasks and
is particularly relevant for vehicles with high utilisation or limited battery capacity. Full charging
keeps vehicles connected until a high or complete target SOC is reached, while partial charging
stops earlier once an operationally sufficient SOC level has been reached. Partial charging can im-
prove daytime availability because vehicles do not remain unavailable until fully charged. Technical
details and examples of charging strategies are provided in Section B.4.

Charging can also be coordinated across the fleet. In uncoordinated charging, a vehicle starts charg-
ing immediately when it is connected to a charger. This rule is simple, but it can create charger con-
gestion, high peak loads, and inefficient use of scarce charging capacity. In coordinated or priority-
based charging, charging decisions are based on operational criteria such as SOC, expected idle
time, task urgency, vehicle availability, or fleet-level charging demand [30, 22, 90]. This is especially
relevant for airport operations, where a vehicle with low SOC and an upcoming task may be more
critical than a vehicle with higher SOC or more idle time.

In this thesis, charging is not optimised as a separate scheduling problem. Instead, it is represented
as part of the rule-based simulation logic. Vehicles can charge when their SOC falls below a thresh-
old or when they are idle at a charging location. Charging infrastructure is modelled as capacity-
constrained, meaning that vehicles may have to wait when all chargers are occupied. The model
therefore captures the operational effects of limited charging capacity, charging sessions, charger
occupancy, charging-related waiting, and charging-related vehicle unavailability.

This modelling choice matches the purpose of the thesis. The goal is not to design an optimal
charging schedule, minimise electricity costs, optimise battery health, or evaluate grid services
such as demand response or vehicle-to-grid operation. Instead, the aim is to assess how charg-
ing constraints interact with dispatching, vehicle availability, operational uncertainty, and fleet siz-
ing. Charging is therefore included as an operational availability constraint that can affect service
performance and infrastructure use, while detailed battery chemistry, charging-standard selection,
tariff optimisation, and grid-level power-flow effects remain outside the active model scope.

2.3. Uncertainty
Uncertainty is central to airport GSE operations because aircraft timing, service tasks, vehicle move-
ments, infrastructure use, and charging opportunities are closely connected. Small deviations in
task timing or apron travel can change vehicle availability and affect whether tasks are completed
within their service windows.
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This section defines the uncertainty sources relevant for eGSE fleet sizing and explains how they are
treated methodologically. It provides the conceptual basis for the uncertainty implementation in
Chapter 4, the case-specific derivation in Chapter 5, and the stochastic simulation experiments in
Chapter 6. The section first introduces the role of uncertainty and the distinction between aleatory
and epistemic uncertainty, then discusses the main uncertainty sources in GSE operations, and fi-
nally reviews relevant simulation approaches such as stochastic simulation, Monte Carlo replica-
tion, scenario analysis, and empirical or parametric sampling.

2.3.1. Role of Uncertainty in Airport Ground Operations
Uncertainty is a central characteristic of airport ground operations. Aircraft turnaround is a short
and tightly coordinated process in which multiple service activities are executed in parallel within
strict time windows. GSE do not operate in isolation, but interacts with aircraft schedules, stand
availability, service procedures, apron infrastructure, operators, and other vehicles. As a result, a
disturbance in one part of the system can propagate to other parts of the turnaround process. For
example, a delayed aircraft arrival can shift the timing of several ground-handling tasks, while a de-
layed GSE movement can reduce vehicle availability for subsequent tasks. These effects can lead to
late task starts, late task completion, queueing at shared infrastructure, missed charging opportuni-
ties, and additional fleet pressure later in the day [56, 28, 92].

This is particularly relevant for fleet sizing. A deterministic model based on average arrival times,
average travel times, and nominal service durations may indicate that a fleet is sufficient under
planned conditions. However, such a model may fail to represent peak-load conditions, clustered
demand, and operational disturbances. In practice, required fleet capacity is often determined not
only by the average workload, but also by the system’s ability to absorb variability and recover from
disruptions. Uncertainty modelling is therefore needed when the objective is to evaluate opera-
tional robustness and determine fleet-capacity requirements under realistic airport conditions [28,
53].

A useful distinction in uncertainty modelling is the distinction between aleatory and epistemic un-
certainty. Aleatory uncertainty refers to inherent variability in the system. It is caused by the natural
randomness of operational processes and cannot be removed by collecting more data. Epistemic
uncertainty refers to imperfect knowledge about the system, data, parameters, or model struc-
ture. This type of uncertainty can, in principle, be reduced through better measurements, improved
model specification, calibration, or expert validation [23].

Both types occur in airport ground operations. Flight arrival variability, incidental apron conges-
tion, and random travel disturbances are mainly aleatory, because they represent actual opera-
tional variability. By contrast, uncertainty about the correct delay distribution, incomplete travel-
time observations, simplified task-generation rules, and expert-based disturbance assumptions are
mainly epistemic. Similar distinctions apply to service durations, task demand, energy consump-
tion, and charging behaviour. For example, variation in actual energy consumption between trips is
an aleatory effect, while uncertainty about the correct battery model or charging threshold is epis-
temic [23, 31].

This distinction is important because different uncertainty types require different modelling treat-
ments. Aleatory uncertainty can be represented through stochastic simulation, empirical sampling,
or probability distributions. Epistemic uncertainty is more often addressed through sensitivity anal-
ysis, validation checks, expert judgement, transparent assumptions, or explicit scope limitations.
Not every uncertainty source should therefore be modelled as a random variable. Some uncertain-
ties are better treated as assumptions that affect the credibility and interpretation of the results [23,
28]. This thesis follows that logic by modelling task-timing uncertainty and travel-time uncertainty
stochastically, while addressing other uncertainty sources through assumptions, validation, sensi-
tivity analysis, or future research.
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2.3.2. Sources of Uncertainty in GSE Operations
Several sources of uncertainty affect GSE operations. These sources are related to aircraft timing,
task demand, service execution, vehicle movement, and energy availability. Although they can be
discussed separately, they interact in practice. A delay in one element of the system can change
vehicle availability, create queueing effects, reduce idle time, shift demand into an already busy
period, or reduce the time available for charging.

A first major source is flight timing uncertainty. Ground-handling tasks are usually triggered by
aircraft movements. Early arrivals, late arrivals, and propagated delays directly influence when
aircraft-dependent services can start. This is especially relevant for tasks such as potable-water
service, lavatory service, boarding-related support, towing, and other activities that depend on the
aircraft being present at the stand. Recent airport operations studies therefore model stochastic air-
craft arrival and departure times, delay propagation, and dynamic rescheduling, because deviations
from the schedule can change the feasibility of the operational plan [28, 49, 53]. For GSE fleet siz-
ing, flight timing uncertainty is important because it changes the temporal distribution of service
demand.

A second source is task demand uncertainty. Not every flight requires the same set of services. Even
when a service type is required, the amount of work may differ by aircraft type, flight route, pas-
senger load, airline procedure, turnaround type, and stand configuration. Literature on turnaround
and GSE scheduling shows that task requirements depend strongly on aircraft category, operational
procedure, service type, and the spatial configuration of the aircraft stand [56, 92]. For example,
potable-water and lavatory services may not be required on every flight, and the required water or
waste volume may differ by aircraft size and operational context. For simulation modelling, this
means that task generation and service quantities must be based on explicit operational rules or
input data.

A third source is service-duration uncertainty. Even when a task is required, the time needed to
complete it may vary. Service duration can be affected by aircraft size, transferred resource quan-
tity, operator behaviour, stand layout, access conditions, sequencing with other ground-handling
activities, and the position of aircraft service interfaces. Several airport scheduling studies therefore
include variable service times or stochastic disturbances around nominal task durations instead of
assuming one fixed duration for every task instance [28, 44, 49]. For fleet sizing, service-duration
uncertainty matters because longer-than-expected tasks delay vehicle availability for subsequent
assignments.

A fourth source is travel-time uncertainty. GSE travel time is not fully deterministic, even when the
origin and destination are known. Vehicle movements can be affected by apron congestion, tem-
porary blockages, crossing traffic, aircraft pushback movements, stand-side manoeuvring, route
restrictions, driver behaviour, and local operational control rules. Many GSE models derive travel
time from a distance matrix and an assumed vehicle speed. This provides a transparent determin-
istic baseline, but it does not fully capture the variability of actual apron movement. Travel uncer-
tainty can therefore be represented through stochastic travel-time buffers, additive delays, multi-
plicative disturbance factors, or more detailed traffic simulation models [20, 92]. For this thesis,
travel-time uncertainty is important because it directly affects vehicle arrival times and subsequent
vehicle availability.

A fifth source is energy and charging uncertainty. In electrified GSE operations, vehicle availabil-
ity also depends on battery state, energy consumption, charging opportunities, and charger ac-
cess. SOC cannot be measured perfectly, and actual energy consumption depends on duty cycle,
vehicle load, driving behaviour, auxiliary power use, temperature, and battery condition. In addi-
tion, charging infrastructure is often capacity-constrained, meaning that vehicles may compete for
chargers during operational peaks. General EV literature shows that SOC estimation and battery
management remain uncertain, while airport-specific eGSE studies show that charger occupancy,
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charging priority, limited energy capacity, and charging strategy can influence operational feasibil-
ity and fleet flexibility [58, 31, 22, 11, 48, 94]. For simulation modelling, these uncertainties matter
because they affect whether a vehicle can remain available, needs to charge, or becomes unavailable
at a critical moment.

Together, these sources show that GSE operations are affected by interacting uncertainties in aircraft
timing, task occurrence, task execution, vehicle movement, and energy availability. For this thesis,
task-timing uncertainty and travel-time uncertainty are selected as active stochastic inputs because
they directly affect service-demand timing and vehicle availability during the simulated day. Other
uncertainty sources, including service-duration variation, task-demand assumptions, energy con-
sumption, charging behaviour, infrastructure availability, battery degradation, weather disruption,
and operator behaviour, remain relevant but are addressed through deterministic assumptions, val-
idation checks, sensitivity analysis, scope limitations, or future research. Excluding these sources
from the stochastic implementation does not mean that they are irrelevant; it means that they are
outside the active uncertainty scope of this study or are treated through another methodological
mechanism [92, 80].

2.3.3. Modelling Approaches for Uncertainty in Simulation
A useful starting point for uncertainty modelling is the distinction between deterministic and
stochastic models. Deterministic models assume fixed input values for aircraft arrivals, task du-
rations, travel times, energy consumption, and charging behaviour. They are useful as a baseline
because they are transparent, reproducible, and relatively easy to interpret. Many scheduling and
fleet-planning studies therefore begin with deterministic assumptions before adding more opera-
tional detail [56, 16]. However, deterministic models are limited when the objective is to evaluate
robustness or fleet-capacity requirements under operational variability. A fleet that is feasible under
nominal input values may become infeasible when realistic disturbances are included.

Stochastic models address this limitation by treating one or more inputs as random variables. In
airport operations, stochasticity is often introduced in aircraft timing, service duration, task release,
travel time, or energy demand. Such models are useful when the objective is not only to generate
a feasible plan, but also to evaluate how performance changes when operations deviate from the
planned schedule. Robust planning, simheuristic approaches, and dynamic planning models are
therefore used to test schedules under disruption or to update decisions when new information
becomes available [28, 53, 49]. This is especially relevant for eGSE operations, where task execution,
vehicle routing, SOC development, and charging decisions are strongly coupled.

A common method for evaluating stochastic systems is Monte Carlo simulation. In Monte Carlo
simulation, the same model configuration is simulated multiple times with different random draws
or random seeds. The output is then analysed as a distribution rather than as a single deterministic
result. This is useful for fleet sizing because the decision should not be based only on one realised
operating day or one average performance value. Instead, the fleet should meet the selected perfor-
mance target across a range of plausible operational realisations. Monte Carlo simulation therefore
allows the modeller to analyse mean performance, variability, confidence intervals, percentiles, and
extreme outcomes. This is also relevant for eGSE operations because the timing of vehicle availabil-
ity, charging opportunities, and infrastructure use can differ between replications [18, 30].

Structured experiment cases are another common way to study uncertainty. Instead of modelling
all possible uncertainty sources in one complete probabilistic framework, the modeller defines a
limited number of controlled cases. Examples include a deterministic baseline, flight-timing uncer-
tainty only, travel-time uncertainty only, combined uncertainty, low- and high-delay conditions,
or limited and expanded charging-infrastructure configurations. Such structured cases are use-
ful for communicating results to practitioners because they are linked to operational questions,
such as how service performance changes when delays increase, when travel times become more
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variable, or when charging infrastructure becomes binding [16, 94, 80]. In this thesis, this logic
is used through explicit uncertainty settings, demand-case robustness checks, operational-control
variants, and parameter sensitivity tests.

For the representation of stochastic inputs, three broad approaches can be distinguished: empir-
ical, parametric, and hybrid approaches. In an empirical approach, values are sampled directly
from historical observations. This is attractive when sufficient representative operational data are
available, because it preserves the observed distributional shape and does not force the data into
a predefined theoretical distribution [45]. In a parametric approach, a probability distribution is
fitted to the data, such as a normal, lognormal, gamma, Weibull, or truncated distribution. This
can be useful when a smooth mathematical representation is needed, when the available data are
limited or noisy, or when the modeller wants more control over scenario design. However, esti-
mating input distributions from finite operational data introduces input uncertainty, because the
selected distribution and its parameters are themselves uncertain [87]. In a hybrid approach, event
occurrence and event magnitude are modelled separately. For example, a Bernoulli trial can first
determine whether a delay occurs, after which the delay magnitude is sampled from an empirical
or parametric distribution. This structure is useful when the probability of an event and the size of
the event represent different stochastic processes.

For flight-delay modelling, such a hybrid structure is often appropriate. Many flights are on time or
close to on time, while delayed flights have positive delay magnitudes that are typically asymmetric
and may include a small number of large delays. Studies on air-transportation delay data show that
flight-delay distributions are non-Gaussian, time-dependent, and influenced by delay propagation
across the network [25, 50]. It is therefore useful to distinguish between the probability that a delay
occurs and the conditional magnitude of the delay once it occurs. A lognormal distribution can be
appropriate for positive and right-skewed delay magnitudes because it is defined only for positive
values and is commonly used for positively skewed empirical data [47]. A normal distribution may
be suitable for some types of service-time variation, but is less suitable for strictly positive delay
magnitudes unless it is truncated, because an unbounded normal distribution can generate neg-
ative values. Empirical sampling is preferable when the historical dataset is sufficiently large and
representative, while parametric fitting can be useful when the dataset is limited, noisy, or when a
smoother representation is required [45, 87].

The choice of stochastic representation should be combined with careful data preprocessing. His-
torical operational data often contain cancelled flights, missing timestamps, early arrivals, on-time
flights, delayed flights, and extreme delay values. Before such data are used in a simulation, the
modeller must decide how observations are classified and how outliers are treated. Typical pre-
processing steps include excluding cancelled flights when the model focuses on operated flights,
separating early and late movements, segmenting observations by time of day or task type, and
checking whether extreme values represent real disruptions or data errors. Outliers can be retained,
removed, capped, or winsorised depending on the purpose of the model. This step is important
because uncertainty modelling is not only a matter of choosing a probability distribution, but also
of defining which historical observations are relevant for the simulated system [53, 49].

Recent airport-operations literature increasingly combines multiple modelling approaches. Some
studies combine optimisation with simulation, while others use rolling-horizon control, digital
twins, or simheuristics to evaluate robustness under changing operational conditions [28, 54, 49].
This is relevant for eGSE operations because dispatching, routing, charging, and task timing are
interdependent. There is therefore no single best uncertainty-modelling method for all cases. A de-
terministic baseline is useful for transparency and comparison, stochastic simulation is useful for
evaluating robustness, Monte Carlo replication is useful for analysing output variability, and struc-
tured experiment cases are useful for comparing operational assumptions.

This thesis combines these approaches. A deterministic baseline is used to establish nominal fleet
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performance. Task-timing uncertainty and travel-time uncertainty are then introduced as stochas-
tic mechanisms and evaluated through repeated simulation replications. Empirical and hybrid un-
certainty representations are used where operational data are available, while other uncertain as-
sumptions are handled through validation checks, sensitivity analysis, or explicit scope limitations.
This approach allows the model to assess how uncertainty affects service-window performance, ve-
hicle availability, charging-related resource use, and fleet-capacity requirements.

2.4. Implications for the Simulation Model
This section synthesises the operational, electrification-related, and uncertainty-related founda-
tions required for eGSE fleet simulation. The purpose of this chapter is not to provide the full mod-
elling literature review; that is addressed in Chapter 3. Instead, this chapter identifies what an eGSE
fleet-sizing model must be able to represent before existing modelling approaches are evaluated. It
therefore forms the link between the operational foundations in this chapter, the literature review
in Chapter 3, and the simulation framework developed in Chapter 4.

The airport-operations literature shows that GSE demand is created within the aircraft turnaround
process. The turnaround window between IB and OB determines when ground-handling tasks be-
come relevant, where they must be executed, and when they should be completed. This implies
that the simulation model must represent airside service demand at the level of individual tasks.
Each task should therefore include a service type, aircraft stand, service duration, release time, and
service window.

The model does not represent the full aircraft turnaround as an integrated precedence network. In-
stead, it isolates selected handling tasks and represents them through task-specific service windows
within the turnaround process. This means that each task is positioned at the correct operational
moment relative to the aircraft movement, while dependencies with other handling tasks are not ex-
plicitly modelled. This modelling choice fits the objective of this thesis, which is to evaluate vehicle
availability and task completion rather than full turnaround sequencing or aircraft departure-delay
causality.

The same literature also shows that GSE demand is not uniform across flights. It depends on aircraft
type, stand configuration, airport layout, airline-specific procedures, and service requirements.
Different GSE types also follow different operating patterns. Some vehicles mainly operate at or
near the aircraft stand, while others repeatedly move between aircraft stands, depots, refill points,
dump points, or other support locations. Some vehicles have onboard resource constraints, such
as potable-water capacity or waste-storage capacity, while others are mainly constrained by avail-
ability, travel time, service duration, or energy state. For this reason, the simulation model must
distinguish between vehicle groups and include vehicle-specific operating rules, including aircraft
compatibility, service duration, travel behaviour, depot-based or stand-side operation, onboard re-
source depletion, refilling, dumping, and post-task repositioning.

The electrification literature adds a second modelling requirement. eGSE availability cannot be
treated in the same way as conventional GSE availability. Conventional vehicles can often be as-
sumed to return to service after task completion or short refuelling, whereas eGSE may become
unavailable because of limited battery capacity, charging duration, charger access, or operational
charging rules. Electrification therefore changes the modelling problem from a purely time- and
location-based dispatching problem into an energy-constrained vehicle-availability problem.

For this thesis, this means that each vehicle must be represented as an individual operational re-
source with a dynamic state. The model must track vehicle-level SOC, battery capacity, energy
consumption, minimum dispatch thresholds, charging thresholds, charging sessions, charger oc-
cupancy, and charging-related waiting. These elements determine whether a vehicle can be as-
signed to a task, whether it should charge instead, and whether charging infrastructure can become



2.4. Implications for the Simulation Model 27

a temporary bottleneck during the operational day. Charging is therefore included within the op-
erational simulation horizon rather than treated only as an external overnight assumption. This
allows charging behaviour to affect dispatching feasibility, vehicle availability, infrastructure use,
and service-level performance.

The uncertainty literature adds a third modelling requirement. Airport ground operations are af-
fected by variability in flight timing, task occurrence, service duration, travel time, energy use,
charging behaviour, infrastructure availability, operator behaviour, and other disturbances. For fleet
sizing, uncertainty is important because it can change both when service demand occurs and when
vehicles become available again. A deterministic model may therefore indicate that a fleet is suffi-
cient under nominal conditions, while the same fleet may perform insufficiently under operational
variability.

Different uncertainty sources require different modelling treatments. Short-term operational vari-
ability can be represented through stochastic simulation, while uncertain assumptions are better
addressed through validation checks, sensitivity analysis, structured experiment cases, or explicit
scope limitations. This thesis therefore combines a deterministic baseline, stochastic uncertainty
settings, and sensitivity analysis rather than modelling all uncertainty sources probabilistically.

Task-timing uncertainty and travel-time uncertainty are selected as the active stochastic inputs.
Task-timing uncertainty changes the temporal distribution of service demand, while travel-time
uncertainty affects vehicle arrival times and subsequent vehicle availability. These two sources are
modelled stochastically because they directly influence service-window feasibility and fleet-size re-
quirements. Other uncertainty sources remain relevant but are treated differently. Service-duration
variation, task-demand assumptions, water and waste quantities, energy consumption, charging
power, battery capacity, charging behaviour, and infrastructure capacity are represented through
deterministic assumptions, validation checks, structured experiment cases, or sensitivity analysis.
Long-term battery degradation, detailed operator behaviour, weather disruption, vehicle break-
downs, charger failures, and real-time stand changes are acknowledged as relevant but remain out-
side the active simulation scope.

Together, these insights define the modelling basis of this thesis. An eGSE fleet-sizing model should
represent fleet capacity as a dynamic vehicle-availability problem. Required fleet capacity is not
determined only by the number of tasks. It also depends on when and where tasks occur, how long
vehicles spend travelling and servicing, whether vehicles have sufficient battery energy and onboard
resources, whether charging and support infrastructure are available, and how uncertainty changes
vehicle availability during the day.

These implications are used in two ways. First, they define the requirements that guide the simu-
lation framework in Chapter 4. Second, they provide the evaluation lens for the literature review
in Chapter 3. The literature review therefore assesses whether existing studies combine task exe-
cution, individual vehicle states, charging behaviour, infrastructure constraints, operational uncer-
tainty, and fleet-size evaluation within one coherent operational modelling approach. This leads to
the research gap addressed in this thesis: the need for an integrated simulation framework that links
these elements in a dynamic eGSE fleet-sizing approach.
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Literature Review and Research Gap

The literature review builds directly on the modelling needs identified in Chapter 2. The operational
foundations define the elements that an eGSE fleet-sizing model should capture: task execution,
service windows, vehicle movement, fleet heterogeneity, resource constraints, charging, infrastruc-
ture availability, and uncertainty. The purpose of this chapter is therefore to assess whether existing
GSE and eGSE models integrate these elements in a way that supports operational fleet sizing.

This creates the link between the background chapters and the model developed later. If an ele-
ment is identified as operationally relevant in Chapter 2, the literature review evaluates how it is
represented in prior work. If prior work treats that element only partially, the gap becomes a mod-
elling requirement for the simulation framework in Chapter 4.

The chapter is structured as follows. Section 3.1 reviews the main modelling objectives in the liter-
ature and shows how fleet sizing is treated across studies. Section 3.2 compares optimisation, sim-
ulation, and heuristic approaches and discusses their suitability for operational decision support.
Section 3.3 evaluates how studies represent time and uncertainty. Section 3.4 reviews whether fleets
are represented as aggregated vehicle groups or as individual vehicles with vehicle-level states. Sec-
tion 3.5 analyses the representation of turnaround task execution, travel, service windows, and en-
ergy consumption. Section 3.6 reviews how charging is integrated into operational models. Finally,
Section 3.7 brings these findings together, identifies the research gap, and positions the simulation
framework developed in this thesis. An overview is presented in Table 3.1.

3.1. Modelling Objectives
Across the reviewed literature, three dominant modelling objectives can be distinguished: energy
management, operational routing and scheduling, and environmental impact. These objectives dif-
fer in how the modelling problem is formulated, which decision variables are included, and whether
fleet size is treated as an input or an outcome.

A first group of studies focuses on operational routing and task scheduling. In these studies, the
core objective is to allocate vehicles to tasks and sequence operations efficiently within turnaround
constraints. Typical objectives include minimising travel distance, completion time, delay, opera-
tional cost, or workload imbalance [16, 15, 20, 27, 28, 44, 49, 77, 80, 84, 88]. These studies are di-
rectly relevant for GSE operations because they address how limited vehicle resources are assigned
to time-sensitive ground-handling tasks.

A second group of studies focuses primarily on energy and charging management for eGSE. These
studies model battery dynamics, charging strategies, grid interaction, energy flexibility, or charging-
infrastructure use [11, 18, 30, 39, 48, 53, 94]. In these papers, routing and task allocation are often
simplified or treated as exogenous inputs. Their main contribution is therefore not detailed oper-
ational dispatching, but the representation of energy use, charging behaviour, and infrastructure
constraints.

A third perspective concerns environmental impact. Bosma explicitly quantifies emissions and en-
vironmental effects rather than optimising daily operational decisions [19]. This perspective is rel-
evant because electrification is often motivated by emission reduction, but it usually provides less
detail on operational feasibility, vehicle availability, and day-of-operations decision-making.

Regarding fleet size, most reviewed studies treat the number of vehicles as a fixed input. However,
some studies explicitly aim to determine the required number of vehicles, either as a primary ob-
jective or as an outcome of the model [19, 28, 30, 39, 80, 88]. Bosma provides an example of a hybrid
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approach, in which fleet size is used both as an input and as an output: system performance is eval-
uated for a given number of vehicles, after which the fleet is scaled up or down to identify more
efficient configurations [19].

For this thesis, this distinction is important because fleet size should not only be treated as a fixed
input to an operational model. Instead, the model must be able to evaluate how different fleet sizes
affect service-level performance under operational, charging, and uncertainty constraints. This mo-
tivates the use of simulation experiments in which fleet size is varied and assessed as an outcome of
system performance.

3.2. Model Types
Across the reviewed literature, three main modelling approaches can be distinguished:
optimisation-based models, simulation-based models, and (meta)heuristic methods. Each ap-
proach addresses the GSE and eGSE planning problem from a different perspective. Optimisation-
based models are designed to identify optimal or near-optimal decisions under explicit constraints.
Simulation-based models evaluate how a system behaves over time under given rules and assump-
tions. (Meta)heuristic methods are often used when exact optimisation becomes computationally
difficult due to problem size or operational complexity.

3.2.1. Optimisation-Based Models
Optimisation-based models formulate the planning problem explicitly using mathematical pro-
gramming or related optimisation techniques. They aim to find optimal solutions with respect to
defined objectives and constraints. Examples include Bao [16], Fu [27], Tang [77], and Timmermans
[80]. These models differ in their mathematical structure, computational properties, and ability to
handle operational complexity, uncertainty, and multiple objectives.

Mixed-Integer Linear Programming (MILP) is the most frequently applied exact optimisation tech-
nique in the reviewed literature. It formulates decision problems using linear objective functions
and constraints, with both continuous and integer decision variables. Alruwaili applies MILP to
maximise airport profitability by allowing eGSE to participate in energy markets [11]. Bao uses MILP
to minimise total operational costs for a mixed fleet [16]. Kuipers embeds MILP in a Model Predic-
tive Control (MPC) framework, while Tang applies it to balance workload and energy consumption
[44, 77]. Van Oosterom and Zoutendijk use MILP for fuel-saving analysis and planning under energy
constraints, respectively [53, 94].

Constraint programming is another optimisation approach. It focuses on satisfying logical and tem-
poral constraints rather than optimising a single linear objective function. Gök uses constraint pro-
gramming to manage complex planning rules and to restrict the solution space to schedules that
remain robust under operational disruptions [28].

Optimisation can also be applied in a rolling-horizon setting. In this approach, the optimisation
problem is repeatedly solved over a moving time window, allowing decisions to be updated as new
operational information becomes available. Kuipers applies MPC to dynamically reschedule tasks
in real time when flight delays or other disturbances occur [44].

Column generation is a decomposition technique designed for large-scale optimisation problems
that are too complex for standard solvers. Tang uses this method to obtain optimal or near-optimal
solutions for cooperative planning problems involving many interacting resources [77]. Pareto anal-
ysis is used in multi-objective optimisation to identify trade-offs between conflicting objectives. Gu-
lan applies this technique to analyse the balance between vehicle investment costs and fuel savings
[30].

Overall, optimisation-based models are useful when the objective is to find a best feasible plan un-
der explicit constraints. However, their operational realism often depends on how much detail can
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be included without making the optimisation problem computationally intractable. This is partic-
ularly relevant for eGSE, where vehicle routing, task timing, SOC, charging, infrastructure capacity,
and uncertainty can become strongly interdependent.

3.2.2. Simulation-Based Models
Simulation-based models focus on evaluating system behaviour rather than directly optimising de-
cisions. Studies such as Gulan [30], Kirca [39], Bose [18], and van Oosterom [53] use simulation to
analyse energy demand, charging behaviour, operational feasibility, or system robustness. These
models do not guarantee optimality, but they are well suited for representing dynamic interactions,
operational variability, and resource constraints.

Different simulation paradigms are used in the reviewed literature. Agent-Based Modelling (ABM)
simulates system behaviour from the bottom up by modelling autonomous agents, such as vehicles,
aircraft, or operational entities. Chen and Kuipers use ABM to capture interactions between oper-
ational entities [20, 44]. Luo extends this approach by integrating digital twins, enabling real-time
monitoring and detection of deviations between the physical airport and its virtual representation
[49].

Monte Carlo simulation evaluates system performance by repeatedly sampling random scenarios or
input realisations. Gulan and Bose use Monte Carlo simulation to quantify the impact of uncertainty
in flight schedules and energy demand [18, 30]. This approach is relevant for fleet sizing because
it allows performance to be evaluated across multiple stochastic realisations rather than under a
single deterministic input set.

Discrete-Event Simulation (DES) represents system evolution as a sequence of discrete events in
time. This makes it suitable for modelling processes such as task release, vehicle dispatching, travel,
service execution, charging, and queueing. Gök applies DES, based on Petri nets, to study how
delays propagate through the GH process [28].

Simulation can also be combined with optimisation. Simheuristics embed simulation directly into
a search or optimisation process, allowing candidate solutions to be evaluated under stochastic or
dynamic conditions. Gök uses this hybrid approach to assess solution robustness and guide opti-
misation based on simulated performance [28]. Kirca develops a Multi-Input Multi-Output Airport
Energy Model as a dedicated simulation model to estimate eGSE charging requirements under dif-
ferent turnaround procedures and operational conditions [39].

For this thesis, simulation-based modelling is particularly relevant because the objective is not to
generate an optimal daily schedule, but to evaluate how task execution, dispatching rules, vehicle
states, charging behaviour, infrastructure constraints, and uncertainty interact during daily opera-
tions.

3.2.3. (Meta)heuristic Models
A third group of studies relies on heuristic or metaheuristic methods to solve large or complex
scheduling, routing, and coordination problems that are difficult to handle with exact optimisa-
tion alone. Examples include Fu [27] and Luo [49]. These approaches trade optimality guarantees
for computational tractability, flexibility, and the ability to handle operational complexity.

Genetic algorithms are population-based search methods inspired by natural evolution. Luo pro-
poses an enhanced genetic algorithm with a three-layer structure for vehicle assignment and service
sequencing [49]. Simulated annealing is a probabilistic search method that allows temporary ac-
ceptance of worse solutions to escape local optima. Bao, Tang, and Zoutendijk apply simulated an-
nealing to improve solution quality in energy-aware scheduling problems [16, 77, 94]. Tabu search
prevents cycling by temporarily forbidding recently visited solutions. Bao and Zoutendijk use tabu
search to enhance exploration in fleet-planning problems [15, 94].
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Adaptive Large Neighborhood Search (ALNS) iteratively destroys and reconstructs parts of a solu-
tion to explore the search space efficiently. Bao and Zoutendijk apply ALNS to solve large-scale
fleet-scheduling problems with reduced computation time [16, 94]. Chen introduces a Temporal
Sequential Single Item auction, in which vehicle agents bid for tasks based on their own costs and
schedules, enabling decentralised task allocation [20]. Chen also uses Safe Interval Path Planning
and its learning-augmented variant to compute conflict-free GSE routes in time-expanded airport
networks [20].

These methods are useful when exact optimisation becomes computationally expensive or when
decentralised decision-making is required. However, in this thesis, heuristics are not used as a
separate optimisation method. Instead, rule-based heuristics are embedded within the simulation
model to represent operational decision-making, including task selection, vehicle selection, charg-
ing decisions, and repositioning behaviour.

For this thesis, simulation is therefore the most suitable primary modelling approach. The objec-
tive is to evaluate how task execution, charging, resource constraints, dispatching logic, and uncer-
tainty interact during daily operations, rather than to produce an optimal schedule. A rule-based
DES can represent these interactions explicitly and can compare deterministic and stochastic fleet-
size performance. Within this simulation, heuristic decision rules are used to represent operational
control logic. The thesis therefore combines a simulation-based model structure with embedded
rule-based decision heuristics.

3.3. Representation of Time and Uncertainty
Across the reviewed literature, studies differ in how they represent time and uncertainty. With re-
spect to time, a distinction can be made between static and dynamic models. Static models assume
fixed schedules, fixed inputs, and decisions that are made for the complete planning horizon in
advance. They are useful for strategic analysis or simplified planning problems, but they are less
suitable for operational settings where flight timing, vehicle availability, and charging opportunities
evolve throughout the day. Dynamic models explicitly represent temporal system evolution and
allow decisions or system states to change over time. This makes them more suitable for airport
ground operations, where tasks are released at specific moments, vehicles move between locations,
and operational feasibility depends on the state of the system at the time a task must be executed.

Regarding uncertainty, some studies remain deterministic and assume known flight schedules, ser-
vice times, travel times, and energy requirements. Other studies explicitly include uncertainty or
variability through stochastic formulations, simulation-based randomness, or disturbance factors.
Gulan uses stochastic simulation to assess the impact of flight-schedule variability and energy de-
mand uncertainty on eGSE operations [30]. Xu employs a stochastic dynamic programming model
with chance constraints to represent uncertainty in bus arrival times [88]. Chen combines de-
terministic and stochastic modelling elements: the baseline schedule is constructed using fixed
flight times and service durations, while travel-time uncertainty is represented through a stochastic
distance-buffer coefficient that accounts for variability in vehicle movements [20]. Kuipers applies
ABM and introduces a stochastic offset of 20% to nominal task duration to emulate operational dis-
turbances within the simulation [44]. Luo represents uncertainty through parameters that capture
fluctuations in service and flight times, often using normal distributions derived from historical de-
lay data [49].

A notable observation is that several recent studies combine multiple modelling paradigms. Ex-
amples include optimisation embedded in simulation, rolling-horizon control, agent-based sim-
ulation, and digital-twin-supported heuristic approaches [49, 44]. This indicates a trend towards
hybrid models that aim to balance operational realism, scalability, and decision quality. Such ap-
proaches are relevant for eGSE planning because dispatching, routing, charging, vehicle availability,
and task timing are interdependent and evolve during the operational day.
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For this thesis, a dynamic and stochastic representation is required. Required fleet capacity de-
pends on how individual vehicles become available over time, where they are located, whether they
have sufficient battery energy, and whether service tasks can still be completed within their time
windows. The model must therefore represent temporal system evolution and allow operational
uncertainty to affect task timing, travel time, vehicle availability, and service-window feasibility. A
deterministic baseline remains useful for comparison, but it is insufficient to assess robust fleet-
capacity requirements under operational variability.

3.4. Fleet Representation
Across the reviewed studies, clear differences can be observed in how the fleet is represented. These
differences relate to vehicle technology, fleet composition, vehicle heterogeneity, and the level of
detail at which vehicle states are modelled.

First, studies differ in the vehicle technology they consider. Some papers focus exclusively on eGSE
fleets, such as Alruwaili [11], Bose [18], and Tang [77]. Other studies consider conventional fuel-
based fleets or explicitly analyse mixed fleets of electric and conventional vehicles to study transi-
tional phases or hybrid operations, such as Bao [16], Kirca [39], Wang [84], and Bosma [19]. This
distinction is important because conventional and electric fleets are constrained by different op-
erational factors. Conventional fleets are mainly constrained by vehicle availability, task timing,
and travel time, while eGSE fleets are additionally constrained by battery state, charging duration,
charger availability, and charging strategy.

Second, the number of vehicle types included varies widely. Some studies focus on a single GSE
type, such as passenger buses [88], while others include heterogeneous fleets with multiple vehicle
classes [39, 48]. A heterogeneous fleet representation is more complex because each vehicle group
may have different service tasks, duty cycles, energy consumption, charging requirements, and op-
erational constraints. However, this level of detail is necessary when the objective is to compare
fleet requirements across different GSE types or to analyse interactions between vehicle groups and
shared infrastructure.

Third, studies differ in whether vehicles are represented in an aggregated or individual manner. In
aggregated fleet models, vehicles of the same type are treated as interchangeable units, and fleet
states are represented through totals, averages, or distributions. This can be appropriate for high-
level energy analysis, strategic fleet planning, or infrastructure-load estimation. However, it limits
the ability to evaluate whether a specific vehicle can perform a specific task at a specific moment.
In individual vehicle models, each vehicle has its own state, such as location, availability, assigned
task, battery level, and charging status. Studies such as Kuipers [44] and Tang [77] use this more
detailed representation to capture operational feasibility at vehicle level.

For this thesis, individual vehicle representation is required because vehicle-level states determine
whether a task can be executed. A vehicle can only be assigned to a task if it is available at the
right time, located within feasible reach, compatible with the task, has sufficient SOC, and satisfies
service-specific constraints such as onboard water or waste capacity. Aggregated fleet representa-
tions are therefore insufficient for the operational questions addressed in this study. The simulation
model must track individual vehicles over time, including their location, availability, battery state,
charging status, resource level, and task history. This allows fleet-capacity requirements to be evalu-
ated as an outcome of dynamic vehicle availability rather than as a fixed aggregate fleet assumption.

3.5. GSE Turnaround Operations
Across the reviewed literature, the level of operational detail in GSE turnaround modelling differs
substantially. Routing- and scheduling-oriented studies typically include task allocation, travel
times between locations, service time windows, and service times at the aircraft stand. Energy-
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focused studies, by contrast, often simplify operational processes and mainly use them to estimate
energy consumption, charging demand, or vehicle availability [30, 53]. This distinction is important
because the level of operational detail determines whether a model can evaluate service feasibility
at task level or only approximate aggregate energy and fleet requirements.

One important modelling choice concerns the representation of service time. Service time is de-
fined here as the time a vehicle physically spends servicing an aircraft after arriving at the stand.
Across the reviewed papers, service time is either explicitly modelled or omitted. When included, it
is represented in different ways. Some studies use fixed service times per task, while others define
service duration as a function of aircraft characteristics, vehicle type, resource type, or stochastic
disturbance. For example, service times may depend on aircraft size or category [19], be specified
per task type [20], be differentiated by vehicle or resource type [27], or be modelled as stochastic or
otherwise variable parameters [28]. These differences matter for fleet sizing because service dura-
tion directly affects when a vehicle becomes available for its next task.

Energy consumption is represented with a similar range of modelling detail. Some studies use sim-
plified average-based formulations, while others apply more detailed mechanical or activity-based
models. Bao uses a mechanical energy-consumption model that accounts for rolling resistance,
aerodynamic drag, and gradient resistance [16]. This formulation distinguishes between opera-
tional modes such as unloaded driving, towing with aircraft weight, and energy use related to Aux-
iliary Power Unit (APU) substitution. Bosma decomposes energy consumption into driving, pump-
ing, and idling [19]. Driving energy is calculated using resistance-based equations, while pumping
and idling are represented as constant-power demands, such as 40 kW for pumping and 32 kW for
idling. Kirca applies a more aggregated approach by estimating energy consumption as the product
of nominal vehicle power, a load factor, and duration of use [39]. The load factor represents the ratio
between average operating power and maximum power and differs across operational modes such
as loaded transit, unloaded transit, and high-auxiliary operation.

These modelling choices show that operational detail is often traded off against model tractability.
Detailed representations of routing, service execution, resource use, and energy consumption can
improve operational realism, but they also require more input data and increase model complex-
ity. Simplified representations are easier to implement and interpret, but may fail to capture the
mechanisms that determine whether a vehicle is actually available when a task must be performed.

For this thesis, task allocation, travel time, service windows, service duration, vehicle-specific re-
source constraints, and energy consumption must be represented together. These elements jointly
determine whether an eGSE vehicle can reach a task in time, complete the service within its win-
dow, retain sufficient onboard resources, and maintain enough battery energy for subsequent op-
erations. The simulation model therefore represents GSE turnaround operations at task level, while
abstracting from more detailed physical vehicle dynamics that are not required for fleet-capacity
evaluation.

3.6. Charging
The reviewed papers show substantial differences in how charging is integrated into eGSE models. A
broad distinction can be made between implicit and explicit charging integration. Implicit charging
integration refers to approaches in which charging is treated outside the operational model, for
example through an initial SOC assumption or an overnight recharge assumption. In these cases,
charging does not dynamically affect vehicle availability, task feasibility, routing, dispatching, or
scheduling during the modelled operational horizon. Timmermans provides an example of such an
approach, where charging is not represented as an operational decision within the daily planning
problem [79].

Explicit charging integration, by contrast, represents charging as part of the system dynamics
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or decision-making process. These models typically include vehicle SOC, charging power limits,
charger availability, and sometimes Bidirectional Charging/Vehicle-to-Grid (V2G) flows. Charging
can therefore directly influence task feasibility, vehicle availability, routing, scheduling, and system
performance. Examples include Gulan [30], Alruwaili [11], Tang [77], and van Oosterom [53]. This
distinction is important for eGSE fleet sizing because charging is not only an energy-management
issue, but also a source of operational unavailability.

Building on this distinction, the literature considers several charging strategies. Overnight charg-
ing assumes that vehicles are charged during long idle periods, often until they are fully charged
before the next operating day. Opportunity charging allows vehicles to charge during shorter idle
periods between tasks and is therefore more relevant for high-utilisation vehicles or vehicles with
limited battery capacity. SOC threshold-based charging starts or stops charging when predefined
battery thresholds are reached, which can be used to maintain operational availability, reduce peak
demand, or limit battery degradation [44, 27, 18]. These strategies differ in how they use idle time
and in how strongly they affect vehicle availability during the operational day.

When charging infrastructure is capacity-constrained, priority rules become relevant. Priority-
based charging determines which vehicle should charge first when the number of vehicles requir-
ing charge exceeds the number of available chargers. The priority can be based on criteria such as
lowest SOC, expected idle time, expected future availability, or operational urgency [30, 19]. Such
priority mechanisms are important in airport environments because a vehicle with low SOC and an
upcoming task may be more critical than a vehicle with more remaining energy or longer idle time.

Some studies go further by integrating charging decisions with operational scheduling. This can
be referred to as integrated charging scheduling, where task assignment, routing, and charging are
jointly planned rather than treated as separate decisions. Tang and Fu provide examples of models
in which charging is integrated with task allocation and scheduling decisions [77, 27]. Wang ap-
plies a deep-reinforcement-learning-based scheduling paradigm that integrates electric and fuel-
powered vehicles and provides interpretable insights through Gantt-chart visualisations [84]. In
this approach, an agent learns when a vehicle should charge or execute a task, guided by rewards
and penalties related to battery health, energy consumption, and operational performance.

A smaller subset of the literature extends charging integration towards demand response or V2G.
In these models, eGSE are not only operational vehicles but also flexible electrical assets that can
interact with the grid. Alruwaili and Liu, for example, explore how eGSE can provide grid services or
participate in energy-market mechanisms [11, 48]. These approaches are relevant for long-term air-
port energy-system planning, but they require additional assumptions about market participation,
grid constraints, charging infrastructure, and battery degradation.

For this thesis, charging must be represented explicitly within the operational simulation horizon.
Charging is not treated only as an overnight reset or external energy assumption, because vehicles
that are charging are temporarily unavailable for service. The model therefore needs to include
vehicle-level SOC, charging thresholds, charging duration, charger capacity, charger occupancy,
and charging-related waiting. At the same time, charging is kept as an operational constraint rather
than formulated as a separate charging-schedule optimisation, grid-optimisation, or V2G problem.
This modelling choice fits the objective of this thesis: to evaluate how charging constraints interact
with dispatching, vehicle availability, task completion, and fleet-size requirements.

3.7. Research Gap and Positioning
The reviewed literature shows that GSE and eGSE operations have been studied from several com-
plementary perspectives. Routing and scheduling studies provide methods for assigning vehicles
to tasks, sequencing operations, and reducing travel time, delay, or workload imbalance. Energy-
management studies represent battery behaviour, charging demand, charging strategies, grid inter-
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action, and energy flexibility. Simulation-based studies are useful for evaluating system behaviour
under dynamic or uncertain conditions. Environmental assessment studies quantify the potential
emission benefits of electrification. Together, these streams show that eGSE fleet planning requires
the joint consideration of task execution, vehicle movement, energy availability, charging infras-
tructure, and operational variability.

However, the review also shows that these elements are often treated separately. Studies that include
detailed charging or grid interaction frequently simplify routing, task execution, or turnaround ser-
vice requirements. Routing and scheduling studies often represent task allocation and travel times
in detail, but include charging behaviour, charger capacity, or stochastic day-of-operations variabil-
ity only in a limited way. Several studies also represent fleets as aggregated vehicle classes or assume
fleet size as a fixed input. This limits their ability to explain how individual vehicle states, locations,
battery levels, charging status, and operational-control rules affect service feasibility during the op-
erational day.

A first gap concerns the coupling between operational task execution and charging. Several studies
model charging behaviour or energy demand in detail, but do not fully connect charging-related
unavailability to task-level service feasibility during daily operations. For eGSE, this coupling is
important because a vehicle that is charging is temporarily unavailable for dispatch, and charger
capacity can therefore affect whether service tasks can still be completed within their time windows.

A second gap concerns the role of fleet size in the modelling framework. In much of the reviewed
literature, fleet size is defined before the model is evaluated. This is useful for scheduling, energy
analysis, or infrastructure-load estimation, but it provides limited insight into how many vehicles
are required to meet a given service level. For fleet-sizing decision support, fleet size should instead
be varied and evaluated as an operational outcome.

A third gap concerns the treatment of uncertainty. Airport ground operations are inherently vari-
able, but uncertainty is not always linked to vehicle availability, charging behaviour, and service-
window feasibility. Deterministic models can show whether a fleet is sufficient under nominal con-
ditions, but they do not show whether that fleet remains sufficient when task timing or travel times
vary during the operational day.

Taken together, these gaps indicate the need for an operational simulation framework that inte-
grates task execution, individual vehicle states, charging behaviour, infrastructure constraints, fleet-
size evaluation, and operational uncertainty. This thesis addresses that gap by developing a rule-
based Discrete-Event Simulation (DES) framework for eGSE fleet sizing. The model represents in-
dividual vehicles, task time windows, dispatching decisions, travel between airport locations, SOC
development, charging behaviour, charger capacity, depot-return behaviour, and service-specific
resource constraints such as refilling and dumping. It also includes task-timing and travel-time un-
certainty to evaluate how fleet performance changes under stochastic operating conditions.

This thesis builds on the closely related work of Timmermans, who developed an optimisation-
based model to analyse the impact of eGSE implementation on fleet capacity and energy demand
[80]. That work provides an important strategic basis for eGSE fleet planning. The present study ex-
tends this perspective towards operational execution and robustness. Instead of primarily analysing
strategic fleet-capacity implications across a broad set of vehicle types, this thesis focuses on a nar-
rower set of vehicle groups and represents their operational behaviour in more detail.

The case-study application focuses on water vehicles, toilet vehicles, and loaders. Water and toi-
let vehicles represent depot-based, resource-constrained operations with refill or dump require-
ments, while loaders represent stand-side service equipment without onboard service-resource
constraints. This scope allows the model to analyse not only how many vehicles are required, but
also why vehicles become unavailable, where bottlenecks occur, and how operational-control as-
sumptions affect service performance.

Overall, this thesis contributes a simulation-based decision-support approach for eGSE fleet sizing
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under operational uncertainty and charging constraints. The contribution is not only a set of fleet-
size estimates for the tested vehicle groups, but also a modelling framework for understanding how
fleet capacity, demand timing, vehicle positioning, charging, resource constraints, infrastructure
use, and robustness interact in electrified airport ground-handling operations.

3.8. Summary
This chapter reviewed the modelling literature on GSE and eGSE operations using the modelling
needs identified in Chapter 2. The review focused on how existing studies represent the elements
required for operational eGSE fleet sizing: task execution, vehicle movement, fleet representation,
time, uncertainty, charging behaviour, and infrastructure constraints. The reviewed studies differ
in their primary objective. Some focus on routing and scheduling, others on energy management,
charging, or environmental impact. They also differ in modelling paradigm, ranging from opti-
misation and simulation to (meta)heuristics and hybrid combinations. In general, routing- and
scheduling-oriented studies tend to represent operational task assignment and travel in more detail,
while energy-focused studies often include charging and battery behaviour more explicitly. How-
ever, these modelling perspectives are frequently treated separately. The review also showed impor-
tant differences in how studies represent time, uncertainty, fleets, and charging. Some models are
static and deterministic, while others include dynamic system evolution or stochastic variability.
Fleet representation ranges from aggregated vehicle groups to individual vehicle tracking. Charging
integration also varies strongly.

The structured comparison in Table 3.1 summarises these differences across the reviewed studies.
The table compares each study along the main modelling dimensions discussed in this chapter: ob-
jective, model type, time representation, uncertainty treatment, fleet representation, turnaround-
operation detail, energy-consumption modelling, charging integration, and charging strategy. It
therefore provides the basis for comparing existing approaches with the modelling scope of this the-
sis. Implicit charging integration refers to charging that is treated outside the operational model, for
example through an initial SOC assumption or an overnight recharge assumption. Explicit charging
integration refers to charging that is represented within the model through elements such as battery
state, charging duration, charger availability, charging location, or charging status. This distinction
is separated from charging strategy: overnight and opportunity charging describe when charging
takes place, while full and partial charging describe the charging target or stopping rule. Integrated
charging scheduling is identified only when charging decisions are represented within the opera-
tional modelling horizon and can affect vehicle availability, task feasibility, routing, dispatching, or
scheduling.

The comparison shows that existing studies provide important building blocks, but that the full inte-
gration of fleet sizing, task execution, individual vehicle availability, charging behaviour, infrastruc-
ture constraints, and operational uncertainty remains limited. This is the research gap addressed in
this thesis. The simulation framework developed in Chapter 4 is therefore positioned as an opera-
tional decision-support model that links these elements in one dynamic eGSE fleet-sizing approach.

For this thesis, Table 3.1 also clarifies the distinction between the general model structure and the
validated case-study scope. The model framework can incorporate thirteen GSE vehicle groups us-
ing the same underlying structure, provided that vehicle-specific input data and operating rules are
available. However, the simulation experiments and case-study validation in this thesis are limited
to three vehicle groups: water vehicles, toilet vehicles, and loaders. The table therefore shows both
how the thesis is positioned relative to existing literature and how its broader modelling potential
differs from the narrower validated case-study application.
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Table 3.1: A comparison of different studies that include the modelling of GSE operations.

Alru
waili

(2022) [11]

Bao (2023) [16]

Bao (2024) [15]

Bose
(2025) [18]

Bosm
a (2022) [19]

Chen (2022) [20]

Fu (2025) [27]

Gök (2022) [28]

Gulan (2019) [30]

Kirc
a (2020) [39]

Kuip
ers

(2024) [44]

Liu
(2024) [48]

Luo (2024) [49]

Tang (2025) [77]

Tim
m

erm
ans (2025) [80]

van Ooste
ro

m
(2024) [53]

Wang (2025) [84]

Xu (2023) [88]

Zoutendijk
(2024) [94]

This
Thesis

(2026)

Objective

– Determines number of vehicles ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Number of vehicles as an input ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Model

– Optimisation ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Simulation ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– (Meta)heuristic ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Time

– Static ✓ ✓
– Dynamic ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Uncertainty

– Deterministic ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Stochastic ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Fleet eGSE Mix GSE eGSE Mix GSE eGSE GSE Mix Mix eGSE Mix GSE eGSE Mix eGSE Mix GSE eGSE eGSE

– Number of vehicle types 4 1 1 4 1 5 3 7 3 16 5 17 8 2 16 1 4 1 1 13

– Modelled individually ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
GSE Turnaround Operations

– Task allocation ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Travel time between locations ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Service time window ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Service time at aircraft stand ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Individual service times ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Vehicle energy consumption ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Charging Integration Expl Expl Expl Expl Expl Expl Expl Expl Expl Expl Impl Expl Expl Expl Expl

Charging Strategy

– Overnight Charging ✓ ✓ ✓ ✓ ✓
– Opportunity Charging ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Full Charging ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Partial Charging ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Integrated Charging Scheduling ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
– Demand Response / V2G ✓ ✓

= Energy Management, = Routing, = Environmental Impact



4
Simulation Framework

The purpose of this chapter is not only to describe the model, but to show how the earlier modelling
requirements are operationalised. The system definition, input data, conceptual model, simulation
logic, operational policies, and uncertainty implementation together form the bridge between the
theoretical problem definition and the case-study experiments in Chapter 5 and Chapter 6.

The chapter is structured as follows. Section 4.1 defines the system boundary and main model com-
ponents. Section 4.2 describes the required input data. Section 4.3 presents the conceptual model
structure, while Section 4.4 explains the main simulation logic, including dispatching, task execu-
tion, charging, replenishment, dumping, and depot return decisions. Finally, Section 4.5 explains
how uncertainty is implemented, and Section 4.6 presents the verification approach used before
applying the framework to the case study.

4.1. System Definition
The simulation framework represents day-of-operations eGSE service execution at aircraft stands.
The model focuses on the allocation of individual eGSE vehicles to time-window-constrained ser-
vice tasks under vehicle-availability, energy, onboard-resource, and infrastructure-capacity con-
straints. Its purpose is to support fleet-sizing decisions and to evaluate operational-control assump-
tions while providing insight into service reliability, vehicle utilisation, driven distance, charging
behaviour, and supporting-infrastructure use.

The system boundary is defined at the level of airside service execution. The model includes service
demand at aircraft stands, individual eGSE vehicles, vehicle movements between airport locations,
task execution, charging, replenishment or disposal actions, depot return, and the use of shared
supporting infrastructure. Upstream processes, such as flight scheduling, air traffic control, stand
allocation, and airline planning decisions, are treated as exogenous. Detailed airside traffic interac-
tions, human decision variability, weather disruption, vehicle breakdowns, charger failures, and full
turnaround precedence modelling are excluded. The model therefore evaluates operational control
and resource allocation within a given demand pattern, rather than optimising the wider airport or
airline planning system.

The system consists of three main entity groups: service tasks, eGSE vehicles, and supporting infras-
tructure. Tasks represent realised service demand at aircraft stands with specific timing, location,
service duration, resource requirement, and service-window constraints. Vehicles execute these
tasks while operating under dynamic state constraints, including location, availability, SOC, on-
board resource level, charging status, and operational status. Supporting infrastructure consists of
capacity-constrained resources such as chargers, refill points, dump points, depots, and service lo-
cations. These infrastructure elements can create waiting times and affect vehicle availability when
multiple vehicles require the same resource.

Although the model is applied to the KLM Schiphol case study, its structure is designed as a generic
operational simulation framework. Airport-specific characteristics, such as demand patterns, spa-
tial layout, fleet composition, aircraft compatibility, service rules, charging assumptions, and oper-
ational parameters, are introduced through input data. This separation between model structure
and case-study input allows the same framework to be adapted to different airports, vehicle groups,
and operational assumptions, provided that the required input data and validation evidence are
available.

The model structure is applicable to GSE vehicle types that can be represented as mobile ser-

38



4.2. Input Data 39

vice resources assigned to time-window-constrained tasks. Depending on the vehicle type, ad-
ditional constraints can be activated, such as onboard resource capacity, intermediate replenish-
ment or disposal visits, depot-based operation, stand-side positioning, and vehicle-specific charg-
ing behaviour. In this thesis, these mechanisms are implemented and evaluated for three vehicle
groups: water vehicles, toilet vehicles, and loaders. Water and toilet vehicles represent depot-based,
resource-constrained operations with refill or dump requirements, while loaders represent stand-
side service equipment without onboard service-resource constraints. Other GSE types can be rep-
resented by the same general modelling principles, but they require additional vehicle-specific in-
put data, service rules, operational logic, and validation before they can be used for fleet-sizing
conclusions.

4.2. Input Data
The model integrates multiple input layers, combining flight-based service demand with process-
specific service rules and system-level operational parameters. Together, these inputs define both
the temporal distribution of demand and the constraints under which vehicles operate. The pri-
mary data source is a flight schedule, representing service demand at the level of individual aircraft
movements. Each record contains scheduled arrival and departure times, stand assignment, air-
craft subtype, operational classification, and information on connected flights. These attributes
determine when and where services are required and how flight-level demand is translated into
operational service tasks.

Service data define how this demand is operationalised. For each combination of aircraft subtype
and operational classification, service rules specify nominal service durations and time-window off-
sets relative to the scheduled flight time. Operational classifications include arrival, departure, and
turnaround movements. The service rules are defined at a detailed level, allowing variation across
aircraft types and operational contexts. In addition, process identifiers distinguish between dif-
ferent service types, such as replenishment, disposal, platform service, towing, or aircraft-support
tasks.

Resource requirements are derived using a combination of aircraft subtype and aircraft class. The
aircraft subtype represents the specific aircraft model and is used to define service characteristics
and compatibility rules. Aircraft class, such as commuter, narrow-body, or wide-body, is used to
approximate service quantities where detailed aircraft-specific resource data are not available. De-
pending on the vehicle type, these quantities may represent consumable resources, collected return
resources, load-handling demand, towing requirements, or other service-specific quantities. For
water and toilet operations, this includes approximations of potable-water demand and lavatory-
waste quantities.

Input datasets from different sources are first harmonised and then processed into task-level simu-
lation records. During this preprocessing step, the model derives service duration, time-window
constraints, location, aircraft subtype, operation type, and resource requirements for each task.
A key preprocessing step is the treatment of connected flights. Turnaround operations are repre-
sented as a single logical entity by removing duplicate records and assigning a combined opera-
tional classification. This prevents service demand from being double-counted while preserving
the correct service logic for arrival, departure, and turnaround operations.

After preprocessing, each instance of service demand is converted into a standardised task record.
These records include timing information, aircraft stand, location group, aircraft subtype, service
duration, required resource quantities, and service-window constraints. Additional metadata cap-
ture the operational context of each task, including whether the task is associated with an arrival, de-
parture, or turnaround operation. The resulting service tasks are then treated as independent simu-
lation tasks. No explicit precedence relations between different ground-handling tasks are imposed
beyond their individual service windows. This reflects the model scope: the framework evaluates
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vehicle availability and task completion, not full turnaround sequencing or aircraft departure-delay
causality.

Not all potential tasks are retained. Tasks may be filtered out during preprocessing if they are op-
erationally irrelevant. For example, tasks corresponding to aircraft subtype–operation-type combi-
nations for which no service is required are excluded, and duplicate demand resulting from linked
flights is removed as described above. In addition, a deterministic demand-reduction rule can be
applied to predefined aircraft subtypes for which water or toilet service is not required after every
turnaround. For these subtypes, every second task is removed based on the original input sequence.
This rule is not intended to represent stochastic cancellation, but to approximate an observed op-
erational servicing frequency while keeping demand generation reproducible. This assumption is
particularly relevant for water and toilet eGSE operations.

Once defined, tasks are released into the simulation prior to their planned start time by a fixed offset.
This early-release mechanism allows vehicles to initiate travel in advance, while service execution
remains constrained by the defined service window. As a result, dispatching decisions can account
for travel time without violating operational constraints at the point of service.

Movement across the airport is represented using an aggregated spatial structure. Individual air-
craft stands are assigned to location groups, and travel distances between these groups are de-
fined through a distance matrix. Travel times are then calculated from these distances and vehicle-
specific speeds. This abstraction preserves the main spatial differences across the apron while
avoiding the complexity of a microscopic apron-traffic model. The case-specific construction of
the distance matrix is described in Chapter 5.

Vehicle behaviour is governed by parameters describing fleet composition and operational capa-
bility. These include fleet size, vehicle speed, battery capacity, initial SOC, energy consumption,
charging behaviour, minimum dispatch thresholds, charging thresholds, and onboard resource
limits such as water or waste capacity. Supporting infrastructure is modelled as a set of capacity-
constrained resources, including charging stations, refill points, dump points, and depot locations.
These resources introduce potential queueing and competition between vehicles, which can affect
vehicle availability and system performance.

The model further incorporates stochastic inputs to reflect operational variability. Task-timing un-
certainty and travel-time variability are defined through externally specified probability profiles,
empirical magnitude arrays, or modelling assumptions. Task-timing uncertainty is applied during
preprocessing, before tasks are released into the simulation environment, because it changes the
timing of service demand. Travel-time variability is applied dynamically during simulation execu-
tion, because it affects individual vehicle movements and therefore subsequent vehicle availability.
The uncertainty implementation is described in Section 4.5.

Finally, the model is designed to support controlled simulation experiments. Key parameters, such
as demand dataset, vehicle group, fleet size, operational-control policy, charging settings, uncer-
tainty setting, and random seed, can be varied between runs. An experiment configuration is
therefore defined as a combination of a fixed demand dataset and a specific parameter configu-
ration. This enables systematic comparison of deterministic baselines, stochastic uncertainty set-
tings, operational-control variants, and sensitivity tests without changing the underlying simulation
logic. The resulting input-data structure is summarised in Figure 4.1.
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Figure 4.1: Input-data structure of the simulation framework

4.3. Conceptual Model
The conceptual model represents the simulation framework as a rule-based, discrete-event service
system in which service demand, individual eGSE vehicles, and supporting infrastructure interact
over time. Its purpose is to define the main system entities, their state variables, and the high-level
decision structure through which service tasks are matched to available vehicles. At this level, the
model describes the structure and intended behaviour of the system, while the detailed implemen-
tation logic is described in Section 4.4.

The system consists of three main entity groups: service tasks, eGSE vehicles, and supporting in-
frastructure. Service tasks represent operational demand at aircraft stands. Each task is charac-
terised by a service type, aircraft stand, location group, service duration, required resource quantity,
and service time window. The opening of the service window defines the earliest allowable service
start, while the closing of the service window defines the latest allowable service completion under
the modelled operational requirements. Vehicles represent mobile eGSE resources that can exe-
cute compatible tasks. Supporting infrastructure consists of capacity-constrained resources such
as chargers, refill points, dump points, depots, hubs, or other service-specific support locations.

The system state evolves through the interaction of these entities. Each vehicle has dynamic state
variables, including its current location, availability, SOC, onboard resource level, charging status,
and operational status. Operational status can include states such as idle, travelling, servicing,
charging, refilling, dumping, or returning to depot. Tasks enter the system over time, remain avail-
able while they are operationally relevant, and leave the system once they have been completed or
when the simulation reaches an explicit end-of-run or stalemate condition. Infrastructure resources
can be occupied by one or more vehicles depending on their capacity, which can create queueing
and affect the timing of future vehicle availability.

At a high level, the system follows a recurring operational cycle. Service demand is released into
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the simulation over time. The dispatcher evaluates the available tasks and vehicles, selects a task
to be addressed, identifies a suitable vehicle, and assigns the task when the relevant operational
constraints are satisfied. The assigned vehicle then travels to the task location, waits if it arrives
before the service window opens, performs the service, and updates its state after task completion.
Depending on its post-task state, the vehicle may become available for a new task or may first need
to charge, refill, dump, return to depot, or perform another service-specific support action.

The decision structure of the model is organised into four interconnected components: Dispatcher,
Task Selection, Vehicle Selection, and Task Execution. The Dispatcher acts as the central coordina-
tion mechanism that links released service demand to fleet availability. Task Selection determines
which waiting task should be prioritised, based on urgency and operational feasibility. Vehicle Se-
lection determines which available vehicle should execute the selected task, based on compatibil-
ity, location, timing, battery state, and service-specific constraints. Task Execution represents the
operational realisation of the assignment, including travel, waiting, service delivery, infrastructure
interaction, and subsequent vehicle-state changes.

The conceptual model assumes adaptive dispatching. Tasks that cannot currently be assigned re-
main in the task queue and can be reconsidered when vehicle availability, vehicle state, or infras-
tructure conditions change. Similarly, vehicles are not modelled only as task-execution resources,
but as operational resources that must also maintain their own feasibility through charging, replen-
ishment, disposal, and repositioning. This is important for eGSE fleet sizing because vehicle avail-
ability depends not only on task completion, but also on battery state, onboard resources, spatial
position, and access to supporting infrastructure.

Supporting infrastructure shapes system performance because it can impose additional capacity
constraints on otherwise available vehicles. A vehicle may be idle but not immediately operationally
useful if it first needs to charge, refill, dump, or return to a service location. Likewise, a vehicle
may require access to a charger or service point that is already occupied by another vehicle. The
conceptual model therefore treats infrastructure use and queueing as part of the vehicle-availability
problem rather than as external assumptions.

Overall, the conceptual model defines eGSE operations as an event-driven interaction between
time-window-constrained service demand, mobile vehicle resources, and capacity-constrained
supporting infrastructure. This structure reflects the central modelling assumption of this thesis:
required fleet capacity is not determined only by the number of service tasks, but by the dynamic
availability of suitable vehicles at the required time and location. The simulation design in Sec-
tion 4.4 translates this conceptual structure into concrete processes, decision rules, and control
logic.

4.4. Simulation Design
The simulation model operationalises the conceptual model as a rule-based Discrete-Event Simu-
lation (DES) in which service tasks, individual eGSE vehicles, and supporting infrastructure interact
through time-dependent events. Building on the conceptual structure introduced in Section 4.3,
the implementation is organised around four main components: Dispatcher, Task Selection, Ve-
hicle Selection, and Task Execution. This section describes how these components are translated
into concrete simulation processes, decision rules, and state transitions. An overview of the overall
model logic is shown in Figure 4.2.

At the start of each simulation run, the simulation environment is created, the central task store is
initialised, and the fleet is generated. Vehicle initialisation is defined per vehicle group and depends
on the service type. Each vehicle is assigned an initial location, which may be a depot, charging lo-
cation, stand-side hub, or another operational base. For depot-based vehicle groups, the assigned
charging locations also serve as operational depots and starting positions. This allows the same sim-
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ulation structure to represent both depot-based vehicles and vehicles distributed across the apron.
The specific starting locations, charging locations, and service-specific base locations used in the
KLM Schiphol case are defined in the case-study input configuration.

After vehicle initialisation, the core simulation processes are launched: task generation, stop-
schedule control, central dispatching, and one worker process for each eGSE vehicle. The stop-
schedule control represents the operational end-of-shift logic of the vehicle group. Each vehicle is
implemented as a separate SimPy process that manages its own behaviour, including waiting, trav-
elling, servicing, charging, refilling, dumping, and returning to its base. As a result, the simulation
consists of multiple concurrent interacting processes rather than one sequential procedure. System
performance therefore emerges from the interaction between task releases, dispatcher decisions,
vehicle states, and infrastructure availability.

Figure 4.2: Flowchart of the simulation model.

Tasks do not enter the system all at once, but are released over time through a dedicated task-
generation process. Each task is inserted into the central task store when its release time is reached.
To account for the travel time required before service can begin, the model applies an early-release
mechanism: tasks become available for dispatch a fixed number of minutes before their planned
service-window opening. This allows vehicles to be dispatched in advance, while actual service ex-
ecution remains constrained by the task-specific service window.

The simulation continues until one of several completion conditions is met. Under normal cir-
cumstances, a run ends when all tasks have been generated and completed, no pending assign-
ments remain, the task store is empty, all vehicles have returned to their required end location, and
any end-of-shift obligations related to tank filling or emptying have been satisfied. In addition, the
model can terminate under end-of-shift conditions when cutoff schedules become binding and no
operationally relevant work remains. The model can also terminate under stalemate conditions,
where tasks remain in the system but none can still be dispatched because of eligibility restrictions,
stop-cutoff rules, or other operational constraints. These termination rules prevent the simulation
from continuing indefinitely in states where no further meaningful operational activity can occur.
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4.4.1. Dispatcher
The dispatcher is implemented as the central coordination process of the simulation model. It con-
tinuously links released service demand to the available fleet and assigns tasks to vehicles when
the relevant operational constraints are satisfied. The dispatcher is hybrid in nature. It reacts to
relevant events, such as task releases and vehicles becoming available, but also performs periodic
retries when no assignment can be made immediately. This ensures that waiting tasks are recon-
sidered as vehicle availability, vehicle state, or infrastructure conditions change, without requiring
continuous polling at a very fine time resolution. The dispatcher logic is summarised in Figure 4.3.

Figure 4.3: Flowchart of the dispatcher.

Dispatching is performed centrally for the fleet as a whole rather than independently per vehicle.
In each decision round, the dispatcher evaluates tasks that have already been released and are still
waiting in the queue. If at least one operationally suitable vehicle is available, the dispatcher assigns
one of the queued tasks according to the task-selection and vehicle-selection rules. If no suitable
vehicle is available, the task remains in the queue and is reconsidered in a later dispatching round.
Task release and task dispatch are therefore not necessarily simultaneous: a task can enter the sys-
tem before a vehicle is available to execute it.

Tasks are not removed from the system solely because they can no longer be completed on time. If
a task remains operationally assignable but its service window can no longer be met, the task may
still be executed and is recorded as a late task. This distinction is important because the model
evaluates both task completion and on-time completion. Late tasks therefore represent internal
service-window violations rather than deleted or unserved demand.

4.4.2. Task Selection
Within the dispatcher, task selection determines which queued task should be considered first. The
baseline dispatcher operates under DISPATCH_PRIORITY_MODE = latest_start. In this mode,
tasks are ranked by the sorting key (sl acki , −τmi n

i ), where sl acki is the remaining time until the
latest feasible service start of task i , and τmi n

i is the minimum travel time required to reach that task
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from the currently available vehicle set. The slack of task i is defined as:

sl acki = (t close
i −di )− t

where t close
i is the service-window closing time of task i , di is the task service duration, and t is the

current simulation time. The term (t close
i −di ) represents the latest possible service start if the task

is to be completed within its service window, excluding vehicle-specific travel time. A smaller slack
value therefore indicates a more urgent task.

If two tasks have equal slack, the tie-break rule selects the task with the larger minimum travel time
first. This gives priority to tasks that are harder to reach when their latest feasible service start is
otherwise identical. The rule should be interpreted as a local dispatching heuristic rather than a
globally optimal scheduling rule. For two tasks with identical unadjusted slack, the task with the
larger minimum travel time requires more lead time before service can start. Prioritising this task
is therefore a conservative way to reduce the immediate risk of time-window infeasibility for less
accessible tasks.

Before ranking is performed, task filtering is applied. Tasks for which no currently available vehi-
cle satisfies the relevant compatibility, state, or operational constraints remain in the queue until
the next dispatch cycle. Once a suitable vehicle becomes available, all waiting tasks are reconsid-
ered, and the task with the smallest slack is given priority. The task-selection process used by the
dispatcher is shown in Figure 4.4.

Figure 4.4: Flowchart of the task-selection process.

The task-selection logic therefore prioritises tasks based on the latest feasible service start rather
than only on the service-window closing time. A task with a later window close can still be more
urgent if it has a longer service duration. The implementation also includes a lookahead-based
deferral rule. If the currently available vehicle cannot complete a task within its service window, but
another vehicle is expected to become available shortly and can complete the task more feasibly,
the dispatcher may defer assignment. This prevents premature assignment to an unsuitable vehicle
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when a better feasible assignment is expected within the short lookahead period.

4.4.3. Vehicle Selection
Once a task has been selected, the vehicle-selection component determines which vehicle should
execute it. The dispatcher first constructs a candidate pool from vehicles that are operationally
available for assignment. Candidate vehicles are then screened using operational constraints,
including vehicle availability, SOC, depot-return status, reassignment restrictions, and service-
specific constraints. For resource-constrained vehicles, candidates may be excluded if the task
would violate onboard capacity limits, replenishment requirements, disposal requirements, or
other vehicle-specific policy checks. The vehicle-selection process is shown in Figure 4.5.

Figure 4.5: Flowchart of the vehicle-selection process.

Among the eligible candidates, vehicle selection is based on travel efficiency and service-window
feasibility. The model first checks whether each candidate vehicle can travel to the task location,
wait if necessary until the service window opens, perform the service, and complete the task within
the service window. If one or more vehicles can complete the task on time, the dispatcher selects
the feasible vehicle with the shortest travel time.

If no eligible candidate can complete the task within the service window, the task is not automati-
cally discarded. Instead, the dispatcher can still assign the task to an operationally eligible vehicle
when service execution remains possible, even though completion will be late. In that case, the task
is completed and the service-window violation is recorded in the output metrics. This mechanism
allows the model to distinguish between insufficient punctuality and non-execution of tasks.

4.4.4. Task Execution
Task execution is implemented through one worker process per vehicle. Each vehicle alternates be-
tween idle and active states. At the start of the simulation, each vehicle is idle at its assigned starting
location. When idle, the vehicle waits for an assignment while also checking whether operational
support actions should be initiated. These actions may include charging, refilling, dumping, stop-
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cutoff handling, depot return, or other service-specific reset actions. The task-execution process,
including travel, service execution, and vehicle-state updates, is shown in Figure 4.6.

Figure 4.6: Flowchart of the task-execution process.

After receiving an assignment, the vehicle travels to the task location. If it arrives before the ser-
vice window opens, it waits until the opening time. Service starts only after the vehicle has ar-
rived and the service window is open. The standard execution sequence is therefore TASK_ARRIVE,
GSE_DISPATCH, GSE_ARRIVE, TASK_START, and TASK_DONE. This sequence ensures that travel oc-
curs before service, that service does not start before vehicle arrival, and that tasks assigned to the
same vehicle cannot overlap.

After task completion, vehicles do not simply return to a generic available state. Instead, post-task
behaviour is governed by a sequence of operational checks. Stop-cutoff conditions may prevent the
vehicle from accepting new work. Resource-related actions, such as refilling, unloading, dumping,
or other service-specific reset actions, may be initiated when threshold conditions are met. If the
SOC is below the relevant charging threshold, the vehicle may be sent to charge. Depot-return logic
can also direct the vehicle back to its depot or base location when no immediate assignment is
available. In the baseline logic, this depot-return action can be triggered after an idle period of at
least 1 min following a dispatcher waiting period of 1 min without assignment.

This post-task logic makes vehicle behaviour endogenous to the system state. Vehicle availability is
therefore not determined only by whether the previous task has been completed, but also by battery
state, onboard resource level, infrastructure access, shift constraints, and repositioning decisions.
This is central to the fleet-sizing logic of the model: a fleet is sufficient only if suitable vehicles
are available at the required time and location, not merely if the total number of vehicles is large
enough.

4.4.5. Operational Policies and Constraints
Several cross-cutting operational policies and constraints shape the behaviour of the simulation
model. These policies determine when vehicles remain available for task assignment, when they
must interact with supporting infrastructure, and when they are temporarily removed from the
assignable fleet. They therefore affect vehicle availability directly and are central to the interpre-
tation of fleet-size requirements.

Charging is explicitly modelled as an operational process within the simulation horizon, rather than
as an external overnight assumption. Vehicles can enter charging events during the simulated day
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based on their SOC, location, and operational status. Charging can occur reactively when SOC
falls below an operational threshold. Vehicles located at their depot or assigned charging location
can also charge opportunistically when they are idle and below a higher depot-charging threshold.
Charging behaviour is vehicle-group specific and location-dependent. Because chargers are rep-
resented as capacity-constrained resources, a vehicle may have to wait before charging can begin.
During charging and charging-related waiting, the vehicle is not available for task execution unless
the charging process is interrupted by the operational logic.

Charging is represented through rule-based control rather than through a separate charging-
schedule optimisation. The model therefore does not optimise electricity cost, battery degradation,
grid interaction, or charger assignment at fleet level. Instead, charging is included as an operational
availability constraint: it affects whether a vehicle can remain available for service, whether it needs
to leave the task-assignment pool, and whether limited charger capacity can create waiting time.

Onboard resource replenishment and disposal are also modelled through threshold-based rules.
Vehicles with consumable onboard resources, such as potable-water vehicles, visit a replenishment
point when their remaining resource level falls below a predefined threshold. Vehicles that collect
return resources, waste, or other service-specific loads visit a disposal or unloading point when the
onboard load exceeds a predefined share of capacity. Where required, vehicles may also be forced
to replenish or dispose of resources before the end of the shift, so that they return in the required
operational state. These rules ensure that onboard resource levels are actively managed during the
simulation, rather than being treated only as passive bookkeeping variables.

Supporting infrastructure is represented as a set of shared resources with limited capacity. Charg-
ing stations, refill points, dump points, depots, and other service-specific support locations can
only be used when capacity is available. If the relevant infrastructure is occupied, vehicles wait in
a queue. Charging locations are modelled with location-specific capacities, allowing multiple vehi-
cles to charge simultaneously when sufficient chargers are available. Replenishment and disposal
infrastructure is modelled in the same way using predefined capacity limits. Through this structure,
the model captures congestion and waiting effects when multiple vehicles compete for the same
operational resource.

Task-assignment feasibility is determined by compatibility, timing, vehicle state, and service-
specific constraints. A vehicle can only be considered for a task when it is compatible with the
task type, operationally available, and able to execute the task within its applicable constraints.
Vehicles may be excluded from the candidate pool because of insufficient SOC, stop-cutoff sta-
tus, depot-return status, reassignment restrictions, incompatible service type, or vehicle-specific
onboard-resource constraints. These conditions ensure that dispatching decisions reflect both the
service requirements of the task and the operational limitations of the vehicle.

A distinction is made between operational eligibility and on-time feasibility. Operational eligibility
determines whether a vehicle is allowed to execute a task at all. On-time feasibility determines
whether the task can still be completed within its service window. If no eligible vehicle can complete
a task on time, the task is not necessarily removed from the system. It can still be executed by an
eligible vehicle and recorded as a late task. This distinction allows the model to measure service-
window violations explicitly, rather than hiding them through task deletion.

Stop-cutoff logic represents the operational end of the working period for a vehicle group. After the
cutoff becomes active, vehicles may stop accepting new regular assignments and may instead com-
plete required end-of-shift actions, such as returning to depot, refilling, dumping, or charging. This
prevents vehicles from being assigned to tasks beyond the modelled operating period and ensures
that end-state requirements are represented consistently.

Finally, the simulation design is parameterised to support controlled simulation experiments. Key
configurable parameters include fleet size, vehicle-group settings, charging thresholds, minimum
dispatch thresholds, infrastructure capacities, uncertainty toggles, random seeds, and operational-
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control policies. These parameters are defined through configuration files and environment set-
tings, allowing experiments to be varied systematically without changing the underlying simulation
logic. As a result, the model can represent a baseline operating system and test how changes in fleet
composition, charging assumptions, infrastructure capacity, uncertainty settings, and operational
policies affect system performance.

4.5. Uncertainty Modelling
This section describes how uncertainty is represented in the simulation model. The uncertainty
structure is generic: stochastic inputs can be introduced to affect task timing, travel time, service
duration, energy consumption, charging behaviour, or infrastructure availability. In this thesis,
however, the active stochastic implementation is limited to task-timing uncertainty and travel-time
uncertainty. These two mechanisms are selected because they directly affect when service demand
occurs and when vehicles become available for subsequent tasks.

The section is organised in three parts. First, Subsection 4.5.1 describes the general uncertainty
mechanisms used in the simulation framework. Second, Subsection 4.5.2 explains how the task-
timing profiles are derived for the KLM Schiphol case using historical flight data. Third, Subsec-
tion 4.5.3 describes the implementation of stochastic replications, random seeds, and confidence
intervals. The resulting uncertainty parameters should therefore be interpreted as case-study inputs
for this thesis, not as universal airport-wide uncertainty parameters.

4.5.1. Sources and Modelling of Uncertainty
Two active sources of uncertainty are included in the simulation experiments: task-timing uncer-
tainty and travel-time uncertainty. Task-timing uncertainty changes when service tasks occur dur-
ing the simulated day. Travel-time uncertainty changes how long individual vehicle movements
take during simulation execution.

Task-timing uncertainty covers both late and early arrivals. A service task can therefore be shifted
later or earlier than originally planned. Task cancellations due to uncertainty are not modelled ex-
plicitly. This modelling choice is conservative for fleet sizing, because the analysis aims to evaluate
system performance under realised demand. Including stochastic cancellations would reduce the
effective task volume and could therefore underestimate the required fleet size and supporting-
infrastructure capacity.

Task-timing uncertainty is modelled by shifting the planned timing of service tasks linked to an air-
craft arrival. For each relevant flight leg, the model first samples whether the arrival is late, early,
or on time using empirically estimated probabilities. If a late or early arrival is sampled, the cor-
responding magnitude is drawn through uniform resampling from a capped empirical magnitude
array for the relevant time-of-day bucket. The sampled magnitude is rounded to whole minutes
and applied as a signed shift: positive for a late arrival and negative for an early arrival. The rele-
vant time-of-day bucket is based on the scheduled local time of the flight event. The dayparts are
configurable. In the case-study implementation, the morning period is defined as before 11:00, the
afternoon as 11:00–17:00, and the evening as after 17:00. This segmentation allows the uncertainty
profiles to reflect differences in arrival-time variability across the operating day.

Only arrival timing is used as an active stochastic input in the simulation. This is because arrival tim-
ing directly determines when aircraft-dependent ground-handling tasks can start. Departure delay,
by contrast, does not necessarily imply delayed service execution, because the relevant ground ser-
vice may already have been completed before the departure delay occurs. Consequently, departure-
delay profiles are not used to shift service tasks in the stochastic experiments. Timing deviations are
applied at the flight-arrival level. When an arrival is sampled as late or early, the planned arrival
time is shifted by the sampled value. The service tasks linked to that arrival are then shifted by the
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same amount. Both the planned task timing and the opening of the service window move accord-
ingly. Because the closing time of the service window is defined relative to the opening time, the
full service window shifts while its duration remains unchanged. Task-timing uncertainty therefore
changes the temporal demand pattern during the day, but it does not change service duration or
intrinsic task characteristics.

Travel-time uncertainty is modelled as a stochastic multiplicative increase of deterministic travel
times. For each travel leg, a Bernoulli trial determines whether a travel disturbance occurs. The
disturbance probability is set to p = 30%. If a disturbance is triggered, the deterministic travel time,
calculated from distance and vehicle speed, is increased by 15%. If no disturbance is triggered, the
travel time remains unchanged. These travel-time uncertainty parameters are not estimated di-
rectly from empirical travel-time observations. Instead, they are selected in consultation with oper-
ational experts as a plausible order of magnitude for incidental apron movement disturbances, such
as congestion, routing inefficiencies, waiting time, or interaction with other apron traffic. Travel-
time uncertainty is applied independently to each vehicle movement during simulation execution.
Its effect is dynamic: if a travel leg takes longer, the corresponding eGSE vehicle remains in transit
for a longer period through the simulation timeout mechanism. As a result, vehicle availability is de-
layed. This can affect subsequent dispatching decisions, queue formation, task completion times,
and service-window compliance.

4.5.2. Case-Specific Empirical Derivation
This subsection instantiates the generic task-timing uncertainty logic for the KLM Schiphol case. It
does not define a general airport-wide uncertainty model. The delay parameters are derived from
historical Schiphol flight data using local timestamps. The dataset consists of approximately 74,000
flight records over a three-month period covering May, June, and July of 2025. This provides a case-
specific empirical basis for estimating arrival-time variability.

For each operated arrival leg, the signed arrival deviation di is calculated as the difference between
actual and scheduled arrival time in minutes. Positive values indicate late arrivals, while negative
values indicate early arrivals. Early arrivals are included because they can shift service demand into
an earlier part of the day and thereby affect vehicle availability in the same way as late arrivals can
shift demand later.

Late-arrival and early-arrival probabilities are estimated separately. Cancelled flights are excluded
from both the numerator and denominator, because the baseline simulation represents operated
demand and does not model stochastic flight cancellation. A minimum threshold of τ = 1 minute
is used to distinguish meaningful timing deviations from negligible timestamp noise. For a given
daypart, the late-arrival probability is defined as:

p l ate = #{i ∈O : di ≥ τ}

#{i ∈O}
, (4.1)

where O is the set of operated, non-cancelled arrival legs in the corresponding daypart. The early-
arrival probability is defined as:

pear l y = #{i ∈O : di ≤−τ}

#{i ∈O}
. (4.2)

The remaining probability mass is treated as on-time or negligible timing deviation:

pon−t i me = 1−p l ate −pear l y . (4.3)

Across the analysed time-of-day buckets, the empirical late- and early-arrival probabilities range
approximately between 35.0% and 60.7%. The resulting arrival-delay probabilities are shown in
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Figure 4.7.

Figure 4.7: Arrival-timing probability profiles derived from the empirical dataset

Arrival-delay magnitudes are not represented by fitted parametric distributions. Instead, empiri-
cal magnitude arrays are constructed separately for late and early arrivals in each daypart. For late
arrivals, the empirical magnitude array is constructed from observations satisfying di ≥ 1, with mag-
nitude xi = di . For early arrivals, the array is constructed from observations satisfying di ≤−1, with
positive magnitude xi = |di |. In both cases, the empirical magnitude array is denoted by:

X = {x1, x2, . . . , xn}. (4.4)

Before percentile capping is applied, observations with an absolute signed deviation larger than
1440 minutes are excluded as a sanity filter against likely timestamp artefacts:

|di | > 1440. (4.5)

This filter removes only a very small share of observations. For late arrivals, 31 out of 18,260 delayed
observations exceeded 1440 minutes and were excluded, corresponding to 0.17% of the delayed-
arrival sample. These excluded values ranged from 1,481 minutes to 87,853 minutes, with a median
of 43,254 minutes, or approximately 30 days. For early arrivals, 5 out of 13,947 observations were
smaller than −1440 minutes and were excluded, corresponding to 0.04% of the early-arrival sample.
These observations had unrealistic magnitudes of approximately 209,000 to 298,000 minutes, with
a median of approximately 252,000 minutes. These values are interpreted as timestamp artefacts
rather than realistic operational deviations. The purpose of the 1440-minute filter is therefore to
remove extreme data-quality errors without materially altering the normal empirical delay distri-
bution.

After this sanity filter, the magnitude distributions are capped at the 99th percentile. For each day-
part and arrival category, the cap is defined as:

c99 = P99(X ), (4.6)

where P99 denotes the 99th percentile of the filtered empirical magnitude array. Each magnitude is
then transformed as:

x̃i = min{xi ,c99}, i = 1, . . . ,n. (4.7)

This procedure retains all observations in the filtered empirical array, while replacing magnitudes
above the 99th percentile with the daypart- and category-specific cap value. The capped empirical
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arrays are exported for simulation and are also used to compute descriptive profile statistics. The
capped mean is computed as:

x̄ = 1

n

n∑
i=1

x̃i , (4.8)

the capped standard deviation as:

σ=
√

1

n

n∑
i=1

(x̃i − x̄)2, (4.9)

and the capped maximum as:

xmax = max
i=1,...,n

x̃i . (4.10)

These statistics describe the capped empirical magnitude distributions. They are not used to pa-
rameterise a fitted distribution. During simulation, magnitudes are sampled directly from the
capped empirical arrays through uniform resampling. This preserves the empirical distributional
shape of the historical data, while limiting the effect of extreme tail observations and potential
timestamp artefacts.

For example, in the morning late-arrival sample, the filtered empirical array contained n = 4371
operated delayed arrival legs. The 99th-percentile cap was approximately 195.9 minutes. In total,
44 observations exceeded this threshold, including one observation of 1408 minutes. The capped
mean was approximately 18.0 minutes, compared with a raw mean of approximately 20.5 minutes.
The mean of the values above the 99th percentile was 444.1 minutes, with a median of 306.0 min-
utes. This indicates that the capped tail does not consist of marginal overshoots just above the cap,
but of a small number of severe arrival delays and extreme observations.

The empirical arrival-time uncertainty distributions are shown both before and after filtering. The
raw late-arrival and early-arrival distributions are shown in Figure 4.8 and Figure 4.10. The filtered
late-arrival and early-arrival distributions used as simulation input are shown in Figure 4.9 and Fig-
ure 4.11.

Figure 4.8: Raw arrival-delay distribution derived from the empirical dataset
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Figure 4.9: Filtered arrival-delay distribution used as simulation input

Figure 4.10: Raw early-arrival distribution derived from the empirical dataset

Figure 4.11: Filtered early-arrival distribution used as simulation input

The stochastic parameters are externally defined and provided to the simulation through config-
uration settings. The simulation itself does not estimate or calibrate the delay profiles during run-
time. Instead, it relies on precomputed probability profiles and capped empirical magnitude arrays.
Task-timing uncertainty is sampled independently for each arrival leg given its time-of-day profile,
and travel-time uncertainty is sampled independently for each vehicle movement. Within the task-
timing mechanism, occurrence and magnitude are treated as separate stochastic processes.

4.5.3. Implementation
Uncertainty is applied at different stages of the simulation. Task-timing uncertainty is applied dur-
ing preprocessing, before tasks are released into the simulation environment. It therefore modifies



4.5. Uncertainty Modelling 54

the temporal demand structure before simulation execution starts. Travel-time uncertainty is ap-
plied dynamically during simulation execution. It affects individual vehicle movements in real time
and can therefore delay subsequent vehicle availability.

The inclusion of uncertainty is controlled through independent configuration toggles. Task-timing
uncertainty and travel-time uncertainty can each be enabled or disabled separately. This allows the
model to represent a deterministic baseline, task-timing uncertainty only, travel-time uncertainty
only, and combined uncertainty. The same underlying demand dataset and model logic can there-
fore be evaluated under different uncertainty settings.

All stochastic runs are controlled through fixed random seeds. A single seed is used per run and gov-
erns all random draws within that run. This ensures that identical configurations produce identical
outcomes, which is necessary for reproducibility and controlled experiment comparison. Different
seeds are used across replications to evaluate the variability of system performance under repeated
stochastic realisations.

For the stochastic experiments, each configuration is evaluated using 30 independent replications
with different random seeds. This number of replications was selected for both methodological
and practical reasons. First, each replication represents one complete operational sample path of
the simulated day, rather than one independent task observation. Tasks within a single run are not
independent, because they are linked through shared vehicle availability, dispatching decisions,
queueing effects, charging behaviour, and infrastructure use [64]. Second, task-timing uncertainty
is sampled from empirical arrival-delay profiles. The historical dataset defines the input distribu-
tions, while the replications evaluate how repeated samples from these profiles propagate through
the operational system. Third, validation of the uncertainty representation shows that the aggre-
gated behaviour over 30 replications reproduces the direction and approximate scale of the empir-
ical late- and early-arrival profiles sufficiently well for the purpose of the simulation experiments.
Finally, 30 replications provide a practical balance between statistical precision and computational
effort, because each experiment is repeated across multiple vehicle groups, fleet sizes, uncertainty
settings, operational-control variants, and sensitivity cases.

The adequacy of 30 replications is assessed in two ways. First, the sampled uncertainty profiles
are compared with the empirical input profiles in the validation section. Second, replication-level
95% confidence intervals are calculated for the main stochastic fleet-sizing thresholds in the result
synthesis. These checks indicate whether the selected number of replications provides sufficiently
stable estimates for comparing the tested fleet-size thresholds. They do not imply a formal guaran-
tee of robustness over all possible operational realisations.

For each vehicle group, uncertainty setting, and evaluated fleet size, on-time completion rates are
first calculated at replication level. The replication-level outputs are then used to calculate sample
means, sample standard deviations, and 95% confidence intervals. Confidence intervals are used
to quantify the precision of the estimated mean performance across a finite number of stochastic
replications. They should not be interpreted as evidence that a selected fleet size is robust under all
possible uncertainty realisations. Confidence intervals are a standard method in simulation-output
analysis, and the confidence-interval half-width can be used to assess whether the number of repli-
cations provides sufficient precision for the output of interest [33]. For a performance indicator Y ,
the confidence interval is calculated as:

Ȳ ± t0.975,n−1
sp
n

, (4.11)

where Ȳ is the sample mean across replications, s is the sample standard deviation, and n = 30 is
the number of replications. The term t0.975,n−1 corresponds to a two-sided 95% confidence interval
with α= 0.05, following the standard Student-t formulation for simulation-output means [64].

The confidence intervals are interpreted as approximate statistical intervals and are bounded by the
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logical range of 0–100% when reported for on-time completion. They are especially relevant for the
pragmatic service-level interpretation, where fleet sizes are evaluated based on near-perfect average
on-time performance across stochastic replications.

The strict robust threshold is evaluated separately from the confidence interval of the mean. A fleet
size satisfies the strict robust criterion only if it achieves 100% on-time task completion in all 30
sampled stochastic replications. This is a count-based condition, not a mean-performance condi-
tion. A narrow confidence interval for the mean on-time rate therefore does not by itself prove strict
robustness. The strict robust threshold should be interpreted as robustness across the sampled
stochastic realisations, not as a formal guarantee over all possible operational realisations.

4.6. Verification
Verification assesses whether the implemented simulation model behaves according to its intended
logic. It is therefore distinct from validation. Verification checks whether the model is built correctly,
while validation assesses whether the model is sufficiently representative of the real case.

The verification is structured around targeted test cases that isolate specific parts of the simulation
logic. The tasks, timestamps, flight numbers, aircraft types, stands, and service characteristics used
in these verification cases are synthetic and should not be interpreted as representative operational
data. They are deliberately constructed to trigger specific model behaviours, such as task genera-
tion, dispatching, vehicle selection, task execution, charging, refilling, dumping, queueing, depot
return, stop-cutoff handling, and uncertainty propagation.

For each verification case, event-log fragments are used as evidence. These logs are then interpreted
to assess whether the observed model behaviour matches the expected logic. Although the verifi-
cation section is presented before the case-study results, it verifies generic implementation logic
using simplified and, where required, case-informed test settings. The purpose is not to prove that
the case-study assumptions are realistic, but to show that the implemented simulation mechanisms
operate consistently with the model design described in Chapter 4.

4.6.1. Input Data and Preprocessing
Before analysing the dynamic behaviour of the simulation model, the input-data pipeline and pre-
processing logic were verified. This step checks whether the model correctly reads, maps, filters, and
transforms input data into internally consistent simulation objects. It does not validate whether the
case-study input values are operationally representative; that assessment is part of the validation in
Section 5.6.

Although the verification examples use water-service vehicles as the illustrative resource-
constrained vehicle type, the verified mechanisms represent generic model logic. These mecha-
nisms include task generation, dispatching, vehicle assignment, task execution within service win-
dows, travel and service sequencing, onboard resource depletion, threshold-based replenishment,
charging, infrastructure queueing, stop-cutoff handling, depot return, redeployment, and uncer-
tainty propagation.

First, the integrity of the input data was checked. Flight records were read and parsed correctly, and
all time-related fields were interpreted consistently in local time. The transformation from flight
records to service tasks was verified by checking that relevant attributes, including aircraft sub-
type, stand location, operation type, scheduled timing, release time, service-window opening, and
service-window closing, were correctly transferred to the task representation. The release times and
corresponding service-window openings were confirmed to be consistent with the defined early-
release offset.

Second, the correctness of task-generation rules and parameter mappings was verified. Service
durations and service-window parameters were checked against the values defined in the service
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dataset. Aircraft-dependent service quantities, such as potable-water demand, were confirmed to
be assigned according to aircraft subtype and classification rules. The mapping from aircraft stands
to location groups was also verified, as were the inter-group distance values used to calculate travel
times. Travel times derived from these distances were confirmed to follow the implemented dis-
tance, speed, minimum-time, and rounding logic.

Third, the operational constraints embedded in the input configuration were checked. Battery ca-
pacity, initial SOC, energy consumption, onboard water capacity, refill thresholds, charging thresh-
olds, and charger parameters were confirmed to be read and applied consistently. Charging char-
acteristics, such as charging power, charging rate, and resulting SOC increase, were checked against
the configured values. Minimum travel-time constraints and distance-related constraints were also
confirmed to be correctly implemented.

Overall, the verification confirms that the input data are correctly read, processed, and transformed
into a valid and internally consistent set of simulation inputs. This provides the foundation for
verifying the dynamic simulation behaviour in the following test cases.

4.6.2. Verification Case A — Core Logic
The core logic of the model was verified using small, manually designed test cases with artificial
flight schedules. These cases were constructed to isolate specific decision rules and to make the
expected model behaviour directly visible in the event log. The verification focused on five main
elements: task generation, dispatching, task selection, vehicle selection, and task execution.

Task Generation

Task generation was verified by checking whether valid tasks became active at the expected release
moments and whether filtered tasks were excluded. Table 4.1 shows that regular tasks generated
TASK_ARRIVE events, while cancelled and zero-service tasks were removed. This verifies the task-
release rule, the zero-service filter, the cancellation logic, and the handling of connected flights.

Table 4.1: Event log fragment for task-generation verification

Time A/D time TW open TW close Event Flight Aircraft A/D Stand Service time (min)

10:49 12:25 11:00 11:43 TASK_ARRIVE KL0001 788 D C13 28

11:00 11:10 11:11 11:50 TASK_ARRIVE KL0002 73H AD A54 5

11:10 – – – TASK_CANCELLED KL0003 73H AD B16 5

12:29 – – – TASK_CANCELLED KL0004 32Q A A54 0

Dispatching

Dispatching was verified by checking whether released tasks remained available until a feasible ve-
hicle could be assigned. Table 4.2 shows both immediate dispatching and delayed dispatching after
depot return. The delayed assignment of task KL0005 verifies that the task remained in the queue
until the vehicle completed its depot return and cooldown period.

Table 4.2: Event log fragment for dispatch verification

Time A/D time TW open TW close Event Vehicle Flight Aircraft A/D Stand Service time (min)

10:49 12:25 11:00 11:43 TASK_ARRIVE – KL0001 788 D C13 28

10:50 12:25 11:00 11:43 GSE_DISPATCH WATER_1 KL0001 788 D C13 28

14:38 – – – GSE_ARRIVE_DEPOT WATER_2 – – – E24 –

14:45 14:40 14:56 15:28 TASK_ARRIVE – KL0005 332 A A54 16

14:54 14:40 14:56 15:28 GSE_DISPATCH WATER_2 KL0005 332 A A54 16
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Task Selection

Task selection was verified using a dedicated synthetic verification case. The dispatcher operated
under DISPATCH_PRIORITY_MODE = latest_start. In this mode, task priority is determined by
the sorting key (sl ack,−mi n_tr avel ), where sl ack = (wi ndow_close − ser vi ce_t i me) − now .
This means that the dispatcher first selects the task with the smallest remaining slack. If two tasks
have equal slack, the task with the larger minimum travel time is selected first.

Four checks were used to verify this logic. Table 4.3, Table 4.4, and Table 4.5 verify the basic task-
priority rules. The first check confirms that, with equal release time and service time, the task with
the earlier window close is selected first. The second check confirms that, with equal release time
and window close, the task with the longer service duration is prioritised because it has less remain-
ing slack. The third check confirms the tie-break rule: when slack is equal, the task with the larger
minimum travel time is selected first.

Table 4.3: Event log fragment for task-selection verification based on window close

Time A/D time TW open TW close Event Vehicle Flight Aircraft A/D Stand Service time (min)

16:31 16:26 16:42 17:14 TASK_ARRIVE – KL0006 332 A C13 16

16:31 16:26 16:42 17:06 TASK_ARRIVE – KL0007 332 A C13 16

16:33 16:26 16:42 17:06 GSE_DISPATCH WATER_1 KL0007 332 A C13 16

16:59 16:26 16:42 17:14 GSE_DISPATCH WATER_1 KL0006 332 A C13 16

Table 4.4: Event log fragment for task-selection verification based on service time

Time A/D time TW open TW close Event Vehicle Flight Aircraft A/D Stand Service time (min)

18:31 18:26 18:42 19:14 TASK_ARRIVE – KL0008 332 A C13 16

18:31 18:26 18:42 19:14 TASK_ARRIVE – KL0009 788 A C13 28

18:33 18:26 18:42 19:14 GSE_DISPATCH WATER_1 KL0009 788 A C13 28

19:11 18:26 18:42 19:14 GSE_DISPATCH WATER_1 KL0008 332 A C13 16

Table 4.5: Event log fragment for task-selection verification based on minimum travel time under equal slack

Time A/D time TW open TW close Event Vehicle Flight Aircraft A/D Stand Service time (min)

20:31 20:26 20:42 21:14 TASK_ARRIVE – KL0010 332 A A54 16

20:31 20:26 20:42 21:14 TASK_ARRIVE – KL0011 332 A D27 16

20:33 20:26 20:42 21:14 GSE_DISPATCH WATER_1 KL0011 332 A D27 16

20:59 20:26 20:42 21:14 GSE_DISPATCH WATER_1 KL0010 332 A A54 16

Table 4.6 verifies the lookahead-based dispatch deferral rule. In this case, the first available vehicle
could not complete the selected task within its service window, while another vehicle became avail-
able shortly afterwards from a more favourable location. The dispatcher therefore delayed assign-
ment and selected the later but feasible vehicle. Together, these four checks verify that task selection
follows the intended slack-based priority logic and that the dispatcher can defer assignment when
a better feasible assignment is expected within the lookahead period.

Table 4.6: Event log fragment for lookahead-based dispatch deferral verification

Time TW open TW close Event Vehicle Flight Aircraft A/D Stand Service time (min) Candidate set

17:25 17:36 17:55 TASK_ARRIVE – KL0012 781 A A54 19 –

17:32 17:16 17:48 TASK_DONE WATER_1 KL0013 332 A D27 16 –

17:33 17:17 17:49 TASK_DONE WATER_2 KL0014 332 A A54 16 –

17:34 17:36 17:55 GSE_DISPATCH WATER_2 KL0012 781 A A54 19 WATER_1:6,WATER_2:1
17:55 17:36 17:55 TASK_DONE WATER_2 KL0012 781 A A54 19 –
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Vehicle Selection

Vehicle selection was verified by checking whether the closest feasible vehicle was selected from
the candidate pool. Table 4.7 shows that task KL0017 was assigned to WATER_1, which was located
closer to the task than WATER_2. This verifies the shortest-travel-time selection rule among feasible
candidates.

Table 4.7: Event log fragment for vehicle-selection verification based on closest feasible vehicle

Time A/D time TW open TW close Event Vehicle Flight Aircraft A/D Stand Service time (min)

16:05 16:00 16:16 16:48 TASK_ARRIVE – KL0015 332 A A54 16

16:05 16:00 16:16 16:48 TASK_ARRIVE – KL0016 332 A D27 16

16:06 16:00 16:16 16:48 GSE_DISPATCH WATER_1 KL0015 332 A A54 16

16:06 16:00 16:16 16:48 GSE_DISPATCH WATER_2 KL0016 332 A D27 16

16:13 16:08 16:24 16:56 TASK_ARRIVE – KL0017 332 A A54 16

16:33 16:08 16:24 16:56 GSE_DISPATCH WATER_1 KL0017 332 A A54 16

Task Execution

Task execution was verified by checking whether the event sequence followed the expected order:
TASK_ARRIVE, GSE_DISPATCH, GSE_ARRIVE, TASK_START, and TASK_DONE. Table 4.8 shows this se-
quence for task KL0001. The task is released, dispatched, reached by the vehicle, started at the
window opening, and completed within the service window.

Table 4.8: Event log fragment for task-execution verification

Time A/D time TW open TW close Event Vehicle Flight Aircraft A/D Stand Service time (min)

10:49 12:25 11:00 11:43 TASK_ARRIVE – KL0001 788 D C13 28

10:50 12:25 11:00 11:43 GSE_DISPATCH WATER_1 KL0001 788 D C13 28

10:54 12:25 11:00 11:43 GSE_ARRIVE WATER_1 KL0001 788 D C13 28

11:00 12:25 11:00 11:43 TASK_START WATER_1 KL0001 788 D C13 28

11:28 12:25 11:00 11:43 TASK_DONE WATER_1 KL0001 788 D C13 28

Overall, Verification Case A confirms that the core operational logic behaves as intended. The event-
log fragments verify task generation, dispatching, task selection, lookahead-based deferral, vehicle
selection, and task execution before the model is applied to larger experimental tests.

4.6.3. Verification Case B — Resource and Energy Stress Case
Verification Case B was used to test resource-related and energy-related behaviour under stress con-
ditions. The case focused on refill behaviour, charging behaviour, stop-cutoff handling, charging
queueing, depot cooldown, and return-to-depot behaviour. Several parameter settings were inten-
tionally made more restrictive than in the main experiments. This made water depletion and battery
depletion clearly visible within a short simulation run.

Refill Behaviour

Refill behaviour was verified by checking whether a vehicle travelled to a fill point after its onboard
water level dropped below the refill threshold. In the test case, the threshold was set at 1000 L.
Table 4.9 shows that the vehicle completed task KL0023 with 875.1 L remaining, travelled to fill point
F04, refilled for the configured 14 minutes, and returned to normal operation with a full 4000.0 L
tank.
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Table 4.9: Event log fragment for refill-behaviour verification

Time Event Vehicle Flight Aircraft A/D Stand Service time (min) Water task (L) Water remaining (L)

18:46 TASK_START WATER_1 KL0023 332 A C13 16 – 1321.5

19:02 TASK_DONE WATER_1 KL0023 332 A C13 16 446.4 875.1

19:02 GSE_TO_FILL WATER_1 – – – – – -3124.9 875.1

19:06 GSE_ARRIVE_FILL WATER_1 – – – F04 – – 875.1

19:06 GSE_FILL_START WATER_1 – – – F04 – – 875.1

19:20 GSE_FILL_DONE WATER_1 – – – F04 – -3124.9 4000.0

19:21 GSE_DISPATCH WATER_1 KL0024 332 A D27 16 446.4 4000.0

Charging Behaviour

Charging behaviour was verified by increasing the energy-consumption parameters so that battery
depletion became visible. Table 4.10 shows that the vehicle started charging after arriving at the
depot below the charging threshold, interrupted charging when a task became available, and later
travelled to the charging station again at a low SOC. This verifies depot charging, charging interrup-
tion, battery depletion, and charging-station behaviour in one stress case.

Table 4.10: Event log fragment for charging-behaviour verification

Time Event Vehicle Flight Stand Service time (min) SOC (%) Charging time (min) Added SOC (%) Energy (kWh)

18:43 GSE_ARRIVE_DEP WATER_1 – E24 – 39.8 – – –

18:43 GSE_CHG_REQUEST WATER_1 – E24 – 39.8 – – –

18:43 GSE_CHG_START WATER_1 – E24 – 39.8 – – –

18:50 TASK_ARRIVE – KL0025 A54 16 – – – –

18:50 GSE_CHG_INTER WATER_1 KL0025 A54 16 43.5 7 3.7 2.310

18:50 GSE_DISPATCH WATER_1 KL0025 A54 16 43.5 – – –

18:56 GSE_ARRIVE WATER_1 KL0025 A54 16 28.6 – – –

19:01 TASK_START WATER_1 KL0025 A54 16 28.6 – – –

19:17 TASK_DONE WATER_1 KL0025 A54 16 27.8 – – –

19:37 GSE_TO_CHG_STATION WATER_1 – – – 12.6 – – –

19:41 GSE_ARRIVE_CHG_STATION WATER_1 – E24 – 4.3 – – –

19:41 GSE_CHG_REQUEST WATER_1 – E24 – 4.3 – – –

19:41 GSE_CHG_START WATER_1 – E24 – 4.3 – – –

Stop-cutoff Handling

Stop-cutoff handling was verified by checking whether the vehicle stopped accepting regular work
after the cutoff time and completed the required end-of-day actions. Table 4.11 shows that the
vehicle interrupted charging at the cutoff, travelled to the fill point, restored the tank level to 4000.0
L, returned to the depot, and resumed charging.

Table 4.11: Event log fragment for stop-cutoff handling with fill and depot return

Time Event Vehicle Stand SOC (%) Water remaining (L) Destination

22:00 GSE_STOP_CUTOFF WATER_2 E24 45.2 3380.2 –

22:00 WT_STOP_SCHED_DONE WATER_2 E24 45.2 3380.2 –

22:00 GSE_CHG_INTER WATER_2 E24 45.2 3380.2 –

22:00 GSE_TO_FILL WATER_2 E24 45.2 3380.2 F04

22:03 GSE_FILL_START WATER_2 F04 38.8 3380.2 –

22:17 GSE_FILL_DONE WATER_2 F04 38.8 4000.0 –

22:17 GSE_RETURN_DEP WATER_2 F04 38.8 4000.0 E24

22:21 GSE_ARRIVE_DEP WATER_2 E24 30.7 4000.0 E24

22:21 GSE_CHG_START WATER_2 E24 30.7 4000.0 E24
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Charging & Fill Queue

Queueing behaviour was verified for both charging and filling by restricting the relevant infrastruc-
ture capacity. Table 4.12 shows that WATER_2 waited for the charger while WATER_1 was charging,
and only started charging once the charger became available. Table 4.13 shows the same logic for
the single fill point: WATER_2 waited while WATER_1 was filling and started filling after WATER_1
completed the fill action. These checks verify that shared infrastructure capacity constraints create
waiting times when resources are occupied.

Table 4.12: Event log fragment for charging-queue verification

Time Event Vehicle Stand SOC (%) Charge wait (min) Queue length (-) Chargers in use (-)

18:43 GSE_ARRIVE_DEP WATER_1 E24 19.8 – – –

18:43 GSE_CHG_REQUEST WATER_1 E24 19.8 – 0 1

18:43 GSE_CHG_START WATER_1 E24 19.8 0.0 0 1

18:47 GSE_ARRIVE_DEP WATER_2 E24 19.1 – – –

18:47 GSE_CHG_REQUEST WATER_2 E24 19.1 – 1 1

18:58 GSE_CHG_INTER WATER_1 E24 27.7 – – –

18:58 GSE_CHG_START WATER_2 E24 19.1 11.0 0 1

Table 4.13: Event log fragment for filling-queue verification

Time Event Vehicle Stand Water Remaining (L) Fill wait (min) Queue length (-) Fill points in use (-)

19:32 TASK_DONE WATER_1 D27 875.1 – – –

19:32 GSE_TO_FILL WATER_1 F04 875.1 – – –

19:32 TASK_DONE WATER_2 C13 875.1 – – –

19:32 GSE_TO_FILL WATER_2 F04 875.1 – – –

19:33 GSE_ARRIVE_FILL WATER_1 F04 875.1 – – –

19:33 GSE_FILL_REQUEST WATER_1 F04 875.1 – 0 0

19:33 GSE_ARRIVE_FILL WATER_2 F04 875.1 – – –

19:33 GSE_FILL_REQUEST WATER_2 F04 875.1 – 0 1

19:33 GSE_FILL_START WATER_1 F04 875.1 0.0 1 1

19:47 GSE_FILL_DONE WATER_1 F04 4000.0 – 1 0

19:47 GSE_FILL_START WATER_2 F04 875.1 14.0 0 1

20:01 GSE_FILL_DONE WATER_2 F04 4000.0 – 0 0

Return to Depot & Redeployment

Return-to-depot and redeployment behaviour was verified by checking whether a vehicle returned
to the depot after task completion when no immediate follow-up task was available. Table 4.14
shows that WATER_1 returned to depot E24 after completing KL0027 and was later redeployed from
the depot to task KL0028. This verifies that depot return does not remove the vehicle from the sys-
tem, but returns it to an available state for later assignment.
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Table 4.14: Event log fragment for return-to-depot and redeployment-from-depot verification

Time A/D time TW open TW close Event Vehicle Flight Aircraft A/D Stand Service time (min) SOC (%)

16:05 16:00 16:16 16:48 TASK_ARRIVE – KL0027 332 A A54 16 –

16:06 16:00 16:16 16:48 GSE_DISPATCH WATER_1 KL0027 332 A A54 16 100.0

16:12 16:00 16:16 16:48 GSE_ARRIVE WATER_1 KL0027 332 A A54 16 97.0

16:16 16:00 16:16 16:48 TASK_START WATER_1 KL0027 332 A A54 16 97.0

16:32 16:00 16:16 16:48 TASK_DONE WATER_1 KL0027 332 A A54 16 96.9

16:33 – – – GSE_RETURN_DEP WATER_1 – – – A54 – 96.9

16:39 – – – GSE_ARRIVE_DEP WATER_1 – – – E24 – 93.9

17:10 17:05 17:21 17:53 TASK_ARRIVE – KL0028 332 A A54 16 –

17:12 17:05 17:21 17:53 GSE_DISPATCH WATER_1 KL0028 332 A A54 16 93.9

17:18 17:05 17:21 17:53 GSE_ARRIVE WATER_1 KL0028 332 A A54 16 90.9

17:21 17:05 17:21 17:53 TASK_START WATER_1 KL0028 332 A A54 16 90.9

17:37 17:05 17:21 17:53 TASK_DONE WATER_1 KL0028 332 A A54 16 90.8

Overall, Verification Case B confirms that the resource and energy mechanisms behave as intended
under stress conditions. The event-log fragments verify refill triggering, refill duration, battery de-
pletion, charging triggers, charging interruption, infrastructure queueing, stop-cutoff handling, de-
pot return, and redeployment.

4.6.4. Verification Case C – Uncertainty Behaviour
Verification Case C was used to verify the stochastic uncertainty mechanisms in the simulation
model. The purpose of this case is not to validate whether the uncertainty profiles are representative
of the case study operation, but to verify whether the implemented stochastic mechanisms behave
according to the intended model logic. The case focuses on task-timing uncertainty, travel-time
uncertainty, seed reproducibility, and the combined propagation of both uncertainty mechanisms.

In this verification case, task-timing uncertainty was based on empirical resampling rather than
parametric delay sampling. A synthetic schedule with 100 water-service tasks and four water ve-
hicles was used. The same synthetic schedule was applied in all runs, so that differences in the
results could be attributed to the uncertainty settings and random seed rather than to differences in
demand input.

For each task, the model first sampled one mutually exclusive timing outcome from the configured
daypart-specific probabilities: on time, late, or early. When a late or early outcome was selected,
the corresponding magnitude was sampled from the precomputed capped empirical magnitude
array for the relevant daypart and timing category. These empirical arrays were derived from the
arrival-delay analysis described in Subsection 4.5.2. Magnitudes were capped at the 99th percentile
after applying the 1440-minute sanity filter. The applied timing shift was calculated as ⌈magnitude⌉
minutes, with positive values for late arrivals and negative values for early arrivals.

Travel-time uncertainty was implemented as a separate Bernoulli mechanism. For each travel leg,
the model sampled whether a travel disturbance occurred. If a disturbance was triggered, the de-
terministic travel time was increased by the configured multiplicative factor. This mechanism was
tested independently from task-timing uncertainty and in combination with it.

The verification consisted of three checks. First, a deterministic baseline was used to confirm that
the model behaved correctly when both uncertainty mechanisms were disabled. Second, task-
timing uncertainty and travel-time uncertainty were enabled separately to verify that both mecha-
nisms operated independently and affected the expected part of the simulation. Third, combined
uncertainty runs were used to verify that both mechanisms could operate together, that runs with
the same seed were reproducible, and that different seeds produced different but plausible out-
comes. The tested runs are summarised in Table 4.15.
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Table 4.15: Overview of Verification Case C runs

Run type Seed Task timing uncertainty Travel time uncertainty

Deterministic baseline – Disabled Disabled

Task-only 123 Enabled Disabled

Task-only 124 Enabled Disabled

Travel-only 123 Disabled Enabled

Travel-only 124 Disabled Enabled

Combined 123 Enabled Enabled

Combined repeated 123 Enabled Enabled

Combined 124 Enabled Enabled

The deterministic baseline provides the reference case. As shown in Table 4.16, all 100 tasks were
generated and completed without delay events, early-arrival events, or service-window violations.

Table 4.16: Deterministic baseline results for Case C

Metric Baseline value

Generated tasks 100

TASK_ARRIVE_DELAY events 0

TASK_ARRIVE_EARLY events 0

Completed tasks 100

Tasks started within window (%) 100

Tasks finished within window (%) 100

Average time outside window (min) 0.0

Table 4.17 and Table 4.18 verify the task-timing uncertainty mechanism. The task-only runs gen-
erated both delayed and early-arrival events, and different seeds produced different but plausible
timing patterns. The bucket-specific results show that morning, afternoon, and evening tasks fol-
lowed different late and early-arrival profiles, confirming that the daypart-specific empirical profiles
were applied rather than one global uncertainty process.

Table 4.17: Summary of task timing uncertainty in task-only runs

Run Seed Early tasks Delayed tasks Total delay (min) Max delay (min)

Task-only 123 36 60 1596 121

Task-only 124 32 64 1609 138

Table 4.18: Bucket-specific task timing uncertainty results

Seed Daypart Late share (%) Mean late delay (min) Early share (%) Mean early magnitude (min)

123 Morning 50.0 14.53 50.0 5.00

123 Afternoon 61.9 21.69 31.0 8.08

123 Evening 67.9 42.84 28.6 9.75

124 Morning 53.3 18.06 36.7 9.64

124 Afternoon 67.4 22.55 32.6 7.57

124 Evening 70.4 35.05 25.9 11.43

Table 4.19 verifies the travel-time uncertainty mechanism. With task timing uncertainty disabled,
selected travel-start legs were affected by the multiplicative travel-time disturbance. Affected 6-
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minute trips increased to 7 minutes, which is consistent with the configured rule ⌈6 ·1.15⌉ = 7. The
difference between GSE_DISPATCH and GSE_ARRIVE matched the logged travel time.

Table 4.19: Observed travel-time uncertainty effects in travel-only runs

Run Seed Travel-start legs Affected travel-start legs Affected task-dispatch legs Observed change

Travel-only 123 149 16 9 6 min → 7 min

Travel-only 124 149 14 9 6 min → 7 min

Same-seed reproducibility was verified by repeating the combined uncertainty run with seed 123.
The repeated run produced identical logs and performance outcomes. The combined uncertainty
runs were then used to verify that task-timing uncertainty and travel-time uncertainty can operate
together. Table 4.20 shows that combined uncertainty changes operational performance compared
with the deterministic baseline, while preserving the task-shift pattern for the same seed.

Table 4.20: Operational propagation of uncertainty

Run Seed Delayed tasks Early tasks Tasks finished within window (%) Avg. finish outside window (min)

Baseline – 0 0 100 0.00

Task-only 118 63 33 54 22.48

Combined 118 63 33 52 23.40

Task-only 119 60 37 61 21.51

Combined 119 60 37 60 21.56

Overall, Verification Case C confirms that the stochastic uncertainty mechanisms behave as in-
tended. Task-timing uncertainty generated delayed and early task-arrival events from the capped
empirical magnitude pools, travel-time uncertainty increased selected travel durations according
to the configured multiplicative rule, same-seed runs were reproducible, and combined uncertainty
propagated into operational performance. The results of Verification Case C are summarised in Ta-
ble 4.21.

Table 4.21: Summary of Verification Case C results

Verification check Observed evidence Result

Deterministic baseline 100 tasks completed; no delay or early-arrival events; 100% within window;
0.0 min outside window.

✓

Empirical task timing TASK_ARRIVE_DELAY and TASK_ARRIVE_EARLY events were generated;
logged shifts matched observed arrival-time changes.

✓

Empirical magnitude sam-
pling

Late and early magnitudes matched the capped daypart-specific empirical ar-
rays after ceiling.

✓

Seed variation Different seeds produced different but plausible late and early-arrival pat-
terns.

✓

Daypart-specific profiles Morning, afternoon, and evening buckets showed different late and early-
arrival behaviour.

✓

Travel time uncertainty Selected travel-start legs were affected; affected 6-minute trips increased to 7
minutes.

✓

Travel-time consistency GSE_ARRIVE minus GSE_DISPATCH matched the logged travel_min. ✓
Same-seed reproducibility The repeated combined run with seed 123 produced identical logs and out-

comes.
✓

Combined uncertainty Task timing and travel time uncertainty operated together without inconsis-
tent behaviour.

✓

Operational propagation Uncertainty reduced service-window performance compared with the deter-
ministic baseline.

✓



5
Case Study

This chapter instantiates the generic simulation framework developed in Chapter 4 for the KLM
Schiphol case and validates whether the resulting model behaviour is sufficiently plausible for sim-
ulation experiments and fleet-capacity assessment. The model structure remains generic, but the
input data, operational rules, fleet configurations, infrastructure locations, and validation evidence
are case-specific. Consequently, the numerical fleet-size outcomes in Chapter 6 should be in-
terpreted as results for the tested KLM Schiphol assumptions and vehicle groups, not as generic
airport-wide fleet requirements.

The validated case-study application is limited to three vehicle groups: water vehicles, toilet vehi-
cles, and loaders. These groups were selected because they represent two relevant operational be-
haviours within the same modelling structure. Water and toilet vehicles are depot-based, resource-
constrained service vehicles with onboard capacity limits and possible intermediate visits to re-
fill, dump, or depot locations. Loaders represent stand-side platform equipment without onboard
service-resource constraints or replenishment requirements. This scope allows the case study to
test both resource-constrained depot-based operations and stand-side aircraft-service operations,
while keeping the validation scope manageable.

The broader potential model scope includes thirteen GSE vehicle types: water vehicles, toilet vehi-
cles, tank-service vehicles, loaders, transporters, loader-transporters, three types of conveyor belts,
three-wheel tractors, aircraft stairs, dispensers, and pushback tractors. These vehicle types share a
common operational structure: a vehicle is assigned to a time-window-constrained task, travels to
the aircraft stand or service location, performs the service, and then either becomes available for a
next task or moves to an operational support location. However, not all thirteen vehicle types are
implemented, experimentally analysed, or validated in this thesis. Table 5.1 therefore distinguishes
the broader extension scope of the framework from the narrower validated case-study scope.

Table 5.1: Overview of vehicle types considered for broader model extension

Vehicle type Compatible aircraft Capacity Intermediate stop Base

Conveyor belt 9M 320, 332, 333, 789, 781, 772, 77W No No Near VOP

Powerstow SLH E75, E90, 295 No No Near VOP

Powerstow LLH 73W, 73H, 73J No No Near VOP

Loader 332, 333, 789, 781, 772, 77W No No Near VOP

Transporter 332, 333, 789, 781, 772, 77W No No Near VOP

Loader-transporter 32Q No No Near VOP

Three-wheel tractor NABO, WIBO No No Near VOP

Aircraft stairs COM, NABO, WIBO at buffer positions No No Near VOP

Dispenser COM, NABO, WIBO if a hydrant is available No No Depot

Pushback tractor COM, NABO, WIBO No No Depot

Water truck COM, NABO, WIBO Yes Yes Depot

Toilet truck COM, NABO, WIBO Yes Yes Depot

Tank truck COM, NABO, WIBO if no hydrant is available Yes Yes Depot

Note The table defines the broader potential extension scope of the simulation framework. Only water vehicles, toilet
vehicles, and loaders are implemented, experimentally analysed, and validated in this thesis.

The vehicle types differ mainly in aircraft compatibility, operational department, onboard capac-
ity constraints, intermediate service-point requirements, and starting location. Platform vehicles
are generally positioned near the Vliegtuigopstelplaats (aircraft stand) (VOP), while water, toilet,
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tank, dispenser, and pushback-related vehicles are more strongly linked to depot-based operations.
Water, toilet, and tank vehicles also require onboard capacity tracking and may need intermediate
replenishment or disposal visits, whereas most platform vehicles do not.

Extension of the model to additional vehicle types therefore requires vehicle-specific input parame-
ters and validation evidence. This includes service rules, aircraft compatibility, movement patterns,
infrastructure locations, energy and charging parameters, resource constraints where applicable,
operational-control rules, and validation data. The case-study results in this thesis should therefore
be interpreted as validated for water vehicles, toilet vehicles, and loaders only, while the broader
framework indicates how additional GSE types could be incorporated.

5.1. Amsterdam Airport Schiphol
AAS is one of Europe’s major hub airports and functions as a key operational node within the Eu-
ropean air transport network. The airport handles a high volume of traffic and operates with pro-
nounced peak structures throughout the day, with the largest concentration of movements occur-
ring in the morning, followed by additional peaks in the afternoon and evening. Between these peak
periods, activity levels decrease, resulting in alternating periods of high and moderate operational
pressure [65, 70].

Unlike airports dominated by a single carrier, Schiphol accommodates a wide range of airlines and
stakeholders, contributing to a complex multi-actor operational environment. This diversity in-
creases coordination requirements during aircraft turnaround processes, as multiple parties, such
as airlines, ground handlers, and airport operations, must interact within shared time and resource
constraints. Schiphol is particularly relevant as a case study due to a combination of operational
and strategic characteristics. First, the airport operates at a high traffic density. In 2024, Schiphol
handled approximately 473,000 aircraft movements and 66.8 million passengers, placing it among
the busiest airports in Europe. This high throughput results in a system where timing, coordination,
and resource allocation are critical to maintaining operational performance [70, 66].

Second, Schiphol operates under significant capacity constraints. With a policy-driven cap on an-
nual aircraft movements close to current traffic levels, the system functions near its operational
limits. This leads to strong competition for critical resources such as stands, gates, and ground han-
dling capacity. Empirical observations indicate that operational disruptions, such as last-minute
gate changes, can have substantial downstream effects on departure performance, further high-
lighting the importance of efficient ground operations [70, 68].

Third, the airport exhibits considerable spatial and operational complexity. Schiphol consists of
multiple piers and a large number of aircraft stands distributed across the apron. The physical scale
of the airport, including long taxi distances and multiple traffic flows, increases the complexity of
vehicle routing and dispatching. This makes the airport particularly suitable for studying logistics
processes involving mobile ground support equipment [71, 72].

Finally, Schiphol distinguishes itself through its ambitious sustainability agenda, particularly in the
electrification of ground operations. The airport aims to achieve emission-free ground operations
by 2030, supported by large-scale investments in charging infrastructure and energy capacity. This
transition towards electric ground support equipment introduces additional constraints and deci-
sion variables related to charging behaviour, energy availability, and infrastructure usage. As such,
Schiphol provides a highly relevant context for analysing the operational implications of electric
fleet deployment [69].

Taken together, the combination of high traffic density, capacity pressure, operational complexity,
and an advanced electrification agenda makes Schiphol a representative and challenging case for
studying ground support operations and fleet sizing in a realistic airport environment.
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5.2. Research Background KLM Ground Services (KLM GS)
KLM Royal Dutch Airlines (KLM), founded in 1919, is the oldest airline in the world still operating
under its original name. Since 2004, it has been part of the Air France–KLM Group (AFKL). KLM op-
erates an extensive global network, with AAS as its main hub. As a full-service international airline,
it plays a key role in global air transport by connecting the Netherlands with destinations world-
wide, serving 92 European cities and 70 intercontinental destinations. Each year, KLM transports
approximately 34.1 million passengers and 621.000 tons of cargo [7].

KLM places strong emphasis on safety, operational reliability, and sustainability. The airline is in-
vesting in modernising its aircraft fleet, improving operational efficiency, and reducing its environ-
mental impact. KLM also supports nature restoration through projects in countries such as Colom-
bia, Panama, and Uganda. In addition, the airline uses Sustainable Aviation Fuel (SAF)/Alternative
Aviation Fuel (AAF), which can reduce CO2 emissions by up to 65% compared with conventional
kerosene [8]. On the ground, AAS and so KLM aim to achieve emission-free GH by 2030, a target
that requires major changes in both processes and GSE [67].

The organisational structure of KLM can be summarised as shown in Figure 5.1. The structure con-
sists of four layers, each containing different divisions. The following section focuses on the division
relevant to this project.

Figure 5.1: Simplified Organisational Structure KLM
[7].

Within the organisation, KLM GS is responsible for all GH activities that take place between an air-
craft’s arrival and departure. The operational work is carried out by Passenger Services (PS), Baggage
Services (BS), and Apron Services (AS). AS manages all below-wing handling processes at the VOP.
These activities include loading and unloading baggage and cargo; refilling potable water and fuel;
conducting pushback and towing operations; providing lavatory service; supporting catering and
cleaning; performing de-icing operations; placing boarding stairs; and delivering Ground Power
Unit (GPU), Air Starter Unit (ASU), and Pre-Conditioned Air Unit (PCA). Depending on the aircraft
type and the required services, a single turnaround may require the use of up to 12 different GSE
units [41].

Within AS, the Operational Support (OS) department plays a central role in ensuring that the GSE
fleet is available, and reliable. Since OS does not operate the vehicles itself, some influence on effi-
ciency can be achieved through vehicle specifications and, where relevant, the placement of charg-
ing points, but this is limited. The department is responsible for fleet management, data analysis,
monitoring performance and reliability, and ensuring that sufficient equipment is available for daily
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operations. In general, OS functions as a support department for the operational divisions of AS
(such as K1, K4, K5, ARD KE, ATD KN, and AHSU KF), which depend on this equipment to carry out
their tasks. OS/Ground Support Equipment Team (GSE-Team) manages the vehicles, while K1, K4,
K5, etc. are the users. This coordination includes a central coordinator who directs the operators
within these departments. Operators use the vehicles and can therefore be considered to indirectly
control them. However, depending on the department, operators have some autonomy to select
any available vehicle.

Several teams operate within OS. Focusing on the GSE-Team, this team is responsible for ensur-
ing the availability of all GSE required for aircraft handling. In addition, the team is involved in
evaluating new equipment and potential modifications, for example in relation to the ongoing elec-
trification of the fleet. GSE refers to all vehicles and equipment used to support aircraft during GH.
This includes belt and lower deck loaders (no higher deck loaders), potable-water trucks, fuel trucks,
baggage trucks, cargo transporters, lavatory trucks, disabled-passenger lift trucks (owned by AAS),
towing tractors, passenger stairs, and various service units like GPU, ASU, and PCA as mentioned
earlier in this page.

5.3. KLM Operations
KLM functions as the dominant hub carrier at AAS. As one of the two hub airports of the Air France–
KLM group, Schiphol plays a central role in the airline’s network, with the group accounting for
approximately half of all aircraft movements at the airport. This dominant position implies that
KLM’s operational structure significantly shapes overall traffic patterns and ground operations at
Schiphol [73].

KLM operates Schiphol as a transfer hub within a hub-and-spoke network. Feeder traffic from Eu-
ropean destinations is routed into the hub and connected to outbound flights, including intercon-
tinental services. Public Air France–KLM documentation describes this hub structure as organised
around synchronized transfer waves, in which inbound arrival flows are aligned with outbound de-
parture banks to maximise connectivity. As a result, aircraft movements are not evenly distributed
over time, but instead exhibit clustered patterns associated with these transfer waves [42, 3].

The strong reliance on transfer passengers leads to a highly time-critical operation. Minimum con-
nection times of approximately 40 minutes for Schengen flights and 50 minutes for non-Schengen
flights indicate that transfer processes are tightly constrained. Schengen flights refer to flights within
the Schengen area, where passengers typically do not undergo regular passport control at internal
borders. Although exact turnaround durations are not publicly benchmarked against other airports,
the hub structure implies a need for short and, more importantly, predictable turnaround times.
Operational performance therefore depends on maintaining reliable ground processes, particularly
during peak transfer periods [43, 73].

Aircraft turnaround at Schiphol can be characterised as a tightly managed, multi-process operation.
Rather than a single sequential activity, turnaround consists of numerous interrelated service pro-
cesses, including unloading, loading, cleaning, refuelling, and technical servicing. Industry stan-
dards and operational documentation indicate that many of these activities are executed in parallel
to minimise ground time. At the same time, strong interdependencies exist between processes,
meaning that delays in one activity can propagate through the entire turnaround chain. This inter-
dependence increases the sensitivity of operations to disruptions [66, 37].

The temporal structure of KLM’s operations further amplifies operational pressure. Because traffic
is organised around transfer waves, demand for ground handling services is concentrated in rela-
tively short time intervals. As the dominant hub carrier, KLM both contributes to and is affected by
these peaks, resulting in a traffic pattern that is strongly shaped by these peak periods [3, 73].

Overall, the operational pressure within KLM’s Schiphol operations is concentrated in three dimen-
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sions. First, strict time windows impose tight constraints on service execution, particularly in rela-
tion to transfer connectivity. Second, limited and shared resources such as stands, ground support
equipment, and handling capacity must be allocated efficiently under high demand. Third, the large
number of interdependent processes requires intensive coordination between multiple actors. To-
gether, these characteristics create a complex and time-critical operational environment in which
efficient planning and execution of ground support services are essential [43, 66, 73].

5.4. Model Input
This section describes how the generic simulation framework is instantiated for the AAS case study.
The case-study input consists of operational demand, aircraft characteristics, service parameters,
spatial representation, fleet configuration, infrastructure settings, and operational-control parame-
ters. Together, these inputs define the demand pattern and the operational constraints under which
the simulated eGSE vehicles operate.

5.4.1. Operational Demand
The primary source of operational demand is a flight-schedule dataset from a summer peak period
in June 2026. From this dataset, individual days are selected as operational instances for the simu-
lation experiments. The selected week is used as a high-demand reference period for robust fleet-
capacity assessment. This choice is intentional: fleet-capacity decisions for operationally critical
eGSE should be robust to peak demand conditions, rather than optimised only for average work-
load.

Figure 5.2 shows the number of arrivals and departures during the week from 08-06-2026 to 14-06-
2026. The figure shows that flight demand is distributed relatively evenly across the week. For the
baseline configuration in this study, 14-06-2026 is selected as the reference day. This day contains
811 flight records, consisting of 407 arrivals and 404 departures. After preprocessing and filtering,
not every flight record generates a service task for every vehicle group. The number of resulting
tasks depends on the service type and the operational rules applied during preprocessing. The final
service dataset therefore contains arrival-related tasks, departure-related tasks, and turnaround-
related tasks. A more detailed analysis of the selected baseline day and the resulting service tasks
per vehicle group is provided in Subsection 6.3.2.
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Figure 5.2: Flights from 08-06-2026 until 14-06-2026

The temporal structure of demand on the selected baseline day covers approximately 18 hours of
operation, from the early morning until the late evening. To capture differences in operational
intensity during the day, demand is divided into three time-of-day buckets: morning, afternoon,
and evening. The morning period is defined as before 11:00, the afternoon as 11:00–17:00, and the
evening as after 17:00. These buckets are also used in the stochastic uncertainty modelling, because
they define the empirical delay profiles used for task-timing uncertainty.

Aircraft characteristics are represented at the level of aircraft subtype and body category. The dataset
includes a mix of regional aircraft, narrow-body aircraft, and wide-body aircraft, as shown in Fig-
ure 5.3. Aircraft subtype is important because it determines service durations, aircraft compatibility,
and service-resource requirements. Body category is used where a more aggregated representation
is sufficient, for example when approximating resource quantities for specific service types.
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Figure 5.3: Body types in week 08-06-2026 until 14-06-2026

Service parameters are derived from predefined service rules. Service durations and time-window
offsets are specified for each combination of aircraft subtype and operational classification, namely
arrival, departure, or turnaround. The time windows are defined relative to the planned service
moment using early and late offsets. Their length remains fixed throughout the simulation, un-
less task-timing uncertainty shifts the full service window in time. Resource requirements are also
linked to aircraft characteristics. Depending on the vehicle group, these requirements may rep-
resent potable-water demand, lavatory-waste quantities, load-handling demand, or other service-
specific quantities.

5.4.2. Case-Specific Fleet and Infrastructure Specifications
This subsection defines the case-specific fleet and infrastructure configuration used to instanti-
ate the simulation framework for the KLM Schiphol case. The configuration translates the generic
model structure into operational input values for the three analysed vehicle groups: water vehi-
cles, toilet vehicles, and loaders. These inputs define vehicle starting locations, charging locations,
supporting service locations, energy parameters, onboard resource constraints, and infrastructure
capacities. Together, they determine how vehicles become available, unavailable, or constrained
during the simulated operating day.

The configuration reflects the different operational roles of the vehicle groups. Water and toilet
vehicles are modelled as depot-based service vehicles with onboard resource constraints. Their
availability is therefore affected not only by task timing and travel time, but also by intermediate
refill or dump requirements. Water vehicles may need to visit a refill point when their remaining
potable-water level falls below the configured threshold. Toilet vehicles may need to visit a dump
location when the collected waste volume approaches the onboard tank capacity. For instance, for
toilet vehicles, the collected waste volume is differentiated by aircraft type. Smaller aircraft, such
as the E70 and 73H, generate approximately 70 litres of waste. Medium-sized aircraft, such as the
332 and 333, generate approximately 250 litres. Larger wide-body aircraft, such as the 772 and 789,
can generate up to 400 litres. This differentiation affects how quickly the onboard tank fills up and
therefore how often a toilet vehicle must leave the task-assignment pool to visit the dump location.

Loaders are modelled differently. They are distributed across the airport and do not require inter-
mediate resource replenishment or disposal. Their availability is mainly determined by stand-side
positioning, task execution, battery use, charging access, and the timing of linked arrival and de-
parture operations. Loader operations also include aircraft-type-specific turnaround slack between
linked arrival-related and departure-related tasks. When an arrival-related task is delayed, this de-
lay is therefore not transferred one-to-one to the associated departure-related task. Instead, a buffer
is applied before the delay affects the departure-side loader task. For example, the applied buffer
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is 40 minutes for the 332 and 22 minutes for the 77W. This reflects that loader planning contains
operational slack before an arrival delay directly affects the departure-side handling process.

Table 5.2 summarises the main fleet, infrastructure, energy, and resource parameters used in the
case-study configuration. These values define the reference configuration for the baseline simu-
lation. Fleet sizes are varied separately in the experiment design to determine deterministic and
stochastic fleet-size requirements.

Table 5.2: Case-study fleet, infrastructure, and energy configuration per vehicle group

Parameter Water vehicles Toilet vehicles Loaders

Baseline fleet size (-) 11 11 25

Depot E24 E20 19 hubs distributed across
the airport

Charging locations E24: 11 E20: 5; E22: 4 28 chargers distributed over
19 locations

Refill/dump location and dura-
tion

Refill at F04; 14 min Dump at A34; 15 min –

Tank capacity (L) 4,000 L water 3,300 L waste –

Tank threshold Refill when ≤ 1,000 L Dump when ≥ 80% full –

Driving speed 300 m/min (≈ 18 km/h) 300 m/min (≈ 18 km/h) 183.3 m/min (≈ 11 km/h)

Energy per task (kWh) 0.1 kWh 0.1 kWh 3.2 kWh

Energy per km (kWh/km) 1.1 kWh/km 1.1 kWh/km 1.6 kWh/km

Battery capacity (kWh) 70 kWh 70 kWh 80 kWh

Usable battery share (%) 90% = 63 kWh 90% = 63 kWh 90% = 72 kWh

Charger power (kW) 22 kW 22 kW 16 kW

Minimum SOC before task (%) 20% 20% 20%

Depot charging threshold (%) ≤ 70% SOC ≤ 70% SOC ≤ 70% SOC

Minimum depot stay after return
(min)

15 min 15 min n.a.

End-of-shift slots 21:00–03:00 21:00–03:00 –

Note The table reports the case-study configuration used to instantiate the simulation model. The baseline fleet sizes
define the reference configuration; alternative fleet sizes are varied separately in the experiment design.

5.4.3. System Resources and Infrastructure
Movement across the airport is modelled using an aggregated spatial representation. Instead of
modelling every individual stand, road segment, and possible vehicle route, aircraft stands are as-
signed to location groups. Travel distances between these location groups are defined in a precom-
puted distance matrix. This abstraction reduces the spatial detail required in the simulation while
preserving the main differences in travel distance across the apron.

The distance matrix distinguishes between outbound and return movements. This is necessary be-
cause parts of the airport network may be affected by one-way traffic rules or route restrictions. As
a result, the distance from location group i to location group j does not necessarily equal the dis-
tance from j to i . The spatial layout of Schiphol used to define the case-study context is shown
in Figure 5.4. The network points used to represent Schiphol in the simulation model are shown
in Figure 5.5. The distance matrix also includes an approximation for movements within the same
location group. Although stands within one group are spatially aggregated, vehicles may still need
to move between different VOP positions inside that group. These movements are therefore not
treated as zero-distance trips. Instead, internal VOP-to-VOP distances are examined for each group.
The maximum internal distance is used as an upper reference point, while the final within-group
distance is selected as a representative approximation based on the spread of internal distances.
This approach avoids underestimating short local movements without assuming that every within-
group trip equals the longest possible internal movement.

Travel times are calculated from the distance matrix and vehicle-specific driving speeds. The speed
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parameter represents an average operational driving speed rather than a maximum technical speed.
This allows the model to approximate realistic apron driving behaviour while keeping the spatial
representation tractable. For a movement from location group i to location group j , the travel time
is calculated as a function of distance and vehicle speed, with a minimum travel time enforced for
all non-zero movements. This prevents unrealistically short travel times between nearby location
groups.

Infrastructure is modelled as a set of capacity-constrained service locations. These include charg-
ing locations, refill points, dump points, depots, and other vehicle-specific support locations where
relevant. Each infrastructure location has a predefined capacity, meaning that only a limited num-
ber of vehicles can use it at the same time. When the capacity of a required resource is occupied,
vehicles wait in a queue before the corresponding activity can start.

This structure allows the model to capture infrastructure-related vehicle unavailability without rep-
resenting the full physical layout of each service area in microscopic detail. Queueing at chargers,
refill points, or dump points can delay vehicle availability and can therefore affect task assignment,
service-window performance, and fleet-size requirements.

Figure 5.4: Map Schiphol
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Figure 5.5: Netpoints Schiphol

5.4.4. Operational Policies and Control Parameters
Vehicle behaviour in the case-study model is governed by a set of operational policies and control
parameters. These parameters define how tasks are released, how vehicles are dispatched, when
vehicles must charge or visit service infrastructure, and when vehicles stop accepting new assign-
ments. Together, they translate the generic simulation logic into the operational setting used for the
KLM Schiphol case.

Tasks are released into the system before their planned service-window opening. This early-release
offset allows vehicles to be dispatched before the service window starts, so that travel time can be
accounted for without allowing service to begin too early. Service execution remains constrained by
the task-specific service window.

Charging, refilling, and waste dumping are controlled through threshold-based rules. Vehicles can
be sent to charge when their SOC falls below the configured operational threshold. Vehicles lo-
cated at their depot or charging location can also charge when idle and below the configured depot-
charging threshold. Water vehicles must visit a refill point when their onboard potable-water level
falls below the predefined threshold. Toilet vehicles must visit a dump location when the collected
waste volume exceeds the configured share of tank capacity. These rules create additional opera-
tional movements and can make vehicle availability dependent on infrastructure access.

Task allocation is governed by the rule-based dispatcher described in Chapter 4. Tasks are priori-
tised based on urgency, using service-window timing, service duration, and minimum travel-time
considerations. Vehicle assignment is updated dynamically as vehicles become available, tasks are
released, and operational constraints change. The dispatcher also includes limited lookahead and
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reassignment-related control parameters, which affect whether a task is assigned immediately or
deferred when a more suitable vehicle is expected to become available shortly.

The model further includes stop-cutoff logic to represent the operational end of the working period
for a vehicle group. After the cutoff becomes active, vehicles may stop accepting new regular assign-
ments and may instead complete required end-of-shift actions, such as returning to depot, refilling,
dumping, or charging. These rules prevent vehicles from being assigned beyond the modelled op-
erating period and ensure that end-state requirements are handled consistently.

Uncertainty settings are configured separately for task-timing uncertainty and travel-time uncer-
tainty. Both mechanisms can be enabled or disabled independently, allowing deterministic base-
line runs, task-timing uncertainty runs, travel-time uncertainty runs, and combined uncertainty
runs. Task-timing uncertainty is applied during preprocessing and changes the temporal demand
pattern before simulation execution. Travel-time uncertainty is applied dynamically during simu-
lation execution and affects individual vehicle movements. Fixed random seeds are used to ensure
reproducibility across stochastic replications.

In addition to stochastic uncertainty, deterministic demand-generation rules can be applied during
preprocessing. For selected aircraft subtypes, a deterministic demand-reduction rule removes every
second water or toilet task to approximate observed servicing frequency. This rule is not treated as
stochastic cancellation, but as a reproducible preprocessing assumption for aircraft types that do
not require servicing after every turnaround.

Together, these operational policies and control parameters define the case-specific operating logic
used in the Schiphol simulation experiments. They determine not only how tasks are assigned,
but also how charging, onboard resources, infrastructure access, shift constraints, and uncertainty
affect vehicle availability during the simulated day.

5.5. Performance Metrics
This section defines the performance metrics used to evaluate the simulation experiments. The
metrics assess service reliability, fleet utilisation, vehicle movement, and charging-infrastructure
use. Together, they provide the basis for comparing model configurations and for determining the
fleet sizes required under the selected service-level interpretations.

The primary service-performance metric is the on-time task completion rate. This metric measures
the percentage of completed tasks that are finished within their assigned service window. It is the
main indicator used to assess whether a fleet can meet the operational service requirements. In this
thesis, on-time completion refers to completion within internal service windows. It should therefore
not be interpreted directly as aircraft departure-delay performance.

A second service metric is the unserved task rate. This metric measures the percentage of tasks that
remain incomplete under the implemented stopping rules. Its interpretation differs between ve-
hicle groups. For water and toilet vehicles, a task can become unserved when it can no longer be
assigned after the relevant stop-cutoff times, which represent the end of the operator service pe-
riod. For loaders, no equivalent service-specific cutoff is applied; loader tasks are therefore classi-
fied as unserved only if they remain incomplete after the 24-hour simulation horizon. The unserved
task rate should therefore be interpreted as unresolved operational demand under the implemented
stopping rules, not as a measure of service-window lateness.

To capture the severity of service-window violations, the average lateness of late tasks is included.
This metric measures by how many minutes late tasks exceed their service-window closing time. It
provides additional information beyond the binary distinction between on-time and late comple-
tion.

Fleet utilisation and vehicle-activity metrics are used to assess how vehicle capacity is used during
the simulated day. Overall vehicle utilisation expresses the share of available vehicle time spent in
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active operational states. In addition, time-share metrics distinguish between service time, travel
time, charging time, depot idle time, and waiting time. These indicators help identify whether per-
formance is limited by service workload, travel requirements, charging, infrastructure waiting, or
idle capacity.

Distance-related metrics are included to evaluate vehicle movement. Total travel distance measures
the total number of kilometres driven by the fleet during the simulation period. Dispatch-to-task
travel distance measures the distance travelled specifically between dispatch and task arrival. These
metrics indicate how much movement is required to deliver the simulated service level and help
compare alternative operational-control policies.

Charging performance is evaluated through charging-session, occupancy, and queueing metrics.
The immediate charging start rate measures the share of charging attempts that can start without
waiting. Average and peak charger occupancy indicate how intensively the charging infrastruc-
ture is used. The number of charging sessions shows how often vehicles charge during the day.
Queue-related metrics, including queue frequency, queue length, and charging waiting time, indi-
cate whether charging infrastructure creates operational delays or vehicle unavailability.

The performance indicators used in the experiment analysis are summarised in Table 5.3.

Table 5.3: Performance indicators used in the experiment analysis

Category Performance indicators

Service performance On-time task completion rate (%)

Unserved task rate (%)

Average delay of late tasks (min)

Vehicle operations Overall vehicle utilisation rate (%)

Operational time shares: service, travel, charging, depot idle, waiting (%)

Total travel distance (km)

Dispatch-to-task travel distance (km)

Charging performance Immediate charging start rate (%)

Average charger occupancy (%)

Peak charger occupancy (%)

Number of charging sessions

Share of time with a charging queue (%)

Average charging queue length

Maximum charging queue length

Average waiting time for charging (min)

Maximum waiting time for charging (min)

A central outcome derived from these metrics is the required fleet size. This is defined as the small-
est tested fleet size that satisfies the selected service-level interpretation. Because different interpre-
tations can be used, such as deterministic sufficiency, strict stochastic robustness, or a pragmatic
lower bound, the required fleet size is not a single universal value. It depends on the performance
target used to translate simulation outcomes into a fleet-capacity requirement.

5.6. Validation
This section assesses whether the simulation model is valid for its intended purpose: comparing
fleet-size, charging, service-resource, and uncertainty settings for KLM water, toilet, and loader op-
erations at Schiphol. The validation does not aim to reproduce every individual vehicle movement,
charging decision, or operational intervention exactly. Instead, it evaluates whether the model pro-
duces plausible system-level behaviour that is sufficiently credible for scenario analysis and fleet-
capacity assessment. The validation should therefore be interpreted as a fitness-for-purpose assess-
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ment rather than an exact calibration of the complete ground-handling system.

The validation focuses on five aspects. Validation Case A evaluates baseline fleet and service perfor-
mance. Validation Case B assesses whether the generated task demand represents a plausible oper-
ational demand structure. Validation Case C evaluates energy use, SOC development, and charging
behaviour. Validation Case D assesses water-filling and toilet-dumping behaviour for the vehicle
groups with onboard resource constraints. Validation Case E evaluates the representation of oper-
ational uncertainty. Together, these cases examine whether the model inputs, process logic, and
simulated outputs are consistent with the available operational data, model assumptions, and ex-
pert judgement.

Unless stated otherwise, the validation results are based on the deterministic baseline configura-
tion. This means that task-timing and travel-time uncertainty are disabled in the baseline valida-
tion cases. The Key Performance Indicator (KPI) window covers a 24-hour period on 14 June 2026,
starting with the first relevant task event in the simulation and ending 24 hours later. This fixed
evaluation window is used to compare task completion, time-window performance, vehicle use,
charging behaviour, and service-resource behaviour consistently across the three vehicle groups.

5.6.1. Validation Case A – Baseline Fleet and Service Performance
Validation Case A assesses whether the model produces plausible service performance under the
current fleet configurations. Its purpose is to evaluate whether the model produces credible results
for service performance, vehicle use, travel behaviour, and charging-infrastructure use under base-
line conditions.

Water Vehicles

The water-service baseline was run with 11 vehicles. The KPI window covers the period from 14
June 2026 05:47 to 15 June 2026 05:47. Table 5.4 summarises the resulting KPI performance.

The water-service baseline completes the full deterministic demand pattern, but it is not entirely
unconstrained. The main observation is that all tasks are served, while a small number of tasks still
finish outside their time window. These late completions are short and caused by local pressure
during concentrated demand periods.

The time-share pattern shows both operational slack and peak-period pressure. The depot idle
share is substantial, which is expected for a practical fleet that must be available during demand
peaks rather than continuously occupied throughout the day. However, the late completions show
that this slack is not always available at the right moment or location. For water vehicles, the base-
line therefore represents a useful operational reference: the fleet can complete all tasks, but local
timing constraints can still become binding.

The workload is distributed across the full vehicle group, with a relatively narrow task range between
vehicles. This suggests that the dispatching logic uses the fleet broadly rather than relying on only
a small subset of vehicles. The total travel distance is also relevant because it includes more than
direct dispatch-to-task travel. For water vehicles, return movements, charging-related movements,
and filling-related movements contribute to the difference between dispatch-to-task distance and
total driven distance.

The simulated travel distance was compared with track and trace data from the same operational
week. The empirical dataset is incomplete and does not exactly match the simulated baseline con-
figuration: it contains seven vehicles, missing observations for some vehicles, and several partial-
day operations. After correcting for incomplete availability, the observed distance corresponds to
an estimated 380.19 km per day for an 11-vehicle fleet. This is of the same order of magnitude as
the simulated 425.4 km. However, the applied corrections are themselves approximate and may in-
troduce additional uncertainty, as assumptions are required to compensate for missing and partial
observations. These uncertainties can accumulate and propagate through the adjustment process.
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Table 5.4: Validation Case A: baseline fleet and KPI performance

Category KPI Result

Fleet Water vehicles 11

Service performance Completed tasks 304 / 304
Tasks started within time window 99.67%
Tasks completed within time window 97.70%
Unserved task rate 0.00%
Late tasks 7
Average delay of late tasks 2.9 min
Median delay of late tasks 2.0 min
Tasks started outside time window 1
Average start delay outside window 3.0 min

Time shares Service time share 26.58%
Travel time share 10.60%
Depot idle time share 54.26%
Waiting time share 8.57%
Charging time share 13.75%

Vehicle use Overall vehicle utilisation rate 45.74%
Tasks per vehicle 23–31
Average tasks per vehicle 27.6
Dispatch-to-task travel distance 298.8 km
Total travel distance 425.4 km

Charging Immediate charging start rate 100.00%
Average charger occupancy 13.75%
Median charger occupancy 9.09%
Peak charger occupancy 63.64%
Number of charging sessions 48
Time with charging queue 0.00%
Average charging queue length 0.00
Maximum charging queue length 0
Average charging waiting time 0.0 min
Maximum charging waiting time 0.0 min
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The comparison is therefore not an exact calibration, but it provides an indicative check that the
simulated driving distance is operationally credible.

Charging does not constrain the water-service baseline. All charging sessions start immediately
and no charging queue occurs. The late completions should therefore mainly be interpreted as the
result of service timing, spatial assignment, and vehicle availability during peaks, rather than as a
charging-capacity bottleneck.

Toilet Vehicles

The toilet-service baseline was run with 11 vehicles. The KPI window covers the period from 14 June
2026 05:28 to 15 June 2026 05:28. Table 5.5 summarises the resulting KPI performance.

Table 5.5: Validation Case A: baseline fleet and KPI performance for toilet service

Category KPI Result

Fleet Toilet-service vehicles 11

Service performance Completed tasks 301 / 301
Tasks started within time window 100.00%
Tasks completed within time window 100.00%
Unserved task rate 0.00%
Late tasks 0
Average delay of late tasks 0.0 min
Tasks started outside time window 0
Average start delay outside window 0.0 min

Time shares Service time share 18.28%
Travel time share 12.05%
Depot idle time share 63.04%
Waiting time share 6.64%
Charging time share 15.53%

Vehicle use Overall vehicle utilisation rate 36.96%
Tasks per vehicle 24–35
Average tasks per vehicle 27.4
Dispatch-to-task travel distance 273.3 km
Total travel distance 489.3 km

Charging Immediate charging start rate 100.00%
Average charger occupancy 18.98%
Median charger occupancy 11.11%
Peak charger occupancy 77.78%
Number of charging sessions 48
Time with charging queue 0.00%
Average charging queue length 0.00
Maximum charging queue length 0
Average charging waiting time 0.0 min
Maximum charging waiting time 0.0 min

The toilet-service baseline achieves full compliance with the service windows. Compared with the
water-service case, the key difference is that the available slack is sufficient to absorb deterministic
demand peaks without causing late task completions. However, this does not imply that the fleet
size is minimal to achieve the 100% on-time completion rate. It only shows that the current baseline
configuration is sufficient under deterministic conditions.

The time-share pattern shows a high depot idle share and a lower utilisation rate than the water-
service fleet. This is consistent with a baseline fleet that is dimensioned for peak availability rather
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than average workload. The task distribution also shows that all vehicles are used, although some
variation remains because assignments depend on location, timing, charging state, and vehicle
availability.

The total travel distance is higher than the dispatch-to-task distance, which indicates that toilet-
service operations also generate relevant non-task travel. For this vehicle group, this is expected be-
cause the operational process can include depot returns, charging movements, and waste-disposal-
related movements in addition to direct travel to aircraft stands.

Charging remains non-binding in the deterministic toilet-service baseline. Peak charger occupancy
is relatively high, but the absence of queues and charging waiting time indicates that the configured
charging infrastructure is still sufficient for the simulated baseline operation.

Lower-Deck Loaders

The loader baseline was run with 25 loaders. The KPI window covers the period from 14 June 2026
05:11 to 15 June 2026 05:11. Table 5.6 summarises the resulting KPI performance.

Table 5.6: Validation Case A: baseline fleet and KPI performance for loaders

Category KPI Result

Fleet Loaders 25

Service performance Completed tasks 147 / 147
Tasks started within time window 100.00%
Tasks completed within time window 100.00%
Unserved task rate 0.00%
Late tasks 0
Average delay of late tasks 0.0 min
Tasks started outside time window 0
Average start delay outside window 0.0 min

Time shares Service time share 16.18%
Travel time share 1.20%
Depot idle time share 80.51%
Waiting time share 2.11%
Charging time share 11.23%

Vehicle use Overall vehicle utilisation rate 19.49%
Tasks per vehicle 3–8
Average tasks per vehicle 5.9
Dispatch-to-task travel distance 25.2 km
Total travel distance 58.3 km

Charging Immediate charging start rate 100.00%
Average charger occupancy 10.02%
Median charger occupancy 0.00%
Peak charger occupancy 75.00%
Number of charging sessions 32
Time with charging queue 0.00%
Average charging queue length 0.00
Maximum charging queue length 0
Average charging waiting time 0.0 min
Maximum charging waiting time 0.0 min

The loader baseline also achieves full service-window compliance, but the operational pattern dif-
fers strongly from the water and toilet-service fleets. The most notable feature is the high idle share
and the low number of tasks per vehicle. This reflects the combination of a relatively large baseline
loader fleet and a lower number of active loader-service tasks.
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The low travel time share is also important. Loader vehicles typically remain close to or at the
VOPs while on standby and do not require process-specific movements such as water filling or toilet
dumping. As a result, loader availability is driven mainly by task timing, service duration, and local
positioning rather than by long travel or replenishment movements.

The charging indicators show that charging does not constrain loader operations in the determinis-
tic baseline. Peak charger occupancy reach a maximum of 75% at specific moments and the absence
of charging queues means that charging infrastructure availability does not affect task completion
in this run.

Overall interpretation

Across the three vehicle groups, Validation Case A shows that the model can reproduce plausible
deterministic baseline behaviour. All active tasks are completed for water vehicles, toilet vehicles,
and loaders, and no unserved tasks occur. The main difference between the vehicle groups is the
degree to which the baseline fleet is locally constrained. Water vehicles show small time-window
violations during peak periods, whereas toilet vehicles and loaders complete all tasks within their
service windows. The loader fleet shows the largest amount of operational slack, reflected in its high
idle share and low average number of tasks per vehicle.

The results were also discussed with an experienced KLM operations specialist, who confirmed that
the simulated service performance and vehicle-use patterns are operationally reasonable. Charging
behaviour is assessed separately in the energy and charging validation case. Overall, the baseline
runs provide a plausible reference point for the subsequent scenario analysis, with results that are
consistent with the model assumptions and with each other.

5.6.2. Validation Case B – Operational Task Demand
Validation Case B evaluates whether the active task demand used in the baseline simulation rep-
resents a plausible operational demand pattern for the selected Schiphol–KLM case-study day. In
contrast to the verification of the preprocessing logic, this validation case does not focus on whether
flight records are technically converted correctly into simulation tasks. Instead, it assesses whether
the resulting active task sets have a realistic operational structure in terms of demand level, opera-
tion type, temporal distribution, aircraft mix, and service-duration composition.

Water Vehicles

The baseline task set contains 304 active water-service tasks. Table 5.7 summarises the operational
structure of this demand set.

The water-service task set is dominated by turnaround-related work, while still including a smaller
number of isolated arrival and departure tasks. This structure is consistent with the hub-operation
setting of the case study, where many services are linked to aircraft turnarounds rather than to iso-
lated movements.

The time-of-day distribution shows that water-service demand is concentrated in the morning and
afternoon. This is relevant for fleet sizing because vehicle requirements are driven mainly by clus-
tered peak demand rather than by average demand over the full operational day. The corresponding
time-window pattern is shown in Figure 5.6.

The aircraft-class distribution is mixed, with tasks spread across commuter, narrow-body, and wide-
body aircraft. The service-duration structure also contains both short routine services and a smaller
group of longer tasks. The longer water-service tasks are especially relevant for capacity analysis
because they occupy vehicles for more time and can therefore contribute to peak-period pressure.
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Table 5.7: Validation Case B: operational task demand and temporal structure for water service

Category Class Tasks Share

Total demand Active water-service tasks 304 100.0%

Operation type Arrival only (A) 24 7.9%
Departure only (D) 40 13.2%
Arrival–departure (AD) 240 78.9%

Time bucket Morning, before 11:00 129 42.4%
Afternoon, 11:00–17:00 105 34.5%
Evening, after 17:00 70 23.0%

Aircraft class Commuter 94 30.9%
Narrow-body 120 39.5%
Wide-body 90 29.6%

Service duration 5 min 130 42.8%
10 min 84 27.6%
15–19 min 40 13.2%
28–35 min 50 16.4%
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Figure 5.6: Time-Windows of water services on 14-06-2026

Toilet Vehicles

The baseline task set contains 301 active toilet-service tasks. Table 5.8 summarises the operational
structure of this demand set.

The toilet-service task set is similar to the water-service task set in its overall structure. Turnaround-
related AD tasks are again dominant, which is expected because toilet service is typically connected
to the aircraft turnaround process. Compared with water service, the shares of isolated arrivals and
departures differ slightly due to different service requirements, with departures more often requir-
ing water service and arrivals more often requiring toilet service. Multistretch aircraft also introduce
alternating water and toilet service needs for some subtypes. However, the overall demand structure
remains comparable.

The temporal distribution is again peak-based rather than uniform. Morning and afternoon to-
gether account for most of the active demand, while the evening still contains a relevant number
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Table 5.8: Validation Case B: operational task demand and temporal structure for toilet service

Category Class Tasks Share

Total demand Active toilet-service tasks 301 100.0%

Operation type Arrival only (A) 37 12.3%
Departure only (D) 24 8.0%
Arrival–departure (AD) 240 79.7%

Time bucket Morning, before 11:00 117 38.9%
Afternoon, 11:00–17:00 103 34.2%
Evening, after 17:00 81 26.9%

Aircraft class Commuter 94 31.2%
Narrow-body 117 38.9%
Wide-body 90 29.9%

Service duration 5 min 127 42.2%
10 min 84 27.9%
11–13 min 90 29.9%

of tasks. This pattern is visible in Figure 5.7 and confirms that the selected baseline day contains
demand clustering that is relevant for fleet-sizing analysis.

The aircraft mix is distributed across the same three aircraft classes as water service. The main dif-
ference is found in the service-duration structure. Toilet-service tasks are generally shorter and less
dispersed than the water-service tasks, with no very long service-duration group. Nevertheless, the
11–13 minute tasks remain operationally relevant because they still keep vehicles occupied during
peak periods.
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Figure 5.7: Time-Windows of toilet services on 14-06-2026

Lower-Deck Loaders

The baseline task set contains 147 active loader-service tasks. Table 5.9 summarises the operational
structure of this demand set.

The loader task set differs clearly from the water- and toilet-service task sets. Loader demand is al-
most evenly split between arrival and departure tasks, because the model treats unloading and load-
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Table 5.9: Validation Case B: operational task demand and temporal structure for loaders

Category Class Tasks Share

Total demand Active loader-service tasks 147 100.0%

Operation type Arrival task (A) 75 51.0%
Departure task (D) 72 49.0%

Time bucket Morning, before 11:00 76 51.7%
Afternoon, 11:00–17:00 54 36.7%
Evening, after 17:00 17 11.6%

Aircraft class Commuter 0 0.0%
Narrow-body 0 0.0%
Wide-body 147 100.0%

Service duration 29–36 min 63 42.9%
40–41 min 35 23.8%
46–49 min 38 25.9%
60 min 11 7.5%

ing as separate operational processes. This is appropriate for loader operations, which are directly
linked to either the arrival-side or departure-side handling process rather than to one combined
replenishment task.

The temporal distribution is more concentrated than for water and toilet service. More than half of
the active loader tasks occur in the morning period, while evening demand is limited. This pattern,
also shown in Figure 5.8, means that loader fleet requirements are particularly sensitive to the first
part of the operational day.

The aircraft-class distribution is specialised: all active loader tasks are associated with wide-body
aircraft. This differs from the mixed demand structure of water and toilet service, but is consistent
with the modelling scope for loaders in this case. The service-duration structure is also substantially
longer than for water and toilet service. Even though the total number of loader tasks is lower, the
longer task durations can create capacity pressure because loaders remain occupied for extended
periods.
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Figure 5.8: Time-Windows of loader services on 14-06-2026
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Overall interpretation

Across the three vehicle groups, Validation Case B shows that the baseline task sets capture distinct
but operationally explainable demand structures. Water and toilet service are dominated by com-
bined arrival–departure tasks, have mixed aircraft-class demand, and show a strong but not exclu-
sive concentration in the morning and afternoon periods. Loader demand is structurally different:
it is split between arrival and departure tasks, concentrated more strongly in the morning, limited
to wide-body aircraft in this model, and characterised by substantially longer service durations.

The structure of the model input was also reviewed with operational experts. They confirmed that
the total demand level, operation types, time buckets, aircraft-class distinction, and service cate-
gories are consistent with practical ground handling operations. The demand structures provide a
credible input basis for the subsequent performance, fleet-sizing, and uncertainty analyses.

5.6.3. Validation Case C – Energy and Charging Behaviour
Validation Case C evaluates whether the model produces plausible energy and charging behaviour
for the three case-study vehicle groups: water vehicles, toilet vehicles, and loaders. The checks
include SOC development, charging-session timing, charging duration, cumulative charged energy,
and consistency with available operational measurements or expert judgement.

The charging curve differs by vehicle group. For water and toilet vehicles, the model uses an as-
sumed charger power of 22 kW, while loaders use an assumed charger power of 16 kW, as shown in
Figure 5.9a and Figure 5.9b. A charging efficiency of 0.90 is applied. The charging curves define how
much energy and SOC can be recovered during a charging session. They therefore provide the basis
for translating charger power and charging time into vehicle-level battery recovery.
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Figure 5.9: Charging curves of the simulated vehicle groups, showing state of charge as a function of charging time

Water Vehicles

For water vehicles, the energy-consumption inputs are based on operational measurements col-
lected at the beginning of July. The measured driving-energy consumption is 1.04 kWh/km, while
service-energy consumption is set to 0.10 kWh per service [40]. The service-energy value represents
a weighted average across commuter, narrow-body, and wide-body aircraft. A relatively large oper-
ational dataset was available, including SOC and charger-use data. The water-vehicle energy inputs
therefore have the strongest empirical basis within this validation case. The simulated energy use,
SOC development, and charging behaviour are compared with these operational measurements.

The simulated SOC profile in Figure 5.10 shows a high-SOC operating regime. Vehicles generally
remain well above 60% SOC, with only one vehicle briefly reaching a minimum of approximately
55.4%. The time-weighted average SOC across the fleet is approximately 80.7%, which is close to the
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operational daily average of approximately 75–80%. In the operational data, vehicles were usually
connected to a charger at relatively high SOC values, with an average charging start SOC of approx-
imately 64–66%. This indicates that charging in practice is also primarily used for top-up charging
rather than deep battery recovery. The relevant observation is therefore not that individual SOC tra-
jectories match exactly, but that the model reproduces the operational pattern of repeated top-up
charging instead of deep discharge.
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Figure 5.10: State of charge over time per simulated water-service vehicle

The operational dashboard in Figure 5.11 links service demand, vehicle deployment, and charging
behaviour. Charger use is limited during periods with high vehicle deployment and increases when
vehicles become available between service peaks. This pattern explains why SOC declines during
service execution and recovers during operational gaps.
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Figure 5.11: Operational dashboard showing workload, concurrent service tasks, vehicles in use, and chargers in use for
the simulated water-service vehicles

The charger-use pattern in Figure 5.12 is broadly consistent with the operational reference data.
In practice, simultaneous charging can reach up to seven vehicles, although most periods contain
only one or two vehicles charging at the same time. The simulation reproduces the same maximum
of seven simultaneous charging sessions. No persistent charging queue develops, meaning that
charging infrastructure does not act as a binding constraint in the deterministic baseline.

Operational charging sessions most often started around 09:00, 12:00–13:00, 16:00, and 20:00–21:00.
In the simulation, charging starts occur especially around 14:00–15:00, 16:00–18:00, and 21:00–
23:00, with one additional late charging session after 03:00. The exact timing therefore differs, but
the underlying operating logic is comparable: vehicles mainly charge between demand peaks rather
than continuously throughout the day.
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Figure 5.12: Gantt chart of charger usage by simulated water-service vehicles

Charging durations remain within the operationally observed range. In practice, most charging
sessions last between 20 and 100 minutes, with a median duration of 50 minutes, although longer
sessions can occur. In the simulation, 48 charging sessions occur, ranging from approximately 7
to 106 minutes. The average duration is approximately 45.4 minutes and the median duration is
30.0 minutes. The model therefore captures the broad duration range, but produces more short
top-up sessions than the operational data. This follows from the implemented charging logic, in
which vehicles can charge as soon as they are available at the depot and their SOC conditions allow
charging.

The SOC increase per charging session is mostly within the commonly observed operational range.
In the operational data, SOC increases are mostly below 40 percentage points, with a median of 22
percentage points and occasional larger increases up to approximately 80 percentage points. In the
simulation, the average SOC increase is approximately 16.5 percentage points, the median is 14.8
percentage points, and the maximum is 35.5 percentage points. The model therefore captures reg-
ular top-up charging, but not the largest real-world charging increments. This is expected because
real vehicles are not always plugged in immediately after returning to the depot, which can lead to
lower starting SOC values and larger subsequent charging increments.

A semi-quantitative comparison was made using available charger-energy data. The observed
charging energy in a March reference week was 423.29 kWh per day. Since the reference data in-
cludes other charger users, uses eight electric vehicles instead of the eleven simulated water-service
vehicles, and was collected in March rather than June, it is not directly comparable to the model out-
put. After correction to an estimated average June day, the operational reference value is 450.49 kWh
per day. In Figure 5.13, the simulated cumulative charged energy reaches approximately 498.3 kWh
by the end of the simulated day. This is 47.81 kWh higher than the adjusted operational reference
value, corresponding to a difference of approximately 10.61%.
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Figure 5.13: Total cumulative charged energy for the simulated water-service vehicles

The cumulative energy comparison should be interpreted as a semi-quantitative check. The sim-
ulated value is of the same order of magnitude as the corrected operational reference. Although
corrections were made for differences in fleet size, vehicle selection, season, and charger-user com-
position, these corrections are only approximate and some deviations may remain. The remaining
difference is therefore considered reasonable given the uncertainties involved.

Toilet Vehicles

For toilet vehicles, no separate operational energy-consumption measurements were available.
The same energy-consumption parameters as for water vehicles were therefore used as a proxy:
1.04 kWh/km for driving and 0.10 kWh per service. This assumption is defensible because both ve-
hicle groups are built by the same manufacturer and share the same electric chassis, resulting in
similar vehicle characteristics. However, the toilet-vehicle energy representation is not indepen-
dently calibrated with toilet-specific consumption data.

The simulated SOC profile in Figure 5.14 shows the same high-SOC operating regime as the water-
vehicle case. Vehicles generally remain above 60% SOC, with only one vehicle briefly reaching a
minimum of approximately 56.8%. The time-weighted average SOC across the simulated toilet fleet
is approximately 81.9%, which is close to the operational daily average of approximately 75–80%.
The main point is that the model does not create unrealistic deep-discharge behaviour; it represents
toilet vehicles as repeatedly charged during operational gaps.
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Figure 5.14: State of charge over time per simulated toilet-service vehicle

No separate operational charger-use data were available for toilet vehicles. The charger Gantt chart
in Figure 5.15 is therefore used to assess internal consistency rather than direct empirical fit. Charg-
ing sessions are distributed across the available chargers, the maximum number of simultaneous
charging sessions reaches seven vehicles, and no persistent charging queue develops. This means
that charging infrastructure does not constrain the deterministic toilet-service baseline.
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Figure 5.15: Gantt chart of charger usage by simulated toilet-service vehicles

The operational dashboard in Figure 5.16 shows that charger use increases mainly after vehicles
become available between service peaks. This supports the SOC pattern in Figure 5.14: energy is
consumed during service execution and recovered during periods when vehicles return to the de-
pot.
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Figure 5.16: Operational dashboard showing workload, concurrent service tasks, vehicles in use, and chargers in use for
the simulated toilet-service vehicles

Charging durations remain within a plausible range. In the simulation, 45 charging sessions occur,
ranging from approximately 14 to 106 minutes. The average duration is approximately 51.4 minutes
and the median duration is 41.0 minutes. The model therefore produces short to medium top-up
sessions rather than long full charging cycles, which is consistent with the high-SOC pattern.

The SOC increase per charging event is also consistent with top-up charging. The average SOC
increase is approximately 19.2 percentage points, the median is 18.7 percentage points, and the
maximum is 43.2 percentage points. Most events therefore remain within a moderate SOC-increase
range. The absence of very large SOC increases follows from the model logic, because vehicles are
charged when they are available at the depot and their SOC falls below the charging threshold.

No operational charger-energy data were available for toilet vehicles. The cumulative charged en-
ergy in Figure 5.17 should therefore be interpreted as a simulated energy-output indicator rather
than as a directly validated empirical result. In the deterministic baseline, cumulative charged en-
ergy reaches approximately 568.4 kWh by the end of the simulated day. The profile increases most
strongly during periods with several simultaneous charging sessions, particularly in the afternoon
and evening.
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Figure 5.17: Total cumulative charged energy for the simulated toilet-service vehicles

As an additional check, the toilet-vehicle energy result was compared with the water-vehicle result.
Both vehicle groups serve a similar number of tasks at approximately the same aircraft locations and
use the same energy-consumption parameters. The toilet vehicles nevertheless consume about 10%
more energy. This difference is mainly explained by the larger simulated travel distance. Toilet tasks
have shorter service durations, so vehicles become available again more quickly. The dispatcher
then spreads work across more vehicles than necessary, generating additional depot-to-task, return,
dumping, and other support movements. In this run, toilet vehicles travel approximately 65 km
more than water vehicles. The higher energy consumption is therefore linked to task sequencing
and intermediate movements, not to higher service demand or different task locations.

The simulated charger use and energy consumption were discussed with an operational expert.
The expert indicated that the resulting charging behaviour and energy demand could be realistic
for electric toilet vehicles. However, this could not be fully verified with current operational data,
because only a limited number of electric toilet vehicles are currently in use. The toilet validation is
therefore mainly based on proxy input data, internal consistency of results, comparison with water
vehicles, and expert judgement.

Loaders

For loaders, the energy-consumption input is based on operational measurements and calculations.
Driving energy consumption is set to 1.6 kWh/km, while service energy consumption is set to an
average of 3.2 kWh per task. These values are higher than those used for water and toilet vehicles,
which is expected because loaders perform heavier operational tasks and consume more energy
during service execution.

The simulated SOC profile in Figure 5.18 shows that loaders also operate in a high-SOC regime
throughout the deterministic baseline. The vehicles start at 100% SOC and gradually discharge
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during the main operational period. The minimum SOC is approximately 63.7%, while the time-
weighted average SOC across the loader fleet is approximately 82.9%. The important observation is
that no unrealistic deep-discharge events occur. Energy is consumed during service execution and
recovered later when operational demand decreases.
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Figure 5.18: State of charge over time per simulated loader

The charger Gantt chart in Figure 5.19 shows a more concentrated charging pattern than for water
and toilet vehicles. In the deterministic baseline, 32 charging sessions occur. The maximum number
of simultaneous charging sessions reaches 21 chargers, mainly during the late-evening charging
period. This shows that loader operations create a concentrated charging demand after the main
service period. No persistent charging queue is visible in the baseline, but charger use is intensive
during the evening peak.
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Figure 5.19: Gantt chart of charger usage by simulated loaders

The operational dashboard in Figure 5.20 links this charging pattern to the loader workload. Loader
workload and concurrent service tasks are highest during the morning and early midday, with a
peak of slightly above 20 simultaneous service tasks. Charger use remains relatively low during the
main service period and rises later in the day. This confirms that loader energy is mainly consumed
during operational peaks and recovered afterwards through concentrated depot charging.



5.6. Validation 94

0

5

10

15

20
Co

un
t

Time-window workload

0

5

10

15

20

Co
un

t

Concurrent service tasks

0

10

20

Co
un

t

Vehicles in use

05:00
06:00

07:00
08:00

09:00
10:00

11:00
12:00

13:00
14:00

15:00
16:00

17:00
18:00

19:00
20:00

21:00
22:00

23:00
00:00

01:00

Local Time

0

5

10

15

20

Co
un

t

Chargers in use

Figure 5.20: Operational dashboard showing workload, concurrent service tasks, vehicles in use, and chargers in use for
the simulated loaders

Loader charging sessions are longer than those of water and toilet vehicles. The 32 charging sessions
range from approximately 30 to 169 minutes. The average charging duration is approximately 126.3
minutes, while the median duration is 143.5 minutes. This follows directly from the higher energy-
consumption assumptions for loaders. Several chargers are therefore occupied continuously for
multiple hours, as visible in Figure 5.19.

The SOC increase per charging session remains moderate. The average SOC increase is approx-
imately 24.5 percentage points, the median is 27.9 percentage points, and the maximum is 36.3
percentage points. The model therefore represents repeated top-up charging rather than full deep-
cycle charging. This is consistent with the SOC profile, where vehicles generally remain above 60%
SOC throughout the simulated day.

The cumulative charged energy in Figure 5.21 reaches approximately 563.5 kWh by the end of the
simulated day. The cumulative profile increases gradually during the afternoon and rises more
strongly during the late-evening charging period. This matches the charger-use pattern in Fig-
ure 5.19 and Figure 5.20, where the highest simultaneous charger use occurs after the main service
demand has decreased.
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Figure 5.21: Total cumulative charged energy for the simulated loaders

For loaders, the validation is mainly based on measured and calculated energy-consumption input
values, simulated SOC behaviour, charging-session structure, and expert judgement. The expert
indicated that the simulated energy and charging behaviour should be interpreted with caution.
In practice, not all loaders necessarily start the morning 100% SOC. In addition, loader SOC can
sometimes decrease further during the day when vehicles are not charged immediately or when
charging opportunities are missed. Charger use is also more spread across the operational day in
practice, whereas the simulation produces a more concentrated charging pattern after the main
service period.

Overall interpretation

Across the three vehicle groups, Validation Case C supports the plausibility of the model’s energy
and charging representation, but the strength and interpretation of the validation evidence differ
by vehicle group. For water vehicles, the empirical basis is strongest because measured energy-
consumption input values, SOC behaviour, charger-use patterns, charging-session durations, and
cumulative charged energy can be compared with available operational reference data. For toi-
let vehicles, the simulated SOC behaviour follows the same high-SOC, repeated top-up pattern as
observed in the available water/toilet reference data. However, the validation is more limited and
relies mainly on proxy input data, comparison with water vehicles, internal consistency, and expert
judgement.

For loaders, the baseline operation and operational task demand were confirmed by expert judge-
ment as representative. However, the energy and charging behaviour is only partially validated. In
practice, loaders do not necessarily start the day fully charged, SOC may decrease further when
vehicles are not charged during the day, and charger use is normally more distributed across the
operational day.



5.6. Validation 96

Overall, the validation supports the use of the energy and charging model for scenario analysis,
charger-utilisation assessment, and fleet-sizing experiments. It does not prove that the model ex-
actly reproduces observed charging energy for each vehicle group.

5.6.4. Validation Case D – Water Demand and Filling and Dumping Behaviour
Validation Case D evaluates whether the model produces plausible water-service demand, toilet-
service demand, filling behaviour, and dumping behaviour in the deterministic baseline case. The
purpose of this validation case is not to calibrate exact water or waste volumes, but to assess whether
the generated task demand, assigned quantities, and intermediate resource activities follow opera-
tionally explainable patterns.

The filling and dumping tables distinguish between threshold-based and end-of-day activities.
Threshold-based filling or dumping occurs during the operational day when the onboard level of
a vehicle reaches the predefined operational threshold. End-of-day filling or dumping occurs after
the main service demand has decreased and is used to return vehicles to an operationally ready
state.

Water Vehicles

The water-service process is parameterised using operational rules for service frequency, onboard
water capacity, and filling behaviour. Each water truck has a tank capacity of 4000 L and is sent to
the fill point when the remaining onboard water level falls below 1000 L. Filling takes place at stand
F04, where two fill-point resources are available in the model. Each filling task has a fixed duration
of 14 minutes, which is close to the observed average filling duration of 13.6 minutes in the reference
dataset. These settings determine when a vehicle temporarily becomes unavailable for service due
to refilling.

The model also applies deterministic service rules to avoid overestimating water demand. For se-
lected aircraft subtypes, water service is not required after every movement; instead, every second
potential service opportunity is removed from the active task set. This multi-stretch rule is applied
to the following subtypes: E70, E7W, E75, E90, 295, 735, 73H, 73J, and 73W. In addition, some candi-
date tasks are removed because water service is not required according to the service schedule, for
example for latest-arrival movements that do not need to be prepared for a subsequent departure.

Table 5.10: Validation Case D: water-service demand by aircraft class

Aircraft class Potential Active Active share Avg. water/task [L] Total water [L]

Commuter 186 94 50.5% 44.1 4,145.4
Narrow-body 170 120 70.6% 75.8 9,096.0
Wide-body 91 90 98.9% 485.8 43,723.3

Total 447 304 68.0% 187.4 56,964.7

Table 5.10 shows that the model generates water-service tasks selectively rather than for every po-
tential opportunity. This is important because aircraft do not always require replenishment after
each movement. The active share increases from commuter to narrow-body and wide-body air-
craft, which is consistent with the larger operational role and higher replenishment likelihood of
larger aircraft.

The assigned water volumes also scale logically with aircraft class. Wide-body aircraft account for
fewer than one-third of the active water-service tasks, but they dominate the total simulated water
demand because their average water quantity per task is much higher. This is operationally plausi-
ble, since larger aircraft carry more passengers and require larger onboard water volumes. The total
simulated daily water demand is 56,964.7 L, and the total filled volume at a filling point is 56,967.5
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L. The small difference is caused by rounding in the logged quantities and indicates that the model
produces a consistent daily water balance.

Filling behaviour is governed by the onboard water level of each vehicle. A water truck is sent to
the fill point when its remaining water level falls below the refill threshold of 1000 L. Filling takes 14
minutes per vehicle, and two vehicles can be filled simultaneously at F04. This allows the model to
capture both refill movements and potential waiting effects when multiple vehicles require filling at
similar times.

Table 5.11: Validation Case D: filling behaviour of water-service vehicles

Metric Threshold filling End-of-day filling Total

Number of filling sessions 12 11 23
Total filled volume [L] 37,986.0 18,981.5 56,967.5
Average filled volume [L] 3,165.5 1,725.6 2,476.8
Average water before filling [L] 834.5 2,274.4 1,523.2
Minimum water before filling [L] 521.9 1,169.9 –
Average filling wait [min] 0.7 0.0 0.3
Maximum filling wait [min] 8.0 0.0 8.0
Maximum fill queue length 1 0 1

Table 5.11 shows a clear distinction between operational filling during the day and procedural fill-
ing at the end of operations. Threshold-based filling occurs when onboard water levels have fallen
below the operational threshold, while end-of-day filling occurs at substantially higher remaining
water levels. This confirms that the model does not treat all filling events as identical, but distin-
guishes between demand-driven refilling and preparation for the next operating period.

The filling process does not create a significant bottleneck in the deterministic baseline. Only lim-
ited waiting occurs, with a maximum fill queue length of one vehicle and a maximum waiting time
of 8.0 minutes. Therefore, the late water-service task completions observed in Validation Case A
should mainly be interpreted as a service scheduling and fleet-availability effect during concen-
trated demand periods, rather than as a filling-capacity problem.

Toilet Vehicles

The toilet-service process is parameterised using operational rules for service frequency, onboard
waste capacity, and dumping behaviour. Each toilet truck collects wastewater during service tasks
and is sent to the dump point when the onboard waste level reaches the dumping threshold. In the
baseline run, threshold-based dumping occurs when vehicles carry approximately 2,600–3,000 L of
waste. Dumping takes place at the dump point, where one dump-point resource is available in the
model. Each dumping operation has a fixed duration of 15 minutes. These settings determine when
a vehicle temporarily becomes unavailable for service due to dumping.

The same deterministic multi-stretch logic is applied to toilet service as to water service. For se-
lected aircraft subtypes, toilet service is not required after every movement; instead, every second
potential service opportunity is removed from the active task set. This rule is applied to the fol-
lowing subtypes: E70, E7W, E75, E90, 295, 735, 73H, 73J, and 73W. In addition, not every candidate
task requires toilet service according to the service schedule. These rules prevent the model from
overestimating toilet-service demand for aircraft that are not serviced after every turnaround or for
movements where toilet service is not operationally required.

Table 5.12 shows a similar demand-filtering pattern to the water-service case. Not every potential
service opportunity becomes an active task, and the active share increases for larger aircraft classes.
This is operationally explainable because wide-body aircraft are more likely to require toilet servic-
ing than commuter or narrow-body aircraft.
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Table 5.12: Validation Case D: toilet-service demand by aircraft class

Aircraft class Potential Active Active share Avg. waste/task [L] Total waste [L]

Commuter 356 211 59.3% 70.0 14,770.0
Narrow-body 91 36 39.6% 250.0 9,000.0
Wide-body 55 54 98.2% 400.0 21,600.0

Total 502 301 60.0% 150.7 45,370.0

The assigned waste volumes scale with aircraft class. Commuter aircraft generate an average of
70.0 L per task, compared with 250.0 L for narrow-body aircraft and 400.0 L for wide-body aircraft.
Although wide-body aircraft account for only 54 of the 301 active toilet-service tasks, they generate
21,600.0 L, corresponding to approximately 47.6% of the total simulated waste volume. Commuter
aircraft account for the largest number of active tasks, with 211 services, but contribute 14,770.0
L, or approximately 32.6% of the total volume. The total simulated daily toilet-service volume is
45,370.0 L, and the total dumped volume is also 45,370.0 L. This confirms that the model maintains
a consistent daily waste balance.

Dumping behaviour is governed by the onboard waste level of each vehicle. Threshold-based
dumping occurs during the operational day when accumulated service demand brings the onboard
waste level close to the dumping threshold. End-of-day dumping is used to return vehicles to an
empty or operationally ready state. Since only one dump-point resource is available, the model can
also represent limited waiting when multiple vehicles require dumping close together.

Table 5.13: Validation Case D: dumping behaviour of toilet-service vehicles

Metric Threshold dumping End-of-day dumping Total

Number of dumping sessions 12 10 22
Total dumped volume [L] 33,000.0 12,370.0 45,370.0
Average dumped volume [L] 2,750.0 1,237.0 2,062.3
Average waste before dumping [L] 2,750.0 1,237.0 2,062.3
Minimum waste before dumping [L] 2,640.0 350.0 –
Average dumping wait [min] 2.9 4.6 3.7
Maximum dumping wait [min] 16.0 15.0 16.0
Maximum dump queue length 2 1 2

Table 5.13 shows that threshold-based dumping occurs at high onboard waste volumes, while end-
of-day dumping occurs at lower average volumes. This distinction is operationally plausible: during
the day, dumping is triggered by accumulated waste demand, whereas end-of-day dumping is a
procedural reset to prepare vehicles for subsequent operations.

Dumping introduces more waiting than water filling, which is expected because only one dump-
point resource is available. However, the waiting remains limited in relation to the full operating day.
The maximum dump queue length is two vehicles and the maximum waiting time is 16.0 minutes.
Since the deterministic baseline still completes all toilet-service tasks on time, dumping does not
act as a major service-performance bottleneck in this case.

Overall interpretation

Across both water and toilet service, Validation Case D shows that the model represents interme-
diate resource processes in an operationally plausible way. Service tasks are generated selectively
rather than for every potential flight movement, and the active task shares differ logically between
aircraft classes. The assigned water and waste volumes scale with aircraft class, with wide-body
aircraft accounting for a large share of total daily volume. The model also produces internally con-
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sistent daily balances: water delivered during service is replenished through filling, and waste col-
lected during service is discharged through dumping.

The filling and dumping results show that intermediate resource use follows accumulated opera-
tional demand rather than random activity patterns. Water filling does not create a significant bot-
tleneck, while toilet dumping introduces limited waiting because only one dump-point resource
is available. However, this waiting does not constrain deterministic baseline service performance
significantly.

Direct measured water-meter and waste-volume data were not available for one-to-one compar-
ison. The validation therefore supports the use of the water-filling and toilet-dumping logic for
scenario analysis, while recognising that exact volume calibration would require more detailed op-
erational measurement data.

5.6.5. Validation Case E – Uncertainty Representation
Validation Case E assesses whether the uncertainty representation used in the case-study model is
plausible for the Schiphol–KLM operational context. This validation case applies to all three vehicle
groups: water vehicles, toilet vehicles, and loaders. The technical implementation of the stochastic
mechanisms was verified in Chapter 4. Therefore, this validation case does not examine seed repro-
ducibility or whether the stochastic code functions as intended. Instead, it evaluates whether the
uncertainty inputs are sufficiently grounded in empirical data and whether the resulting stochastic
behaviour represents plausible operational variability.

The uncertainty representation consists of two components. The first component is arrival-time
uncertainty, which shifts the timing of aircraft-dependent service tasks. For each flight, the model
samples whether the aircraft arrives late, early, or on time. When a late or early arrival is sampled,
the corresponding delay magnitude is drawn from an empirical distribution and applied as a signed
shift to the planned task time. The second component is travel-time uncertainty, which increases
the duration of selected vehicle movements. This component represents small airside disturbances,
such as apron congestion, interactions with other traffic, short waiting periods, or inefficient routing
behaviour that is not explicitly captured by the aggregated distance matrix.

The arrival-time uncertainty profiles are derived from historical operational flight data and seg-
mented by time of day. Separate empirical uncertainty profiles are therefore used for the morning,
afternoon, and evening periods instead of applying one generic delay distribution to the full day.
Both late and early arrivals are included because deviations in either direction can shift the timing of
ground-service tasks. The empirical data show that late-arrival probabilities differ between the time
buckets and range from approximately 35.0% to 60.7%. This daypart-specific structure is relevant
because operational variability at Schiphol is influenced by the hub-wave structure, accumulated
upstream delays, and changes in traffic intensity throughout the operating day. The realised late-
and early-arrival uncertainty probabilities over the 30 replications are presented in Figure 5.22.
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Figure 5.22: Probability of late- and early-arrival uncertainty over 30 simulation runs

Arrival-delay magnitudes are sampled through empirical resampling rather than by fitting a para-
metric distribution. The simulation therefore does not assume that arrival delays follow a prede-
fined theoretical distribution, such as a normal or lognormal distribution. Instead, delay magni-
tudes are sampled directly from the historical values in the dataset. This approach preserves the
observed shape, spread, and irregularity of the delay data. Separate empirical magnitude arrays are
constructed for late and early arrivals within each daypart. Before being exported to the simula-
tion model, the values in these arrays are capped at the 99th percentile. This approach retains the
right-skewed structure of the historical delay data while limiting the influence of extreme observa-
tions and potential timestamp artefacts. The resulting uncertainty mechanism therefore combines
empirical grounding with a bounded representation of operational variability.

The sampled delay behaviour was compared with the empirical profiles used to parameterise the
model. Figure 5.23 and Figure 5.24 show the applied late- and early-arrival uncertainty for one
simulation run. A single run is not expected to reproduce the empirical profiles exactly because
it represents only one stochastic realisation. Individual runs may therefore contain different de-
lay frequencies and magnitudes, provided that the sampled outcomes remain consistent with the
empirical probabilities and capped magnitude arrays.

Figure 5.23: Application of late-arrival uncertainty in one simulation run
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Figure 5.24: Application of early-arrival uncertainty in one simulation run

The aggregated results over 30 simulation runs provide a stronger plausibility check. Figure 5.25
and Figure 5.26 show that repeated sampling produces more stable late- and early-arrival patterns
than a single stochastic run. The realised probabilities were compared with the empirical input
probabilities for each time bucket. The results show that the simulated shares of late and early
arrivals are consistent with the corresponding input probabilities for the morning, afternoon, and
evening periods, as presented in Figure 4.7. Small deviations are expected because the uncertainty is
sampled stochastically. However, across multiple runs, the realised probabilities converge towards
the empirical input probabilities.

Figure 5.25: Application of late-arrival uncertainty over 30 simulation runs

Figure 5.26: Application of early-arrival uncertainty over 30 simulation runs

A comparison with the empirical input profiles further shows that the stochastic sampling produces
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late- and early-arrival patterns with a similar structure and order of magnitude to the historical
data from which the uncertainty profiles were derived. The empirical input profiles are shown in
Figure 4.9 and Figure 4.11. The uncertainty representation therefore captures both the direction
and the approximate scale of the observed arrival-time variability.

These results indicate that the 30 replications provide a sufficiently representative sample of the
implemented task-timing uncertainty for the purpose of the simulation experiments. However, this
representativeness applies only to the uncertainty mechanisms included in this study. The repli-
cations represent repeated samples from the empirical arrival-time profiles and the implemented
travel-time disturbances. They do not cover all possible operational disruptions, such as weather
conditions, vehicle breakdowns, variation in service durations, or alternative demand days. The re-
sults therefore support the validity of the implemented stochastic sampling but do not demonstrate
robustness against all real-world sources of uncertainty.

Travel-time uncertainty is included as a secondary source of uncertainty. Unlike arrival-time un-
certainty, this component is not calibrated using detailed vehicle-level travel-time observations. It
should therefore be interpreted as an operational modelling assumption rather than as an empiri-
cally calibrated distribution. In the current configuration, each travel leg has a 30% probability of
receiving a 15% increase in travel time. Because the deterministic travel times between most ag-
gregated airport locations are relatively short, this increase often corresponds to approximately one
additional minute.

Figure 5.27: Application of travel-time uncertainty in one simulation run

Figure 5.28: Application of travel-time uncertainty over 30 simulation runs

The results in Figure 5.27 and Figure 5.28 show that the mechanism introduces bounded variation in
vehicle travel times without generating extreme delays. This is appropriate for the case-study model
because the aggregated distance matrix does not explicitly represent local airside disturbances. The
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travel-time uncertainty settings were also reviewed with a Manager GSE, who considered the simu-
lated variation in travel durations plausible for airside ground-handling operations.

Overall, Validation Case E supports the use of the uncertainty representation across the three vehi-
cle groups. Arrival-time uncertainty is grounded in historical flight data, segmented by time of day,
and implemented through capped empirical resampling. Travel-time uncertainty has a weaker em-
pirical basis but provides a transparent and bounded representation of small disturbances in apron
movements. The uncertainty model should therefore be interpreted as an empirically informed
experimental mechanism rather than as an exact prediction of daily disruptions. It is suitable for
assessing the sensitivity of fleet-size and charging conclusions to plausible operational variability.
The main validation checks for each vehicle group are summarised in Table 5.14.

Table 5.14: Summary of validation checks by vehicle type

Validation check Observed evidence Water Toilet Loaders

Baseline service
performance

All vehicle groups were evaluated on completed tasks, on-
time task completion, and unserved tasks under determin-
istic baseline conditions.

✓ ✓ ✓

Operational task
demand

Generated task volumes and daily demand patterns were
checked against the expected hub-based structure, includ-
ing morning, afternoon, and evening demand peaks.

✓ ✓ ✓

Energy and charging
behaviour

Energy use, charging sessions, charger occupancy, and
charging timing were checked for plausibility and order-of-
magnitude consistency.

✓ ✓ ✓

Service-specific
resource logic

Onboard resource constraints and intermediate service-
point behaviour were checked where relevant, including fill-
ing for water vehicles and dumping for toilet vehicles.

✓ ✓ –

Uncertainty
representation

Arrival-delay profiles were derived from empirical flight
data, while travel-time uncertainty was implemented as a
stochastic disturbance based on expert judgement.

✓ ✓ ✓

Expert validation Operational assumptions, service performance, vehicle use,
travel uncertainty, and model behaviour were reviewed with
KLM expert input.

✓ ✓ ✓

5.6.6. Scope and Limitations of Validation
The validation in this section assesses whether the model is sufficiently realistic for its intended pur-
pose: comparing fleet-size, charging, service-resource, and uncertainty settings for water vehicles,
toilet vehicles, and loaders in the KLM Schiphol case. The aim is not to reproduce every individ-
ual vehicle movement, charging decision, or operational intervention exactly. Instead, the valida-
tion examines whether the model produces plausible system-level behaviour for scenario analysis
and fleet-capacity assessment. No validation claim is made for the other GSE types included in the
broader potential scope of the model.

The validation combines three approaches. First, deterministic baseline performance is compared
with the current operational reference configuration. Second, selected model outputs are com-
pared with available operational data. These outputs include service performance, task-demand
structure, energy use, charging behaviour, SOC development, and, where applicable, filling and
dumping behaviour. Third, model assumptions and outputs that could not be fully validated using
data were reviewed with KLM operational experts. These expert reviews covered baseline fleet use,
task-demand structure, service logic, charging behaviour, water and waste-resource assumptions,
travel-time uncertainty, and the plausibility of vehicle utilisation.

Several limitations remain. The available operational data do not provide a complete one-to-one
reference for the simulated system. Some datasets include multiple vehicle types or charger users,
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whereas the simulation evaluates water vehicles, toilet vehicles, and loaders separately. In addition,
some reference data were collected during a different period from the simulated case-study day.
The validation should therefore be interpreted mainly as an order-of-magnitude and plausibility
assessment rather than as an exact calibration of all model parameters.

The strength of the validation differs across vehicle groups and processes. Baseline service perfor-
mance and task-demand patterns are assessed for all three vehicle groups. Energy use and charging
behaviour are also evaluated for all three groups, although the available SOC and charger-use data
do not always provide a vehicle-specific empirical reference. The empirical basis is strongest for
water vehicles, more limited for toilet vehicles, and partly qualitative for loaders. Expert feedback
indicated that the simulated loader baseline and task demand are representative, but that the sim-
ulated charging pattern does not fully reflect current operational practice.

Service-resource validation applies only to water and toilet vehicles because these vehicles have on-
board resource constraints and require intermediate visits to service points. For water vehicles, the
validation concerns water demand and filling behaviour. For toilet vehicles, it concerns waste accu-
mulation and dumping behaviour. In both cases, direct measurements of service volumes per task
were unavailable. The validation therefore remains an operational plausibility assessment rather
than an exact calibration. This type of validation is not applicable to loaders because they do not
have onboard water or waste-capacity constraints.

The strength of the uncertainty validation also differs by uncertainty source. Arrival-time uncer-
tainty has the strongest empirical basis because the delay profiles are derived from historical flight
data and differentiated by time of day. Travel-time uncertainty is less strongly validated because de-
tailed vehicle-level travel-time observations were unavailable. It is therefore included as a bounded
modelling assumption that represents small movement disturbances, such as local apron conges-
tion, routing inefficiencies, and short waiting interactions. The uncertainty model should conse-
quently be interpreted as an empirically informed experimental mechanism rather than as an exact
prediction of daily disruptions.

The model scope further limits the interpretation of the validation results. The simulation repre-
sents selected GSE operations and their interaction with vehicle availability, charging, and service-
specific resource constraints. It does not represent the complete aircraft turnaround process, de-
tailed airside traffic interactions, operator behaviour, or real-time human decision-making. These
simplifications are considered acceptable for the intended use of the model in fleet-sizing and sce-
nario analysis.

Overall, the validation supports the model’s fitness for purpose as a decision-support tool for eGSE
fleet-sizing analysis in the KLM Schiphol case. The model produces plausible results for base-
line service performance, task-demand structure, charging behaviour, service-resource behaviour
where applicable, and the effects of the implemented uncertainty mechanisms. The results should
therefore be interpreted at the system level and within the defined case-study scope. Within these
boundaries, the validation supports the use of the model for experiment comparison and fleet-
capacity assessment.
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Simulation Experiments and Results

This chapter uses the validated KLM Schiphol case-study model to evaluate the effects of fleet size,
operational uncertainty, demand conditions, operational-control rules, and parameter assump-
tions on eGSE service performance. The objective is to translate the simulation framework from
Chapter 4 and the case-study validation from Chapter 5 into fleet-sizing outcomes and operational
insights.

The experiments are organised as a connected sequence. First, the baseline case is evaluated to
establish the reference performance of the current model configuration. Second, deterministic
fleet-sizing experiments identify the minimum fleet size required under fixed operating conditions.
Third, task-timing uncertainty, travel-time uncertainty, and combined uncertainty are introduced
to assess how stochastic operating conditions affect service reliability. Fourth, a demand-case ro-
bustness check, an idle forward-staging policy, and a feasibility-aware task-selection variant are
tested to examine how demand conditions and operational-control assumptions influence the re-
sults. Finally, sensitivity analyses evaluate how selected operational and energy-related parameters
affect punctuality, vehicle use, charging behaviour, and infrastructure utilisation.

In this chapter, an uncertainty setting refers to the stochastic operating condition applied to the
simulation. A demand case refers to a complete operational input day. An operational-control vari-
ant modifies vehicle positioning or dispatching behaviour, while a task-selection variant modifies
the ordering of waiting tasks. A sensitivity case changes a single parameter while keeping the base-
line model structure unchanged. These distinctions separate external operational variability from
internal operational-control choices.

6.1. Experiment Design
The experiment design supports robust fleet-sizing decisions. The main reference case is based on
a peak-demand day because fleet capacity for operationally critical eGSE should remain sufficient
under demanding workload conditions and operational uncertainty. This provides a conservative
basis for estimating the fleet size required to maintain the selected service level. To assess whether
this peak-day basis is overly conservative, an additional average-day experiment is performed for
water vehicles.

Each experiment group corresponds to a specific part of the research logic. The deterministic base-
line experiments establish nominal operational performance under fixed input conditions. The
fleet-size experiments examine how service performance changes when vehicle capacity is var-
ied. The uncertainty experiments assess whether deterministic fleet-size conclusions remain valid
under stochastic task timing and travel-time variation. The operational-control variants examine
whether part of the fleet-capacity requirement is caused by controllable positioning or dispatching
rules. The sensitivity experiments evaluate whether the conclusions depend mainly on operational
assumptions or on energy- and charging-related parameters. Together, these experiments provide
the empirical basis for answering the central RQ in Section 8.2.

The deterministic baseline cases serve as the reference for the analysis. A selected day from the
summer peak period is used as the baseline day. This day represents a stress-test case based on
operational demand pressure, baseline service performance, and the maximum number of con-
current tasks among days with an equal on-time completion rate. Separate deterministic baseline
cases are defined for the three vehicle categories considered in the case study: water vehicles, toilet
vehicles, and loaders. The corresponding reference fleet configurations are 11 water vehicles, 11
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toilet vehicles, and 25 loaders. Task-timing and travel-time uncertainty are disabled in these cases.
This isolates the core operational behaviour of the model and shows whether the assigned fleets can
complete the scheduled tasks within their service windows under fixed input conditions.

Fleet-size experiments investigate the relationship between vehicle capacity and operational per-
formance. For each vehicle category, the number of vehicles is varied systematically while all other
model settings remain constant. The main performance criterion is the on-time task completion
rate because it directly measures whether tasks are completed before the end of their required ser-
vice windows. Additional indicators include the number of late and unserved tasks, vehicle utilisa-
tion, driven distance, and charging behaviour. Together, these indicators show how performance
develops across fleet sizes and reveal the marginal benefit of adding an extra vehicle.

The uncertainty experiments assess how operational variability affects system performance. De-
terministic runs are compared with stochastic runs in which task-timing uncertainty, travel-time
uncertainty, or both uncertainty sources are activated. For each stochastic setting, 30 simulation
replications are performed using different random seeds. This reduces dependence on a single
stochastic realisation and allows both average performance and variability across runs to be eval-
uated. The uncertainty experiments show whether fleet-size conclusions from the deterministic
analysis remain valid under more realistic operating conditions.

The sensitivity analyses examine how strongly the model outcomes depend on selected operational
and energy-related assumptions. Unlike the fleet-size experiments, fleet size is not re-optimised.
Instead, the sensitivity analysis is performed around fixed reference configurations of 11 water ve-
hicles, 11 toilet vehicles, and 25 loaders. This isolates the effect of individual parameter changes
on task punctuality, operational time allocation, charging demand, and charger utilisation. The
sensitivity analysis therefore provides a local robustness assessment around the selected reference
configurations rather than a separate fleet-sizing method.

Finally, two exploratory operational variants are included. These variants are not part of the fi-
nal fleet-sizing procedure but indicate possible directions for improving daily execution. The first
variant is idle forward staging, in which idle vehicles remain at their current VOP when their bat-
tery state is sufficient and further demand is expected. This examines whether unnecessary depot-
centred deadheading can be reduced. The second variant is feasibility-aware triage dispatching,
in which waiting tasks that can still meet their service-window deadline are prioritised over tasks
that are already infeasible. This evaluates whether scarce vehicle capacity can be allocated more
effectively under below-threshold fleet conditions.

Together, the experiment groups provide a structured basis for evaluating fleet requirements and
operational robustness. The deterministic and fleet-size experiments show how fleet capacity af-
fects performance under fixed conditions. The uncertainty settings test whether these conclusions
remain valid when operational variability is introduced. The sensitivity analyses identify which as-
sumptions have the strongest influence on the model outcomes and whether performance is mainly
constrained by operational factors or by energy- and charging-related factors. The exploratory oper-
ational variants assess whether changes in staging and dispatching logic can improve performance
while remaining separate from the final fleet-size recommendations.

6.2. Parameter Variations
The experiment groups described above are implemented through explicit parameter variations.
Unless stated otherwise, all parameters that are not part of a specific experiment remain identical
to the deterministic baseline configuration. This ensures that differences between experiments can
be attributed to the parameter or rule being tested.

For the fleet-size experiments, the number of vehicles is varied separately for each vehicle category.
The tested ranges include both undercapacity and overcapacity conditions. Fleet sizes are evalu-
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ated up to the point at which the on-time task completion rate reaches 100.00%, with additional
fleet sizes included where needed to assess the marginal value of extra vehicles. A step size of one
vehicle is used so that the effect of adding or removing a single vehicle can be observed. The final in-
terpretation combines deterministic performance, stochastic performance, marginal improvement,
unserved tasks, and charging behaviour.

For the uncertainty settings, two sources of operational uncertainty are considered: task-timing
uncertainty and travel-time uncertainty. The analysis includes a deterministic case in which both
sources are disabled. It also includes cases with only task-timing uncertainty, only travel-time un-
certainty, and both uncertainty sources combined. For each stochastic setting, 30 simulation repli-
cations are performed using different random seeds. This provides insight into both average system
performance and the variability between stochastic runs.

For the exploratory operational variants, only one operational rule is changed at a time. In the idle
forward-staging variant, the idle-positioning rule is modified while demand, task definitions, ser-
vice windows, service durations, fleet size, dispatching logic, charging assumptions, and refill or
dump rules remain unchanged. In the feasibility-aware triage variant, only the ordering of wait-
ing tasks is modified. Fleet size, demand, service windows, service durations, uncertainty settings,
charging assumptions, refill and dump rules, and vehicle execution remain unchanged. These vari-
ants are therefore interpreted as limited operational comparisons rather than as additional fleet-
sizing experiments.

For the sensitivity analyses, the parameter variations are divided into operational and energy-
related sensitivities. All sensitivity cases use the fixed reference fleet configurations of 11 water ve-
hicles, 11 toilet vehicles, and 25 loaders. The evaluated outputs include task punctuality, charging
sessions, charger occupancy, peak charger use, and charging queues. The sensitivity results support
the interpretation of the fleet-size and uncertainty experiments but do not directly determine the
final recommended fleet size.

The operational sensitivities include travel speed and service time. Travel speed is varied by (-20%),
(-10%), (0%), (+10%), and (+20%) relative to the baseline value. This examines how assumptions
about vehicle movement across the airport affect response times, vehicle availability, and task punc-
tuality. Service time is varied using the same five levels to evaluate the effect of shorter or longer
handling durations.

The service-time sensitivity requires careful interpretation. The baseline service times are fixed op-
erational input values provided by KLM and are expected to fit within the corresponding service
windows. Increasing service time is therefore not treated as a realistic change in the standard han-
dling process. If the service duration exceeds the available time within the service window, the task
cannot be completed on time by definition, regardless of vehicle availability or dispatching perfor-
mance. The service-time sensitivity should therefore be interpreted as a stress test of the available
planning slack and of the vulnerability of the schedule to longer-than-expected handling durations.

The energy-related sensitivities include charger power, energy consumption, and a combined bat-
tery bundle. Charger power is varied by comparing the baseline level with increases of (+100%),
(+200%), (+300%), and (+400%). This tests whether faster charging improves operational perfor-
mance or whether charging is not a binding constraint in the reference configuration. Energy con-
sumption is tested by comparing the baseline value with a (+100%) case. This represents a stress
test of the charging system under substantially higher energy demand.

The combined battery bundle varies several energy-related assumptions simultaneously. In the
negative bundle cases, usable battery capacity and charger power are reduced while energy con-
sumption is increased. In the positive bundle cases, usable battery capacity and charger power are
increased while energy consumption is reduced. Five bundle levels are considered: (-20%), (-10%),
(0%), (+10%), and (+20%). Within each bundle level, all included parameters are adjusted by the
same percentage. For example, the (-20%) case combines a 20% reduction in usable battery ca-
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pacity and charger power with a 20% increase in energy consumption. This test represents a more
adverse or more favourable battery and charging configuration.

Table 6.1 summarises the fleet-size ranges and uncertainty settings used across the experiment
groups. For the deterministic fleet-sizing experiments, the tested ranges start at low fleet sizes and
extend to 13 vehicles for water and toilet vehicles and 25 vehicles for loaders. The upper bounds
are based on the baseline configurations and are extended where necessary to capture the transi-
tion from infeasible operation to 100% on-time task completion under fixed conditions. For the
stochastic fleet-sizing experiments, the ranges extend to 16 water vehicles, 15 toilet vehicles, and 28
loaders. These wider ranges allow the full performance transition to be observed under combined
task-timing and travel-time uncertainty.

The average-day check focuses on the fleet-size range around the transition to 100% on-time per-
formance because its objective is to assess whether the main fleet-sizing conclusions remain con-
sistent under a lower-demand day. The idle forward-staging variant is tested around the higher and
most relevant fleet-size ranges, where changes in vehicle positioning can influence the transition to-
wards full feasibility. The feasibility-aware triage variant is mainly tested at lower fleet sizes because
this dispatching logic is not expected to reduce the first fleet size at which 100% on-time completion
is reached. Its value is instead assessed below the strict feasibility threshold, where prioritisation de-
cisions have the greatest effect on lateness and the allocation of scarce vehicle capacity.

Table 6.1: Overview of experiment settings

Experiment
Vehicle type Uncertainty

Remarks

Water Toilet Loader Task Travel

Baseline 11 11 25 Reference fleet configuration.

Deterministic fleet
sizing

1–13 1–13 1–25 Full fleet-size curves; detailed tables report selected near-
threshold values.

Uncertainty impact 11 11 25 ✓ ✓ Tested at the baseline fleet configuration.

Stochastic fleet sizing 1–16 1–15 1–28 ✓ ✓ Fleet sizing under combined task-timing and travel-time
uncertainty.

Average-day check D: 6–11

S: 10–13

✓ ✓ Water-only robustness check on an average-demand day.

Idle forward-staging D: 10–12

S: 10–14

D: 9–11

S: 7–10

D: 22–23

S: 22–25

✓ ✓ Operational positioning variant; deterministic and com-
bined stochastic settings tested.

Feasibility-aware
triage

4–11 3–10 15–22 Deterministic task-selection variant.

Sensitivity 11 11 25 Travel speed: −20%,−10%,0%,+10%,+20%

Service time: −20%,−10%,0%,+10%,+20%

Charger power: 0%,+100%,+200%,+300%,+400%

Energy consumption: 0%,+100%

Battery bundle: −20%,−10%,0%,+10%,+20%

Note. D = deterministic and S = stochastic. Task refers to task-timing uncertainty and travel refers to travel-time uncertainty. Determin-
istic settings are simulated once per configuration, while stochastic settings are simulated with 30 replications per configuration.

6.3. Results
This section presents the simulation results for the experiment groups defined in Section 6.1. The
results are reported for the three case-study vehicle groups: water vehicles, toilet vehicles, and load-
ers. The analysis examines how fleet size, operational uncertainty, charging behaviour, and service-
specific resource constraints affect system performance in the KLM Schiphol case.

The results are organised into nine parts. First, the fleet-size performance criteria are defined to
explain how the required fleet size is determined. Second, the deterministic baseline case is anal-
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ysed to establish the reference performance of the current fleet configurations. Third, deterministic
fleet-sizing experiments identify the minimum fleet size required under fixed operating conditions.
Fourth, the effects of task-timing uncertainty, travel-time uncertainty, and combined uncertainty
are evaluated. Fifth, fleet sizing is repeated under combined uncertainty to assess the additional
capacity required for robust performance.

The sixth and seventh parts evaluate two exploratory operational variants. These variants exam-
ine whether idle vehicle positioning and task-ordering logic can improve operational performance
without changing demand, service windows, service durations, fleet size, charging assumptions,
or service-resource rules. They are not used to determine the final recommended fleet sizes but
illustrate possible directions for operational improvement. Eighth, sensitivity analyses assess how
selected operational and charging parameters influence service reliability, vehicle use, and charging
demand. Finally, the result synthesis combines the main findings and explains how the fleet-sizing
outcomes should be interpreted.

The results are evaluated using the performance indicators introduced in Section 5.5. Particular
attention is given to the on-time task completion rate, unserved tasks, lateness severity, vehicle util-
isation, travel distance, charging sessions, charger occupancy, peak charger use, and the minimum
required fleet size. For water and toilet vehicles, service-specific resource behaviour, including fill-
ing and dumping, is also considered where relevant.

6.3.1. Fleet Size Performance Criteria
The fleet-sizing results are evaluated primarily using the on-time task completion rate. This metric
represents the percentage of tasks completed before the end of their required service window. It is
used as the main performance criterion because it indicates whether the available fleet can sup-
port the operational schedule without causing service-window violations. A fleet configuration that
completes every task but completes some tasks after their deadlines does not fully satisfy the strict
operational requirement.

A distinction must be made between internal service-window performance and aircraft departure
punctuality. The service windows used in this study represent operational task windows within the
turnaround process. A task completed shortly after the end of its internal service window does not
necessarily delay the aircraft if sufficient turnaround slack remains. The on-time task completion
rate should therefore be interpreted as a system-level reliability indicator for GSE operations rather
than as a direct prediction of D0 performance. Consequently, a strict requirement of 100% on-time
task completion is conservative.

In principle, the required operational fleet size is defined as the smallest fleet that achieves 100%
on-time task completion. However, the final fleet-size decision should not be based on this metric
alone. The marginal benefit of adding one vehicle should also be considered. When a smaller fleet
already achieves an on-time completion rate close to 100%, an additional vehicle may only remove
a small number of short service-window violations. In such cases, the number of late tasks, their
average lateness, and the operational criticality of the vehicle group should also be considered.

This is particularly relevant because the case study is based on the highest-demand week of the
year and the busiest day within that week. The selected day can therefore be interpreted as a stress-
test day rather than as an average operating day. Sizing the fleet only for this single day may not
be efficient when an additional vehicle provides only a small improvement in performance. A lim-
ited number of short internal service-window violations may therefore be operationally acceptable,
provided that they are rare and do not affect turnaround completion.

The acceptable performance level may also differ between vehicle groups because not all GSE tasks
have the same operational criticality. Water and toilet tasks are generally required until approxi-
mately 10 minutes before departure and therefore usually retain more turnaround buffer. Small
internal service-window violations may be acceptable when they are infrequent, short, and do not
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delay the turnaround. Loader tasks, by contrast, may continue until approximately 2 minutes before
departure and are more directly linked to baggage and cargo handling. Loader delays are therefore
interpreted more strictly, and near-threshold loader fleet sizes should be evaluated more cautiously
than comparable water or toilet fleet sizes. For all vehicle groups, unserved tasks or repeated large
delays indicate insufficient operational capacity.

The fleet-size results are therefore interpreted from two perspectives. The strict fleet size is the
smallest fleet that achieves 100% on-time task completion. The pragmatic lower-bound fleet size
is a smaller fleet that achieves a very high service level but still results in a small number of short
internal service-window violations. These lower-bound fleets are not equivalent to the strict fleet
sizes, but they help evaluate the trade-off between operational reliability and fleet efficiency.

For stochastic experiments, replication-level on-time completion rates are used to calculate sample
means, standard deviations, and 95% confidence intervals. These confidence intervals indicate the
precision of the estimated mean on-time completion rate. Throughout this chapter, the terms ‘strict
robust threshold’ and ‘stochastic strict’ refer to the smallest tested fleet size that achieves 100% on-
time completion in all 30 sampled replications for the relevant uncertainty setting. This definition
does not imply a formal probabilistic guarantee across all possible operational realisations, unmod-
elled disruptions, or operating days outside the tested experiment set.

Supporting indicators are used to interpret the fleet-size outcomes. Late tasks are distinguished
from unserved tasks. Late tasks are completed after the end of their service window, whereas un-
served tasks are not completed within the applicable operational horizon. For water and toilet ve-
hicles, this horizon is limited by the stop-cutoff logic associated with operator service periods. For
loaders, the horizon is the 24-hour simulation period. Other indicators include the average late-
ness of late tasks, vehicle utilisation, charging queues, charger occupancy, and idle time. Together,
these indicators help determine whether performance losses are caused by a structural shortage of
vehicle capacity, local demand peaks, charging constraints, or incidental operating conditions.

After determining the operational fleet size, a technical reserve should be added separately. This
reserve accounts for planned and preventive maintenance, unexpected failures, battery degrada-
tion, charging problems, and other causes of temporary vehicle unavailability. A common rule of
thumb is to add a reserve of approximately 10% of the operational fleet, rounded upward. However,
this rule should not be applied mechanically. The required reserve depends on the criticality of the
operation, the size of the fleet, and the availability of backup vehicles. For small or operationally
critical fleets, at least one reserve vehicle should be included, while a second reserve vehicle may be
justified in some cases. Determining the technical reserve falls outside the active simulation scope
of this study and should be performed after the operational fleet requirement has been established.

6.3.2. Baseline Case
This section presents the results for the baseline case for the water, toilet, and loader operations.
The baseline case is selected as the most operationally constrained day in the dataset. First, the day
with the lowest number of tasks completed on time is identified. If multiple days have the same
number of tasks completed on time, the tie is resolved by selecting the day with the highest number
of concurrent tasks. This day is used as the baseline because it represents the strongest bottleneck
in the operation and therefore provides a suitable reference case for evaluating the performance of
the eGSE system. Figure 6.1 shows the total number of arrivals and departures on 14 June. This
provides an overview of all flights on the selected day. However, not every flight requires service
from each vehicle type. The required services differ for water vehicles, toilet vehicles, and loaders.
Therefore, the vehicle-specific sections only show the arrivals and departures that require service
from that specific vehicle type.
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Figure 6.1: Arrivals vs Departures on 14-06-2026 for KLM GS

Water Vehicles

For the water operation, day 14-06-2026 is selected as the baseline day. On this day, 97.7% of the
water tasks are completed on time. The baseline fleet consists of 11 water vehicles. Each vehicle has
a battery capacity of 70 kWh, a driving speed of 18 km/h, and can charge with a maximum charging
power of 22 kW. These settings are used to evaluate whether the electric water fleet can complete
the required operational demand under the most constraining observed conditions.

Figure 6.2 shows the operational structure of the selected baseline day, including the distribution of
arrival tasks, departure tasks, and turnaround tasks. This figure provides the operational context for
the water results by showing how the task demand is distributed over the day and when workload
peaks occur. The Table 5.4 shows the performance of this case. The baseline task-execution pattern
for water vehicles is illustrated in Figure 6.3.
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Figure 6.2: Arrivals vs Departures which need service from a water vehicle on 14-06-2026
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Figure 6.3: Gantt chart of the baseline of water vehicles

Toilet Vehicles

For the toilet operation, day 14-06-2026 is selected as the baseline day. On this day, 100% of the toi-
let tasks are completed on time. This day also contains the maximum number of concurrent toilet
tasks, with 11 tasks occurring at the same time. The baseline fleet consists of 11 toilet vehicles. Each
vehicle has a battery capacity of 70 kWh, a driving speed of 18 km/h, and can charge with a maxi-
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mum charging power of 22 kW. These settings are used to evaluate whether the electric toilet fleet
can complete the required operational demand under the most constraining observed conditions.

Figure 6.4 shows the operational structure of the selected baseline day, including the distribution of
arrival tasks, departure tasks, and turnaround tasks. This figure provides the operational context for
the toilet results by showing how the task demand is distributed over the day and when workload
peaks occur. Table 5.5 shows the performance of this case. The baseline task-execution pattern for
toilet vehicles is illustrated in Figure 6.5.
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Figure 6.4: Arrivals vs Departures which need service from a toilet vehicle on 14-06-2026
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Figure 6.5: Gantt chart of the baseline of toilet vehicles

Loaders

For the loader operation, day 14-06-2026 is selected as the baseline day. On this day, 100% of the
loader tasks are completed on time. This day also contains the maximum number of concurrent
loader tasks, with 21 tasks occurring at the same time. The baseline fleet consists of 25 loader ve-
hicles. Each vehicle has a battery capacity of 80 kWh, a driving speed of 11 km/h, and can charge
with a maximum charging power of 16 kW. These settings are used to evaluate whether the electric
loader fleet can complete the required operational demand under the most constraining observed
conditions.

Figure 6.6 shows the operational structure of the selected baseline day, including the distribution of
arrival tasks, departure tasks, and turnaround tasks. This figure provides the operational context for
the loader results by showing how the task demand is distributed over the day and when workload
peaks occur. Table 5.6 shows the performance of this case. The baseline task-execution pattern for
loaders is illustrated in Figure 6.7.
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Figure 6.6: Arrivals vs Departures which need service from a loader on 14-06-2026
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Figure 6.7: Gantt chart of the baseline of loader vehicles

6.3.3. Deterministic Fleet Sizing Results
The deterministic fleet-sizing experiments evaluate the minimum number of vehicles required un-
der nominal operating conditions. All stochastic uncertainty sources are disabled, meaning that
task-timing uncertainty and travel-time uncertainty are not included. For each vehicle group, fleet
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size is varied and performance is assessed using completed tasks, unserved tasks, on-time task com-
pletion, late tasks, average lateness, and total distance. A fleet is considered sufficient under the
strict deterministic criterion when all tasks are completed and 100% of tasks are completed within
their service windows. Across the three vehicle groups, the same interpretation applies: small fleets
may eventually complete most or all tasks, but the operational bottleneck is whether tasks can be
completed on time during demand peaks.

The deterministic fleet-sizing results should not be interpreted as the final recommended fleet sizes
under real operating conditions, because uncertainty and robustness are evaluated separately in
the subsequent experiments.

Water Vehicles

Table 6.2 and Figure 6.8 show the deterministic fleet-sizing results for water vehicles. Fleet sizes
below seven vehicles are unable to complete all 304 active tasks. With six vehicles, 298 tasks are
completed and 1.97% of tasks remain unserved. From seven vehicles onwards, all tasks are com-
pleted, but this does not mean that the service level is sufficient. With seven vehicles, only 42.11%
of tasks are completed within their service windows, showing that the system is still strongly time-
constrained during demand peaks.

Table 6.2: Fleet-sizing results for the deterministic water-service experiment

Vehicles
Completed

tasks
Unserved
rate (%)

On-time
rate (%)

Late
tasks

Avg. lateness
(min)

Distance
(km)

6 298/304 1.97 18.09 243 81.08 381.0

7 304/304 0.00 42.11 176 20.38 340.9

8 304/304 0.00 80.26 60 14.58 362.0

9 304/304 0.00 94.08 18 11.17 378.0

10 304/304 0.00 95.07 15 8.07 399.1

11 304/304 0.00 97.70 7 2.86 425.4

12 304/304 0.00 100.00 0 0.00 441.6

13 304/304 0.00 100.00 0 0.00 457.8

The strongest performance improvement occurs when the fleet increases from seven to eight vehi-
cles. The on-time completion rate rises from 42.11% with seven vehicles to 80.26% with eight vehi-
cles and 94.08% with nine vehicles. Beyond this point, the improvement becomes smaller. Increas-
ing the fleet from nine to ten vehicles only increases on-time completion from 94.08% to 95.07%.
With 11 vehicles, the system reaches 97.70% on-time completion, with seven late tasks and an av-
erage lateness of 2.86 minutes. This indicates that 11 vehicles are close to the strict deterministic
service requirement, although they do not formally meet the 100% criterion.

The first fleet size that completes all 304 tasks within their service windows is 12 vehicles. This fleet
size therefore represents the minimum deterministic fleet size under the strict performance crite-
rion used in this study. Adding a thirteenth vehicle does not improve on-time completion, because
the service level is already 100.00% with 12 vehicles. The additional vehicle mainly increases oper-
ational slack and total driven distance, from 441.6 km to 457.8 km, without providing a measurable
service-performance benefit in the deterministic experiment.
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Figure 6.8: Running different amounts of vehicles

Toilet Vehicles

Table 6.3 and Figure 6.9 show the deterministic fleet-sizing results for toilet vehicles. Fleet sizes
below six vehicles are unable to complete all 301 active tasks. With five vehicles, 265 tasks are com-
pleted and 11.96% of tasks remain unserved. From six vehicles onwards, all tasks are completed,
but this does not mean that the service level is sufficient. With six vehicles, 81.40% of tasks are com-
pleted within their service windows, showing that the system is still time-constrained during peak
demand periods.

Table 6.3: Fleet-sizing results for the deterministic toilet-service experiment

Vehicles
Completed

tasks
Unserved
rate (%)

On-time
rate (%)

Late
tasks

Avg. lateness
(min)

Distance
(km)

5 265/301 11.96 17.28 213 43.23 389.4

6 301/301 0.00 81.40 56 11.48 383.7

7 301/301 0.00 96.68 10 7.60 415.7

8 301/301 0.00 99.34 2 2.00 423.7

9 301/301 0.00 99.34 2 2.50 451.9

10 301/301 0.00 99.67 1 1.00 466.6

11 301/301 0.00 100.00 0 0.00 489.3

12 301/301 0.00 100.00 0 0.00 515.8

13 301/301 0.00 100.00 0 0.00 535.5

The strongest performance improvement occurs when the fleet increases from five to six vehicles.
The on-time completion rate rises from 81.40% with six vehicles to 96.68% with seven vehicles and
99.34% with eight vehicles. Beyond this point, the improvement becomes small. Increasing the fleet
from eight to nine vehicles does not improve the on-time completion rate, which remains 99.34%.
With ten vehicles, the system reaches 99.67% on-time completion, with only one late task and an av-
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erage lateness of 1.00 minute. This indicates that 10 vehicles are very close to the strict deterministic
service requirement, although they do not formally meet the 100% criterion.

The first fleet size that completes all 301 tasks within their service windows is 11 vehicles. This fleet
size therefore represents the minimum deterministic fleet size under the strict performance crite-
rion used in this study. Adding a twelfth or thirteenth vehicle does not improve on-time completion,
because the service level is already 100.00% with 11 vehicles. The additional vehicles mainly in-
crease operational slack and total driven distance, from 489.3 km with 11 vehicles to 515.8 km with
12 vehicles and 535.5 km with 13 vehicles, without providing a measurable service-performance
benefit in the deterministic experiment.

Figure 6.9: Running different amounts of vehicles

Loaders

Table 6.4 and Figure 6.10 show the deterministic fleet-sizing results for loaders. From six vehicles
onwards, all 147 active tasks are completed. However, this does not mean that the service level is
sufficient. With six vehicles, only 12.24% of tasks are completed within their service windows, with
129 late tasks and an average lateness of 248.37 minutes. This shows that the loader operation is
mainly constrained by time-window feasibility rather than by the ability to eventually complete the
total task volume.
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Table 6.4: Fleet-sizing results for the deterministic loader experiment

Vehicles
Completed

tasks
Unserved
rate (%)

On-time
rate (%)

Late
tasks

Avg. lateness
(min)

Distance
(km)

6 147/147 0.00 12.24 129 248.37 101.2

10 147/147 0.00 37.41 92 36.55 88.4

15 147/147 0.00 89.12 16 15.69 71.8

18 147/147 0.00 93.20 10 10.00 62.3

20 147/147 0.00 94.56 8 3.50 55.3

21 147/147 0.00 97.96 3 3.33 54.0

22 147/147 0.00 98.64 2 3.00 54.9

23 147/147 0.00 100.00 0 0.00 58.6

24 147/147 0.00 100.00 0 0.00 57.3

25 147/147 0.00 100.00 0 0.00 58.3

The strongest performance improvement occurs when the fleet increases from 10 to 15 vehicles. The
on-time completion rate rises from 37.41% with 10 vehicles to 89.12% with 15 vehicles. Further in-
creases continue to improve service-window compliance, but the marginal improvement becomes
smaller. With 20 vehicles, 94.56% of tasks are completed on time. With 21 vehicles, this increases to
97.96%, leaving three late tasks with an average lateness of 3.33 minutes. With 22 vehicles, the sys-
tem reaches 98.64% on-time completion, leaving only two late tasks with an average lateness of 3.00
minutes. This indicates that 22 vehicles are close to the strict deterministic service requirement,
although they do not formally meet the 100% criterion.

The first fleet size that completes all 147 tasks within their service windows is 23 vehicles. This
fleet size therefore represents the minimum deterministic fleet size under the strict performance
criterion used in this study. Adding a twenty-fourth or twenty-fifth vehicle does not improve on-
time completion, because the service level is already 100.00% with 23 vehicles. The small changes
in total driven distance for larger fleets reflect changes in task assignment and routing rather than a
measurable improvement in service performance.
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Figure 6.10: Running different amounts of vehicles

6.3.4. Impact of Operational Uncertainty at Baseline Case
This section evaluates how operational uncertainty affects the baseline configuration of each vehi-
cle group. For water vehicles, toilet vehicles, and loaders, the deterministic baseline is compared
with three stochastic settings: task-timing uncertainty only, travel-time uncertainty only, and com-
bined task-timing and travel-time uncertainty. Each stochastic setting is evaluated using 30 simu-
lation runs.

Task-timing uncertainty changes the temporal distribution of demand by shifting task times. In
this model, the corresponding service windows are shifted together with the task timing. Therefore,
task-timing uncertainty mainly evaluates whether the fleet can handle a changed demand pattern,
rather than whether tasks are still completed within the original deterministic schedule. Depending
on how the sampled shifts affect peak overlap, this can either improve or worsen measured service-
window performance. Travel-time uncertainty has a different effect: task timing and service win-
dows remain fixed, while selected vehicle movements take longer during simulation execution. This
directly reduces the available operational margin between tasks and may delay subsequent vehicle
availability.

Water Vehicles

For water vehicles, the deterministic baseline consists of 11 vehicles operating on day 14-06. In
this baseline, all 304 water-service tasks are completed and no tasks remain unserved. However, 7
tasks are completed after their service-window close, resulting in an on-time task completion rate
of 97.70%. The average lateness of these late tasks is 2.86 minutes. Baseline vehicle utilisation is
45.74%, and the total driven distance is 425.4 km.

Table 6.5 compares the deterministic baseline with the mean results of the three uncertainty exper-
iments. In all stochastic experiments, all 304 tasks are completed and no unserved tasks occur. This
indicates that the baseline fleet has sufficient capacity to complete the full daily water-service de-
mand under the tested uncertainty settings. The main effect of uncertainty is therefore observed in
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time-window compliance, vehicle utilisation, and total driven distance.

Table 6.5: Comparison of the deterministic baseline and uncertainty settings for the water operation

Experiment
Completed

tasks
On-time
rate (%)

Unserved
tasks

Late
tasks

Avg. lateness
(min)

Utilisation
(%)

Distance
(km)

Baseline 304 97.70 0.00 7.00 2.86 45.74 425.4

Task uncertainty 304 99.91 0.00 0.27 1.80 46.62 434.0

Travel uncertainty 304 97.63 0.00 7.20 3.76 45.81 421.7

Combined uncertainty 304 99.91 0.00 0.27 0.50 46.74 434.3

Under task-timing uncertainty, the mean on-time task completion rate increases from 97.70% in the
deterministic baseline to 99.91%. The average number of late tasks decreases from 7.00 to 0.27 tasks
per run. Across the 30 runs, the on-time completion rate ranges from 99.34% to 100.00%, and 24
runs achieve full on-time completion. This improvement should not be interpreted as uncertainty
being generally beneficial. Instead, it indicates that the sampled task shifts reduce some of the peak
overlap present in the deterministic baseline, while the service windows move with the shifted tasks.

Travel-time uncertainty has a small negative effect. Because task timing and service windows re-
main fixed, longer travel times directly reduce the available margin between tasks. The mean on-
time task completion rate decreases slightly from 97.70% to 97.63%. The average number of late
tasks increases from 7.00 to 7.20, and the average lateness of late tasks increases from 2.86 to 3.76
minutes. Across the 30 runs, no run achieves full on-time completion, with on-time rates ranging
from 96.71% to 98.03%. Travel-time uncertainty therefore does not create unserved tasks, but it
slightly worsens time-window compliance.

The combined uncertainty setting produces an average on-time completion rate of 99.91%, with
0.27 late tasks per run. This is almost identical to the task-timing uncertainty setting and higher than
the deterministic baseline. Across the 30 runs, the on-time completion rate ranges from 99.34% to
100.00%, and 23 runs achieve full on-time completion. This indicates that, under the tested settings,
the shifted task pattern dominates the measured time-window performance, while the additional
travel-time uncertainty does not reduce punctuality significantly.

Vehicle activity changes only slightly under uncertainty. Utilisation rises from 45.74% in the baseline
to 46.62% under task-timing uncertainty and 46.74% under combined uncertainty. Total driven
distance increases from 425.4 km in the baseline to 434.0 km and 434.3 km, respectively. By contrast,
travel-time uncertainty alone has only a minor effect on utilisation and results in a slightly lower
total distance of 421.7 km. This is consistent with the model logic: travel-time uncertainty changes
travel duration rather than physical distance, while task-timing uncertainty can change assignment
timing and routing patterns.

Overall, the 11-vehicle water fleet remains able to complete the full daily task demand under the
tested stochastic settings. However, it does not satisfy the strict 100% time-window criterion in the
deterministic baseline, and travel-time uncertainty alone slightly worsens punctuality. The results
show that measured water-service performance is sensitive to local peak overlap and to the mod-
elling choice that task-timing uncertainty shifts both task timing and service windows.

Toilet Vehicles

For toilet vehicles, the deterministic baseline consists of 11 vehicles operating on day 14-06. In
this baseline, all 301 toilet-service tasks are completed and no tasks remain unserved. All tasks are
completed within their service windows, resulting in an on-time task completion rate of 100.00%.
Baseline vehicle utilisation is 36.96%, and the total driven distance is 489.3 km.

Table 6.6 compares the deterministic baseline with the mean results of the three uncertainty exper-
iments. In all stochastic experiments, all 301 tasks are completed and no unserved tasks occur. This
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indicates that the baseline fleet has sufficient capacity to complete the full daily toilet-service de-
mand under the tested uncertainty settings. The main effect of uncertainty is therefore observed in
time-window compliance, vehicle utilisation, and total driven distance.

Table 6.6: Comparison of the deterministic baseline and uncertainty settings for the toilet operation

Experiment
Completed

tasks
On-time
rate (%)

Unserved
tasks

Late
tasks

Avg. lateness
(min)

Utilisation
(%)

Distance
(km)

Baseline 301 100.00 0.00 0.00 0.00 36.96 489.3

Task uncertainty 301 99.96 0.00 0.13 1.07 37.77 508.8

Travel uncertainty 301 99.99 0.00 0.03 0.03 37.59 501.0

Combined uncertainty 301 99.88 0.00 0.37 0.93 38.02 506.2

The toilet operation remains highly stable under the tested stochastic settings. Task-timing uncer-
tainty reduces the mean on-time completion rate only slightly, from 100.00% to 99.96%, with an
average of 0.13 late tasks per run. Across the 30 runs, 26 runs still achieve full on-time completion,
and the worst run contains only one late task. This shows that the shifted task pattern has a limited
effect on the baseline toilet configuration.

Travel-time uncertainty has an even smaller effect. The mean on-time completion rate decreases
marginally to 99.99%, with an average of 0.03 late tasks per run. In 29 out of 30 runs, all tasks are
completed within their service windows. This indicates that longer travel times slightly reduce op-
erational slack, but do not create a meaningful capacity bottleneck for the tested 11-vehicle fleet.

The combined uncertainty setting produces the largest reduction in punctuality, but the effect re-
mains small. The mean on-time completion rate is 99.88%, with an average of 0.37 late tasks per
run. Across the 30 runs, 20 runs achieve full on-time completion, and the worst run contains two
late tasks. This suggests that unfavourable combinations of task timing and travel-time variation
can create small local bottlenecks, but these bottlenecks remain limited under the tested settings.

Vehicle activity increases slightly when uncertainty is included. Utilisation rises from 36.96% in
the baseline to 37.77% under task-timing uncertainty, 37.59% under travel-time uncertainty, and
38.02% under combined uncertainty. Total driven distance also increases in all stochastic experi-
ments, from 489.3 km in the baseline to between 501.0 km and 508.8 km. This suggests that un-
certainty changes the dispatching pattern and leads to slightly more vehicle movement across the
airport.

Overall, the 11-vehicle toilet fleet remains sufficient to complete the full daily task demand under
the tested stochastic settings. The deterministic baseline achieves 100.00% on-time completion,
and the stochastic experiments only introduce a very small number of late tasks. Compared with
the water operation, the toilet baseline contains more operational slack, making it less sensitive to
the tested uncertainty settings.

Loaders

For loaders, the deterministic baseline consists of 25 vehicles operating on day 14-06. In this base-
line, all 147 loader tasks are completed and no tasks remain unserved. All tasks are completed within
their service windows, resulting in an on-time task completion rate of 100.00%. Baseline vehicle
utilisation is 19.49%, and the total driven distance is 58.3 km.

Table 6.7 compares the deterministic baseline with the mean results of the three uncertainty exper-
iments. In all stochastic experiments, all 147 tasks are completed and no unserved tasks occur. This
indicates that the baseline fleet has sufficient capacity to complete the full daily loader demand
under the tested uncertainty settings. The main effect of uncertainty is therefore limited to small
changes in time-window compliance, vehicle utilisation, and total driven distance.



6.3. Results 123

Table 6.7: Comparison of the deterministic baseline and uncertainty settings for the loader operation

Experiment
Completed

tasks
On-time
rate (%)

Unserved
tasks

Late
tasks

Avg. lateness
(min)

Utilisation
(%)

Distance
(km)

Baseline 147 100.00 0.00 0.00 0.00 19.49 58.3

Task uncertainty 147 99.91 0.00 0.13 0.50 19.45 56.1

Travel uncertainty 147 100.00 0.00 0.00 0.00 19.52 58.3

Combined uncertainty 147 99.91 0.00 0.13 0.50 19.46 55.6

The loader operation remains highly stable under the tested stochastic settings. Task-timing un-
certainty reduces the mean on-time completion rate only slightly, from 100.00% to 99.91%, with an
average of 0.13 late tasks per run. Across the 30 runs, 26 runs still achieve full on-time completion.
In the affected runs, only one task is completed late, with a maximum reported lateness of 7 min-
utes. This shows that the shifted task pattern can create small local bottlenecks, but does not create
a structural service problem for the tested loader configuration.

Travel-time uncertainty has no measurable effect on time-window compliance in this configuration.
The mean on-time completion rate remains 100.00%, and no late or unserved tasks occur in any of
the 30 runs. This indicates that the 25-loader baseline contains sufficient travel-time margin for the
tested travel uncertainty assumptions.

The combined uncertainty setting remains close to full time-window compliance. The average on-
time completion rate is 99.91%, with 0.13 late tasks per run. Across the 30 runs, 26 runs achieve full
on-time completion, and the worst runs contain one late task. The combined experiment therefore
produces almost the same service-level outcome as the task-timing uncertainty setting, indicating
that travel-time uncertainty does not amplify the small punctuality losses caused by shifted task
timing significantly.

Vehicle activity changes only slightly across the uncertainty settings. Utilisation remains close to the
deterministic baseline of 19.49%, with mean values between 19.45% and 19.52%. Total driven dis-
tance is also similar, although it is slightly lower when task-timing uncertainty is included. These dif-
ferences mainly reflect changes in task assignment and dispatching rather than a substantial change
in operational effort.

Overall, the 25-loader fleet remains sufficient to complete the full daily task demand under the
tested stochastic settings. No unserved tasks occur, and the on-time completion rate remains at
or very close to 100.00%. Compared with the water and toilet operations, the loader baseline shows
the smallest effect of uncertainty, mainly because the tested 25-vehicle configuration already con-
tains sufficient operational slack for the selected baseline day.

6.3.5. Fleet Sizing under Operational Uncertainty
The stochastic fleet-sizing experiments repeat the fleet-size analysis under combined task-timing
and travel-time uncertainty. For each tested fleet size, 30 simulation runs are performed using the
same set of random seeds. The interpretation is the same for all vehicle groups. At very small fleet
sizes, part of the demand may remain unserved. Once all tasks can be completed, the main perfor-
mance limitation becomes time-window compliance rather than task completion. Near the highest-
performing fleet sizes, additional vehicles mainly add operational buffer and reduce the probability
of rare late tasks.

The fleet-size choice is interpreted using two perspectives. Under the strict robust criterion, the re-
quired fleet size is the smallest tested fleet that achieves 100% on-time completion in every stochas-
tic run. The pragmatic lower bound is interpreted using the mean on-time completion rate across
replications, supported by the confidence-interval analysis reported in Subsection 6.3.10. Slightly
smaller fleets may also be relevant if the number of late tasks is very small and the lateness is lim-
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ited. The vehicle-specific subsections therefore report both the strict robust fleet size and the near-
threshold alternatives.

The use of 30 replications is also supported by the uncertainty-validation results in Subsection 5.6.5,
where the realised late- and early-arrival probabilities over 30 runs were shown to be consistent with
the empirical FlightLegs-based uncertainty profiles. The confidence intervals in this section there-
fore assess the precision of the resulting on-time completion rates, while the uncertainty-validation
results support the representativeness of the sampled input uncertainty within the modelled uncer-
tainty scope.

Water Vehicles

Figure 6.11 shows the effect of water-service fleet size under combined task-timing and travel-time
uncertainty. Each run contains 304 water-service tasks, meaning that each full fleet-size evaluation
is based on 9,120 task instances.

Figure 6.11: Running different amounts of water vehicles under combined task-timing and travel-time uncertainty

The results show a clear transition from structural undersizing to near-complete service reliability.
With one to six vehicles, part of the demand remains unserved. From seven vehicles onward, all
9,120 task instances are completed, but many tasks are still completed after their delay-adjusted
service-window closure. This indicates that the main bottleneck shifts from task completion to
time-window compliance.

The strongest performance improvement occurs between six and ten vehicles. The mean on-time
completion rate increases from 18.56% with six vehicles to 98.60% with ten vehicles. However, ten
vehicles still result in 128 late tasks over 9,120 task instances, and 25 out of 30 runs contain at least
one late task. This means that ten vehicles provide a high average service level, but not a robust
solution under the tested stochastic conditions.

From eleven vehicles onward, the operation is close to full reliability. With eleven vehicles, only 8
tasks are late over all 9,120 task instances, resulting in an on-time completion rate of 99.91%. In
this case, 23 out of 30 runs achieve full on-time completion, and the remaining late tasks have an
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average delay of 2.13 minutes. With twelve and thirteen vehicles, the number of late tasks decreases
to 4, while fourteen and fifteen vehicles reduce this further to 2 late tasks. These results indicate that
the system is already near-perfect from eleven vehicles onward, although none of these fleet sizes
satisfies the strict 100% criterion across all stochastic runs. The near-threshold stochastic fleet-size
results for water vehicles are summarised in Table 6.8.

Table 6.8: Water-service performance for fleet sizes close to full on-time completion

Vehicles
On-time
rate (%)

Late tasks
(total)

Runs with
late tasks

Avg. late
tasks/run

Avg. late-task
delay (min)

8 86.02 1275/9120 30/30 42.50 11.20

9 93.97 550/9120 30/30 18.33 6.88

10 98.60 128/9120 25/30 4.27 3.70

11 99.91 8/9120 7/30 0.27 2.13

12 99.96 4/9120 4/30 0.13 1.75

13 99.96 4/9120 4/30 0.13 8.25

14 99.98 2/9120 2/30 0.07 1.00

15 99.98 2/9120 2/30 0.07 1.00

16 100.00 0/9120 0/30 0.00 –

The first fleet size that achieves 100% on-time completion in every stochastic run is sixteen water-
service vehicles. At this fleet size, all 9,120 task instances are completed within their delay-adjusted
service windows, with no late and no unserved tasks. Sixteen vehicles therefore represents the min-
imum robust fleet size for the water operation under the strict stochastic service-level criterion.

The near-threshold results are also operationally relevant. Eleven vehicles already result in only
8 late tasks out of 9,120, while fourteen vehicles reduce this to only 2 late tasks out of 9,120. The
average lateness is also small for these near-threshold cases, except for thirteen vehicles, where the
average is based on only four late tasks and should therefore be interpreted carefully. These fleet
sizes do not provide a strict guarantee across all stochastic runs, but they may be defensible if a very
small number of short internal service-window violations is acceptable.

The utilisation results show the cost of this additional robustness. Mean vehicle utilisation de-
creases from 49.72% with ten vehicles to 46.74% with eleven vehicles, 39.66% with fourteen vehi-
cles, and 35.82% with sixteen vehicles. Additional vehicles therefore mainly provide buffer capacity
rather than higher average workload per vehicle. From a strict service-level perspective, sixteen ve-
hicles is the robust solution. From an operational-efficiency perspective, eleven to fourteen vehicles
may be considered if the remaining late tasks are operationally acceptable.

Toilet Vehicles

Figure 6.12 shows the effect of toilet-service fleet size under combined task-timing and travel-time
uncertainty. Each run contains 301 toilet-service tasks, meaning that each full fleet-size evaluation
is based on 9,030 task instances.
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Figure 6.12: Running different amounts of toilet vehicles under combined task-timing and travel-time uncertainty

The results show a transition from structural undersizing to near-complete service reliability. With
one to five toilet-service vehicles, part of the demand remains unserved. From six vehicles onward,
all 9,030 task instances are completed, but not all tasks are completed within their delay-adjusted
service windows. This means that the main bottleneck shifts from task completion to time-window
compliance.

The strongest performance improvement occurs between five and seven vehicles. The mean on-
time completion rate increases from 19.14% with five vehicles to 88.17% with six vehicles and 98.35%
with seven vehicles. Around this transition region, one additional vehicle has a large operational
effect. However, seven vehicles still result in 149 late tasks over 9,030 task instances, and 22 out of
30 runs contain at least one late task. This means that seven vehicles provide a high average service
level, but not a robust solution under the tested stochastic conditions.

From eight vehicles onward, the operation is close to full reliability. With eight vehicles, only 24 tasks
are late over all 9,030 task instances, resulting in an on-time completion rate of 99.73%. With nine
vehicles, this improves further to 99.90%, with only 9 late tasks and 24 out of 30 runs achieving full
on-time completion. The results for ten and eleven vehicles remain in the same high-performance
range, but show small non-monotonic differences in the number of late tasks. These differences
should not be interpreted as a structural deterioration when more vehicles are added. They occur
in a region where the number of late tasks is already very small, and where stochastic task timing
and travel-time variation can slightly change the final dispatching pattern.

With twelve to fourteen vehicles, the system is very close to full reliability. Twelve vehicles result
in only 3 late tasks over 9,030 task instances, while fourteen vehicles reduce this to only 1 late task.
With fourteen vehicles, 29 out of 30 runs achieve 100% on-time completion, and the only remaining
late task has a delay of 4 minutes. Although this does not meet the strict 100% criterion, it represents
a very high service level because the failure rate is limited to one late task in 9,030 task instances.
The near-threshold stochastic fleet-size results for toilet vehicles are summarised in Table 6.9.
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Table 6.9: Toilet-service performance for fleet sizes close to full on-time completion

Vehicles
On-time
rate (%)

Late tasks
(total)

Runs with
late tasks

Avg. late
tasks/run

Avg. late-task
delay (min)

6 88.17 1068/9030 30/30 35.60 7.81

7 98.35 149/9030 22/30 4.97 5.87

8 99.73 24/9030 15/30 0.80 4.75

9 99.90 9/9030 6/30 0.30 3.22

10 99.82 16/9030 8/30 0.53 7.13

11 99.88 11/9030 10/30 0.37 2.73

12 99.97 3/9030 3/30 0.10 3.00

13 99.92 7/9030 6/30 0.23 5.43

14 99.99 1/9030 1/30 0.03 4.00

15 100.00 0/9030 0/30 0.00 –

The first fleet size that achieves 100% on-time completion in every stochastic run is fifteen toilet-
service vehicles. At this fleet size, all 9,030 task instances are completed within their delay-adjusted
service windows, with no late and no unserved tasks. Fifteen vehicles therefore represents the min-
imum robust fleet size for the toilet operation under the strict stochastic service-level criterion.

The near-threshold results are also operationally relevant. Twelve vehicles already result in only 3
late tasks out of 9,030, while fourteen vehicles reduce this to only 1 late task out of 9,030. These
fleet sizes do not provide a strict guarantee across all stochastic runs, but they may be defensible if
a very small number of short internal service-window violations is acceptable. Choosing fifteen ve-
hicles instead of fourteen vehicles removes the final remaining late task, but requires one additional
vehicle.

The utilisation results show the cost of this additional robustness. Mean vehicle utilisation de-
creases from 58.62% with six vehicles to 47.90% with eight vehicles, 35.83% with twelve vehi-
cles, 32.03% with fourteen vehicles, and 30.85% with fifteen vehicles. Additional vehicles there-
fore mainly provide buffer capacity rather than higher average workload per vehicle. From a strict
service-level perspective, fifteen vehicles is the robust solution. From an operational-efficiency per-
spective, twelve to fourteen vehicles may be considered if the remaining late tasks are operationally
acceptable.

Loaders

Figure 6.13 shows the effect of loader fleet size under combined task-timing and travel-time uncer-
tainty. Each run contains 147 loader tasks, meaning that each full fleet-size evaluation is based on
4,410 task instances.
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Figure 6.13: Running different amounts of loader vehicles under combined task-timing and travel-time uncertainty

The results show a transition from structural undersizing to near-complete service reliability. With
one to five loaders, part of the demand remains unserved. From six loaders onward, all 4,410 task in-
stances are completed, but many tasks are still completed after their delay-adjusted service-window
closure. This indicates that the main bottleneck shifts from task completion to time-window com-
pliance.

The strongest performance improvement occurs between 10 and 15 loaders. The mean on-time
completion rate increases from 37.91% with 10 loaders to 90.88% with 15 loaders. After this
point, additional vehicles continue to improve punctuality, but the marginal improvement becomes
smaller. With 19 loaders, the on-time completion rate is 96.60%, but this still corresponds to 150 late
tasks over 4,410 task instances. This means that 19 loaders provide a relatively high average service
level, but not a robust solution under the tested stochastic conditions.

From 20 loaders onward, the system moves closer to full reliability. With 20 loaders, the number of
late tasks decreases to 80, corresponding to 98.19% on-time completion. With 21 loaders, only 35
tasks are late, and 16 out of 30 runs achieve full on-time completion. With 22 loaders, the number
of late tasks decreases further to 13, and 22 out of 30 runs achieve full on-time completion. These
results show that 21 and 22 loaders already provide a high average service level, but they do not yet
satisfy the strict 100% criterion across all stochastic runs.

The difference between 23 and 24 loaders is small, but relevant for the final fleet-size interpretation.
With 23 loaders, only 3 tasks are late over all 4,410 task instances, giving a mean on-time completion
rate of 99.93%. Only 2 out of 30 runs contain a late task. With 24 loaders, performance improves
further to only 1 late task over all 4,410 task instances, corresponding to 99.98% on-time completion.
Although 24 loaders does not meet the strict 100% criterion, it represents a near-perfect service
level because the failure rate is limited to one late task in 4,410 task instances. The near-threshold
stochastic fleet-size results for loaders are summarised in Table 6.10.
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Table 6.10: Loader performance for fleet sizes close to full on-time completion

Loaders
On-time
rate (%)

Late tasks
(total)

Runs with
late tasks

Avg. late
tasks/run

Avg. late-task
delay (min)

19 96.60 150/4410 29/30 5.00 5.66

20 98.19 80/4410 25/30 2.67 4.64

21 99.21 35/4410 14/30 1.17 2.94

22 99.71 13/4410 8/30 0.43 2.85

23 99.93 3/4410 2/30 0.10 3.67

24 99.98 1/4410 1/30 0.03 5.00

25 100.00 0/4410 0/30 0.00 –

The first fleet size that achieves 100% on-time completion in every stochastic run is 25 loaders. At
this fleet size, all 4,410 task instances are completed within their delay-adjusted service windows,
with no late and no unserved tasks. Fleet sizes above 25 loaders do not improve the service-level
KPI, because 26, 27, and 28 loaders also achieve 100% on-time completion. Therefore, 25 loaders
represents the minimum robust fleet size for the loader operation under the strict stochastic service-
level criterion.

The near-threshold results are also operationally relevant. With 23 loaders, only 3 tasks are late out
of 4,410, while 24 loaders reduce this to only 1 late task. These fleet sizes do not provide a strict
guarantee across all stochastic runs, but they may be defensible if a very small number of short
internal service-window violations is acceptable. However, because loader tasks are more closely
linked to baggage and cargo handling around the aircraft, these near-threshold alternatives should
be interpreted more cautiously than similar results for water or toilet vehicles.

The utilisation results show the cost of additional robustness. Mean vehicle utilisation decreases
from 25.43% with 19 loaders to 20.22% with 24 loaders and 19.46% with 25 loaders. Additional vehi-
cles therefore mainly provide buffer capacity rather than higher average workload per vehicle. Be-
yond 25 loaders, utilisation decreases further while the service-level KPI remains unchanged. From
a strict service-level perspective, 25 loaders is the robust solution. From an operational-efficiency
perspective, 23 or 24 loaders may be considered if the remaining late tasks are operationally accept-
able.

6.3.6. Demand-Case Robustness Check for Water Vehicles
This subsection presents an additional robustness check for water vehicles only. It does not consti-
tute a second full case study, because the simulation model, dispatching rules, uncertainty settings,
and fleet assumptions remain unchanged. Only the operational input day is replaced. The reference
case remains baseline day 14-06-2026 from week 24, while day 15-03-2027 from week 11 is used as
a representative average-demand day. The purpose of this comparison is to assess whether lower
demand reduces the required water-vehicle fleet size, and whether operational uncertainty remains
relevant when demand pressure is lower.

Table 6.11 compares the input structure of the baseline day and the average day. The average day
therefore represents a clearly lower-demand case in terms of total water-task volume and peak-
hour workload, but it does not remove local concurrency pressure completely. Furthermore, the
projected workload is reduced because the ground handling operations for Air France and Delta
will no longer be carried out by KLM in the future operational setting, resulting in a lower expected
number of water-service tasks.
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Table 6.11: Input comparison between the baseline day and the average day for water vehicles

Metric Baseline day Average day Change (%)

Total flight movements 811 727 −10.4

Arrivals 407 365 −10.3

Departures 404 362 −10.4

Water tasks 304 263 −13.5

Peak-hour water tasks 48 40 −16.7

Peak simultaneous water tasks 10 10 0.0

Average ground time (min) 81.2 109.1 +34.4

Median ground time (min) 55 80 +45.5

Commuter aircraft 352 334 −5.1

Narrow-body aircraft 312 280 −10.3

Wide-body aircraft 147 113 −23.1

The deterministic fleet-sizing results for the average day are shown in Table 6.12. All 263 water tasks
are completed from fleet size 6 upward. The strict deterministic fleet size for the average day is 10
vehicles, compared with 12 vehicles on the baseline day.

Table 6.12: Deterministic fleet-sizing results for water vehicles on the average day (15-03)

Fleet
size

Completed
tasks

Unserved
rate (%)

On-time
rate (%)

Late
tasks

Avg. lateness
(min)

Distance
(km)

6 263 0.00 41.06 155 34.5 310.8

7 263 0.00 70.72 77 16.4 320.2

8 263 0.00 86.69 35 9.1 338.8

9 263 0.00 95.06 13 2.7 355.1

10 263 0.00 100.00 0 0.0 381.7

11 263 0.00 100.00 0 0.0 403.0

Table 6.13 shows the average-day results under combined task-timing and travel-time uncertainty.
The stochastic experiment consists of 30 replications per fleet size. At 11 vehicles, the rounded
mean on-time completion rate reaches 99.90%. Therefore, 11 vehicles is interpreted as the prag-
matic lower bound for the average day, while 13 vehicles is required for strict stochastic feasibility
with 100% on-time completion in all replications.

Table 6.13: Stochastic fleet-sizing results for water vehicles on the average day (15-03) under combined uncertainty

Fleet
size

Completed
tasks/run

Unserved
rate (%)

On-time
rate (%)

Late tasks
(total)

Avg. lateness
(min)

Distance/run
(km)

10 263 0.00 99.62 30 0.75 390.1

11 263 0.00 99.90 8 0.38 408.1

12 263 0.00 99.94 5 1.00 420.9

13 263 0.00 100.00 0 0.00 435.5

Note. Results are based on 30 replications per fleet size. On-time completion is reported as the mean across replications,
late tasks are summed over all replications, and distance is the mean driven distance per replication.

The comparison between the baseline day and the average day is summarised in Table 6.14. The
average day requires fewer vehicles under both deterministic and stochastic conditions. The strict
deterministic fleet size decreases from 12 to 10 vehicles, a reduction of 16.7%. The strict stochas-
tic fleet size decreases from 16 to 13 vehicles, a reduction of 18.8%. These reductions are broadly
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aligned with the reductions in water-task volume and peak-hour water demand. However, the rela-
tionship is not purely proportional to total task volume. Water-vehicle fleet requirements are driven
not only by total daily demand, but also by temporal clustering, service windows, vehicle availabil-
ity, refilling behaviour, charging behaviour, and travel-time constraints.

Table 6.14: Fleet-size comparison between the baseline day and the average day for water vehicles

Day type Tasks
Det.

strict
Stoch.
strict

Pragmatic
lower bound

Uncertainty
buffer

Rel. uncertainty
buffer (%)

Baseline day (14-06) 304 12 16 11 4 33.3

Average day (15-03) 263 10 13 11 3 30.0

The average-day experiment supports interpreting the baseline day water results as conservative
upper-bound requirements for robust fleet sizing. The average day requires fewer vehicles, but un-
certainty still has a material effect. The absolute uncertainty buffer decreases from four vehicles on
the baseline day to three vehicles on the average day, while the relative uncertainty buffer decreases
slightly from 33.3% to 30.0%. This means that lower demand reduces the uncertainty effect, but
does not remove it. Even under average-day demand, strict stochastic feasibility still requires three
vehicles above the deterministic strict fleet size.

A notable result is that the pragmatic lower bound is not lower on the average day. For the base-
line day, 11 vehicles provide a pragmatic lower-bound solution, while the average day requires 11
vehicles for a more defensible pragmatic interpretation. This indicates that operating close to the
deterministic minimum remains sensitive to uncertainty, even when total demand is reduced.

For KLM, the implication is that baseline day results are the more relevant basis for robust capac-
ity planning, especially when 100% service reliability or peak robustness is required. The average-
day results should not replace the baseline day fleet-size recommendation. Instead, they provide a
useful benchmark for interpreting typical utilisation, efficiency, and the degree of conservatism in
baseline day-based fleet sizing.

6.3.7. Operational-Control Variant: Idle Forward Staging
The fleet-sizing experiments show that late task completion can be caused not only by insufficient
fleet size, but also by inefficient vehicle positioning between tasks. A diagnostic analysis of the base-
line runs showed that several vehicles repeatedly returned to a central depot during short idle peri-
ods and were then dispatched back to the apron for the next demand peak. This created additional
deadhead movements between the apron and the depot and reduced effective vehicle availability
during busy periods.

To test whether this mechanism could be improved, an idle forward-staging policy was evaluated
as an operational intervention. While there is still upcoming demand and its battery is healthy, an
idle vehicle stages at its current apron position, the VOP, instead of deadheading back to the central
depot. It still returns to the depot to charge when its state of charge falls below 40%, returns at end-
of-shift, and still refills or dumps as usual when required. The vehicle is never interrupted while
it is executing a task. The intervention is therefore a pure idle-positioning rule. It does not alter
demand, task definitions, service windows, task durations, fleet size, dispatching logic, charging
assumptions, or refill and dump rules.

For water vehicles, the intervention improves performance but does not reduce the deterministic
fleet-size threshold. As shown in Table 6.15, the minimum fleet size for 100% on-time completion
remains twelve vehicles. However, at equal fleet size, idle forward staging reduces driven distance by
25–38% and strongly reduces depot returns. At eleven vehicles, the number of late tasks decreases
from seven to five, the average lateness decreases from 2.86 to 1.40 minutes, and the maximum
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lateness decreases from eight to two minutes. The detailed toilet results in Table 6.15 show why the
intervention is operationally relevant. At a fleet size of nine vehicles, the baseline configuration still
produces two late tasks and achieves 99.34% on-time completion. With idle forward staging, the
same fleet reaches 100% on-time completion. At all tested toilet fleet sizes, the policy also strongly
reduces driven distance and depot returns. This indicates that the improvement is not only a punc-
tuality improvement at the threshold, but also a substantial reduction in unnecessary operational
movement. For loaders, the fleet-size threshold also remains unchanged. It shows that the mini-
mum deterministic fleet size remains 23 loaders. This is expected because loaders already have a
low travel share and are initially distributed across multiple airside locations. The main benefit of
forward staging is therefore not improved punctuality, but a large reduction in deadhead travel and
depot returns. At the tested fleet sizes, driven distance decreases by 51–62%, while depot returns
decrease from more than one hundred movements to thirteen.

Table 6.15: Deterministic baseline and idle forward-staging results

Group Fleet Variant On-time (%) Late tasks Avg. late (min) Max late (min) Distance (km) Depot returns

Water

10 Baseline 95.07 15 8.07 36 399.1 96
10 Forward staging 96.05 12 5.00 13 298.5 15

11 Baseline 97.70 7 2.86 8 425.4 119
11 Forward staging 98.36 5 1.40 2 291.0 17

12 Baseline 100.00 0 0.00 0 441.6 144
12 Forward staging 100.00 0 0.00 0 272.4 20

Toilet

9 Baseline 99.34 2 2.50 3 451.9 129
9 Forward staging 100.00 0 0.00 0 293.9 16

10 Baseline 99.67 1 1.00 1 466.6 143
10 Forward staging 100.00 0 0.00 0 286.2 18

11 Baseline 100.00 0 0.00 0 489.3 171
11 Forward staging 100.00 0 0.00 0 275.7 15

Loader

22 Baseline 98.64 2 3.00 4.0 54.9 112
22 Forward staging 98.64 2 3.00 4.0 26.8 13

23 Baseline 100.00 0 0.00 0 58.6 147
23 Forward staging 100.00 0 0.00 0 22.5 13

The same-fleet results under combined uncertainty are summarised in Table 6.16. These results
show that the benefit of idle forward staging is not limited to deterministic threshold changes. At
equal fleet size under combined task-timing and travel-time uncertainty, the rule generally reduces
the expected number of late tasks, increases the share of runs with 100% on-time completion for
toilet and water vehicles, and consistently reduces driven distance and depot returns. For loaders,
the service-level effect is limited and not strictly positive at every fleet size, but the reduction in
operational movement remains substantial.
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Table 6.16: Idle forward staging under combined uncertainty (30 paired seeds, GSE_SIM_DDMM=1406)

Group Variant Fleet On-time rate Late tasks Runs with late tasks Avg. late/run Avg. delay Distance (km) Depot returns

Water

Baseline 10 98.60% 128/9120 25/30 4.27 3.70 min 411 108
Forward staging 10 99.14% 78/9120 22/30 2.60 2.41 min 285 16

Baseline 11 99.91% 8/9120 7/30 0.27 2.12 min 434 131
Forward staging 11 99.96% 4/9120 4/30 0.13 1.50 min 273 18

Baseline 12 99.96% 4/9120 4/30 0.13 1.75 min 455 153
Forward staging 12 99.99% 1/9120 1/30 0.03 1.00 min 264 19

Baseline 13 99.96% 4/9120 4/30 0.13 8.25 min 473 172
Forward staging 13 99.98% 2/9120 2/30 0.07 1.00 min 248 21

Baseline 14 99.98% 2/9120 2/30 0.07 1.00 min 491 190
Forward staging 14 100.00% 0/9120 0/30 0.00 — 239 23

Toilet

Baseline 7 98.35% 149/9030 22/30 4.97 5.87 min 418 86
Forward staging 7 99.01% 89/9030 16/30 2.97 4.60 min 324 20

Baseline 8 99.73% 24/9030 15/30 0.80 4.75 min 443 115
Forward staging 8 99.92% 7/9030 5/30 0.23 4.29 min 304 17

Baseline 9 99.90% 9/9030 6/30 0.30 3.22 min 461 137
Forward staging 9 99.99% 1/9030 1/30 0.03 8.00 min 283 15

Baseline 10 99.82% 16/9030 8/30 0.53 7.12 min 486 159
Forward staging 10 100.00% 0/9030 0/30 0.00 — 270 16

Loader

Baseline 22 99.71% 13/4410 8/30 0.43 2.85 min 53 121
Forward staging 22 99.75% 11/4410 8/30 0.37 3.00 min 27 12

Baseline 23 99.93% 3/4410 2/30 0.10 3.67 min 53 128
Forward staging 23 99.89% 5/4410 4/30 0.17 2.60 min 24 13

Baseline 24 99.98% 1/4410 1/30 0.03 5.00 min 54 133
Forward staging 24 99.98% 1/4410 1/30 0.03 5.00 min 22 14

Baseline 25 100.00% 0/4410 0/30 0.00 — 56 141
Forward staging 25 100.00% 0/4410 0/30 0.00 — 20 14

Table 6.17 summarises the effect of idle forward staging on fleet-size thresholds under deterministic
conditions and under combined operational uncertainty.

Table 6.17: Effect of idle forward staging on fleet-size thresholds under deterministic and combined-uncertainty
conditions.

Vehicle group Deterministic strict Stochastic strict Pragmatic lower bound

Base. VOP ∆ Base. VOP ∆ Base. VOP ∆

Water vehicles 12 12 0 16 14 −2 11 11 0

Toilet vehicles 11 9 −2 15 10 −5 9 8 −1

Loaders 23 23 0 25 25 0 23 23 0

Overall, idle forward staging is most effective for vehicle groups whose performance is reduced by
unnecessary depot-centred deadheading during short idle periods. This effect is strongest for toilet
vehicles. In the deterministic case, the required fleet size decreases from eleven to nine vehicles.
Under combined uncertainty, the strict robust threshold decreases from 15 to 10 vehicles for toi-
let vehicles and from 16 to 14 vehicles for water vehicles. The pragmatic threshold also improves
for toilet vehicles, while no fleet-size reduction is observed for loaders. For water vehicles, the de-
terministic fleet-size threshold remains unchanged. However, the combined-uncertainty results
improve because vehicles spend less time returning unnecessarily to the depot and are therefore
more likely to remain available near future demand locations. For loaders, the service-level effect
is limited because their travel component is relatively small and their initial positioning is already
more distributed across the apron. Nevertheless, the reduction in driven distance and depot returns
remains operationally relevant.

These results show that idle forward staging should not be interpreted as a universal substitute for
fleet capacity. Its effect depends on the underlying bottleneck. When lateness is caused by avoid-
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able depot-return movements, forward staging can reduce fleet requirements. When lateness is
caused by peak concurrency or stochastic travel-time variance, additional fleet capacity may still be
required. The policy is therefore best interpreted as a conservative operational-control variant that
reduces mileage and depot congestion, while improving robustness for selected vehicle groups.

6.3.8. Task-Selection Variant: Feasibility-Aware Triage
A second, smaller operational variant was tested to evaluate whether task ordering can improve
performance under scarce-fleet conditions. In the baseline dispatcher, waiting tasks are ordered
by urgency. This means that the task with the smallest remaining slack is considered first. When a
task is already infeasible, however, assigning the nearest available vehicle to that task may prevent
another task from being completed on time. The feasibility-aware triage variant therefore prioritises
tasks that can still meet their service-window deadline and moves already-infeasible tasks later in
the queue.

This variant changes only the ordering of waiting tasks. It does not change fleet size, demand, ser-
vice windows, service durations, uncertainty settings, charging assumptions, refill and dump rules,
or vehicle execution. It is therefore interpreted as an exploratory dispatching comparison rather
than as a full redesign of the dispatching logic.

Table 6.18 shows the effect of the triage variant for all tested below-threshold fleet sizes. The results
show that the rule can substantially reduce the number of late tasks when the fleet is scarce. The
strongest effect is visible for water vehicles and toilet vehicles at very low fleet sizes, where the base-
line dispatcher allows lateness to cascade across many tasks. The same mechanism remains visible
closer to the deterministic threshold, but the improvement becomes smaller because fewer tasks
are late in the baseline case.

Table 6.18: Effects of feasibility-aware triage dispatching for all tested fleet sizes

Group Fleet On-time (%) Late tasks ∆ late tasks Avg. lateness (min) ∆ avg. lateness Max late (min)
baseline → triage baseline → triage baseline → triage (min) baseline → triage

Water 4 6.9 → 57.9 178 → 30 −148 244.9 → 755.7 +510.8 677 → 1067
Water 5 11.8 → 70.7 210 → 42 −168 177.1 → 692.7 +515.6 451 → 908
Water 6 18.1 → 81.6 243 → 53 −190 81.1 → 409.9 +328.8 267 → 547
Water 7 42.1 → 91.4 176 → 26 −150 20.4 → 350.1 +329.7 57 → 462
Water 8 80.3 → 94.7 60 → 16 −44 14.6 → 265.1 +250.5 39 → 339
Water 9 94.1 → 97.4 18 → 8 −10 11.2 → 81.2 +70.1 20 → 130
Water 10 95.1 → 98.4 15 → 5 −10 8.1 → 32.6 +24.5 36 → 37
Water 11 97.7 → 99.0 7 → 3 −4 2.9 → 19.7 +16.8 8 → 21

Toilet 3 10.0 → 50.5 137 → 21 −116 275.2 → 870.2 +595.0 767 → 1071
Toilet 4 13.0 → 69.8 193 → 15 −178 184.4 → 591.0 +406.6 457 → 891
Toilet 5 17.3 → 80.4 213 → 40 −173 43.2 → 327.0 +283.8 250 → 455
Toilet 6 81.4 → 95.7 56 → 13 −43 11.5 → 87.5 +76.0 29 → 200
Toilet 7 96.7 → 98.7 10 → 4 −6 7.6 → 22.8 +15.2 12 → 25
Toilet 8 99.3 → 99.7 2 → 1 −1 2.0 → 17.0 +15.0 3 → 17
Toilet 9 99.3 → 99.3 2 → 2 0 2.5 → 13.5 +11.0 3 → 24
Toilet 10 99.7 → 99.7 1 → 1 0 1.0 → 2.0 +1.0 1 → 2

Loader 15 89.1 → 92.5 16 → 11 −5 15.7 → 27.1 +11.4 31 → 41
Loader 16 91.2 → 93.9 13 → 9 −4 14.6 → 23.1 +8.5 25 → 34
Loader 17 92.5 → 95.2 11 → 7 −4 13.0 → 21.3 +8.3 23 → 29
Loader 18 93.2 → 95.9 10 → 6 −4 10.0 → 18.5 +8.5 17 → 31
Loader 19 93.9 → 96.6 9 → 5 −4 8.2 → 15.0 +6.8 13 → 25
Loader 20 94.6 → 97.3 8 → 4 −4 3.5 → 11.8 +8.2 9 → 23
Loader 21 98.0 → 98.0 3 → 3 0 3.3 → 3.7 +0.3 6 → 6
Loader 22 98.6 → 99.3 2 → 1 −1 3.0 → 6.0 +3.0 4 → 6

The main trade-off is that the average lateness of the remaining late tasks increases. This is expected
because the triage rule prioritises tasks that can still be completed on time and postpones tasks that
are already infeasible. As a result, fewer tasks become late, but the tasks that remain late may wait
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longer. At very low fleet sizes, this effect becomes much stronger because the dispatcher effectively
sacrifices a small number of already-lost tasks to prevent many other tasks from becoming late.

The distance effect is limited and mixed. Unlike idle forward staging, feasibility-aware triage does
not directly reduce depot returns or deadhead travel. Its value lies mainly in saving recoverable tasks
under scarcity, not in reducing operational mileage. Overall, the triage variant improves service
reliability for several below-threshold fleet sizes, but it does not reduce the strict 100% fleet-size
threshold. It should therefore be interpreted as a small exploratory dispatching variant rather than
as a fleet-size reduction measure.

This variant is included as a small exploratory dispatching comparison. It is not developed as a full
alternative dispatching framework and is not used to define the final fleet-size recommendations.
Its purpose is to show whether task-ordering logic can reduce the number of late tasks under scarce-
fleet conditions, and what trade-off this creates in terms of lateness severity.

6.3.9. Sensitivity Analysis of Operational and Energy Parameters
The sensitivity analysis is performed around fixed reference fleet configurations: 11 water vehicles,
11 toilet vehicles, and 25 loaders. These baseline configurations are used to evaluate how sensitive
the model outcomes are to changes in key operational and energy-related assumptions. Task uncer-
tainty and travel-time uncertainty are disabled in all sensitivity runs. The purpose of the sensitivity
analysis is not to re-optimise the fleet size for each parameter setting, but to isolate the effect of
individual assumptions on task punctuality, operational time allocation, and charging behaviour.

The results should therefore be interpreted as conditional on the selected baseline fleet sizes. The
impact of a parameter change may differ at smaller or larger fleet sizes, because the amount of
operational slack changes. For example, a travel-speed reduction may have a limited effect when
sufficient vehicles are available, but may cause stronger punctuality losses when the fleet operates
close to its minimum feasible size. The sensitivity analysis therefore indicates how the baseline
configurations respond to parameter changes, but it does not replace the deterministic or stochastic
fleet-sizing experiments.

The final fleet-size recommendation is based on the combined interpretation of the deterministic
fleet-size results, the uncertainty experiments, and the marginal improvement of additional vehi-
cles. The sensitivity analysis should therefore be interpreted as a robustness test around selected
reference configurations, rather than as a standalone fleet-sizing method.

The tested parameters include service duration, travel speed, and an energy bundle consisting of the
battery window, energy consumption, and charging speed. A reduction of the energy bundle means
that the usable battery window and charging speed decrease, while energy consumption increases.
An increase of the energy bundle represents the opposite combination. Parameters that directly
affect task feasibility, such as service duration and travel speed, are expected to have a stronger
effect than battery-related parameters when charging is not binding.

It should be noted that service times are fixed operational input values provided by KLM. There-
fore, an increase in service time does not necessarily represent a realistic operational decision or
expected change in the standard handling process. In some cases, increasing the service time may
also make the required service duration longer than the available time within the corresponding
service window. Such tasks can then no longer be completed on time by definition, regardless of
dispatching performance or vehicle availability. This means that the negative effect of higher ser-
vice times may partly overstate the operational impact. Nevertheless, the service-time sensitivity
remains useful as a stress test of the planning structure. It indicates how much slack is available
in the operational schedule and how vulnerable the operation is to longer-than-expected handling
durations. The service-time sensitivity should therefore be interpreted primarily as an indicator of
schedule robustness.
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Water Vehicles

In the baseline run, all 304 water-service tasks are completed and the unserved task rate remains
0%. However, 7 tasks are completed after their service-window closure, resulting in an on-time
task completion rate of 97.70%. The average delay of these late completions is 2.86 minutes. The
baseline also shows that charging is not a binding operational constraint: there are 48 charging
sessions, all charging sessions start immediately, and no charging queue occurs. The operational
sensitivity results for water vehicles are reported in Table 6.19.

Table 6.19: Operational sensitivity results for water vehicles

Parameter
Change

(%)
On-time
rate (%)

Late
tasks

Started within
window (%)

Avg. late finish
delay (min)

Travel speed -20 96.38 11 98.36 5.64

Travel speed -10 97.37 8 99.34 5.38

Travel speed 0 97.70 7 99.67 2.86

Travel speed +10 99.01 3 100.00 2.33

Travel speed +20 99.67 1 100.00 2.00

Service time -20 100.00 0 100.00 0.00

Service time -10 100.00 0 100.00 0.00

Service time 0 97.70 7 99.67 2.86

Service time +10 93.42 20 98.36 5.35

Service time +20 90.46 29 96.71 7.79

The operational sensitivity results show that the on-time task completion rate is mainly affected
by the service time and, to a lesser extent, by travel speed. Reducing the service time by 10% or
20% eliminates all late completions and increases the on-time task completion rate to 100.00%. In
contrast, increasing the service time by 10% reduces the on-time completion rate from 97.70% to
93.42%, while a 20% increase reduces it further to 90.46%. The number of late tasks increases from 7
in the baseline to 20 and 29 tasks respectively. The average delay of late completions also increases,
from 2.86 minutes in the baseline to 5.35 minutes at +10% service time and 7.79 minutes at +20%
service time.

Travel speed also affects punctuality, but its effect is smaller than the effect of service time. A 20%
reduction in travel speed decreases the on-time task completion rate from 97.70% to 96.38%, corre-
sponding to 11 late tasks. A 20% increase in travel speed improves the on-time task completion rate
to 99.67%, with only one late task remaining. This indicates that travel time does influence the avail-
able operational slack, but that the water operation is more sensitive to changes in service duration
than to changes in travel speed.

The operational time shares further support this interpretation. When travel speed is reduced by
20%, the travel time share increases to 12.19%, compared with 10.60% in the baseline. When travel
speed is increased by 20%, the travel time share decreases to 8.84%. For service time, the service
time share increases from 26.58% in the baseline to 29.26% at +10% service time and 31.49% at +20%
service time. These changes reduce the time available for waiting, repositioning, and absorbing
schedule deviations, which explains the decline in punctuality. The energy-related sensitivity results
for water vehicles are reported in Table 6.20.
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Table 6.20: Energy sensitivity results for water vehicles

Parameter
Change

(%)
Charging
sessions

Avg. charger
occupancy (%)

Peak charger
usage (%)

Charger power 0 48 13.75 63.64

Charger power +100 37 6.96 45.45

Charger power +200 33 4.68 36.36

Charger power +300 32 3.74 27.27

Charger power +400 31 3.01 36.36

Energy consumption 0 48 13.75 63.64

Energy consumption +100 85 23.08 100.00

Battery bundle -20 68 19.05 90.91

Battery bundle -10 58 15.92 72.73

Battery bundle 0 48 13.75 63.64

Battery bundle +10 38 11.78 72.73

Battery bundle +20 34 10.39 63.64

The energy-related parameters mainly affect charging demand rather than task punctuality. The on-
time completion rate remains 97.70% in all energy sensitivity runs, and all 304 tasks remain com-
pleted. Higher charger power reduces the number and duration of charging sessions, while doubled
energy consumption increases charging sessions, average charger occupancy, and peak charger use.
This indicates that, in the tested water configuration, energy-related assumptions are mainly rele-
vant for charging-infrastructure robustness rather than for explaining late task completion.

Toilet Vehicles

In the baseline run, all 301 toilet-service tasks are completed and the unserved task rate remains
0%. All tasks are started and finished within their service windows, resulting in an on-time task
completion rate of 100.00%. The baseline contains 48 charging sessions, no charging queue, and
all charging sessions start immediately. This indicates that neither vehicle availability nor charging
availability is a binding constraint in the deterministic baseline case. The operational sensitivity
results for toilet vehicles are reported in Table 6.21.

Table 6.21: Operational sensitivity results for toilet vehicles

Parameter
Change

(%)
On-time
rate (%)

Late
tasks

Service
share (%)

Travel
share (%)

Travel speed -20 100.00 0 18.37 14.61

Travel speed -10 100.00 0 18.18 13.19

Travel speed 0 100.00 0 18.28 12.05

Travel speed +10 100.00 0 18.28 10.98

Travel speed +20 100.00 0 18.28 10.40

Service time -20 100.00 0 14.96 12.35

Service time -10 100.00 0 16.47 12.32

Service time 0 100.00 0 18.28 12.05

Service time +10 100.00 0 20.27 12.34

Service time +20 100.00 0 21.50 11.89

The operational sensitivity results show that the toilet-service operation is robust to the tested
changes in travel speed and service time. In all operational sensitivity runs, the on-time task com-
pletion rate remains 100.00%, no tasks are completed late, and the unserved task rate remains 0%.
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This means that, within the tested parameter range, the toilet fleet has sufficient operational slack
to absorb slower travel speeds and longer service durations.

Travel speed mainly affects the distribution of operational time rather than task punctuality. When
travel speed is reduced by 20%, the travel time share increases from 12.05% in the baseline to
14.61%. When travel speed is increased by 20%, the travel time share decreases to 10.40%. However,
these changes do not affect whether tasks are completed on time. This indicates that the toilet-
service planning contains enough buffer to absorb the tested variation in travel time.

The service-time sensitivity shows a similar pattern. Increasing the service time by 10% and 20% in-
creases the service time share from 18.28% in the baseline to 20.27% and 21.50% respectively. How-
ever, all 301 tasks are still completed within their service windows. This suggests that, in contrast to
the water case, the toilet-service operation has more available slack in the deterministic schedule.
The energy-related sensitivity results for toilet vehicles are reported in Table 6.22.

Table 6.22: Energy sensitivity results for toilet vehicles

Parameter
Change

(%)
Charging
sessions

Avg. charger
occupancy (%)

Peak charger
usage (%)

Queue
time (min)

Charger power 0 48 18.98 77.78 0

Charger power +100 38 10.24 77.78 0

Charger power +200 36 7.01 66.67 0

Charger power +300 34 5.33 66.67 0

Charger power +400 34 4.30 66.67 0

Energy consumption 0 48 18.98 77.78 0

Energy consumption +100 91 33.70 100.00 39

Battery bundle -20 67 26.57 100.00 0

Battery bundle -10 66 22.27 88.89 0

Battery bundle 0 48 18.98 77.78 0

Battery bundle +10 46 16.82 77.78 0

Battery bundle +20 40 13.77 77.78 0

The energy-related parameters mainly affect charging infrastructure load rather than task punc-
tuality. The on-time completion rate remains 100.00% in all toilet energy sensitivity runs. Higher
charger power reduces charging sessions and average charger occupancy, while doubled energy
consumption increases charging sessions, average charger occupancy, peak charger use, and
queueing. This shows that the tested toilet configuration contains enough operational slack to ab-
sorb the increased charging burden, although the charging infrastructure becomes more heavily
loaded.

Loaders

In the baseline run, all 147 loader tasks are completed and the unserved task rate remains 0%. All
tasks are started and finished within their service windows, resulting in an on-time task completion
rate of 100.00%. The baseline contains 32 charging sessions, no charging queue, and all charging
sessions start immediately. This indicates that neither vehicle availability nor charging availability
is a binding constraint in the deterministic baseline case. The operational sensitivity results for
loaders are reported in Table 6.23.
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Table 6.23: Operational sensitivity results for loaders

Parameter
Change

(%)
On-time
rate (%)

Late
tasks

Started within
window (%)

Avg. late finish
delay (min)

Travel speed -20 100.00 0 100.00 0.00

Travel speed -10 100.00 0 100.00 0.00

Travel speed 0 100.00 0 100.00 0.00

Travel speed +10 100.00 0 100.00 0.00

Travel speed +20 100.00 0 100.00 0.00

Service time -20 100.00 0 100.00 0.00

Service time -10 100.00 0 100.00 0.00

Service time 0 100.00 0 100.00 0.00

Service time +10 0.00 147 100.00 3.29

Service time +20 0.00 147 100.00 7.87

The operational sensitivity results show that the loader operation is robust to changes in travel
speed, but highly sensitive to increases in service time. Changing travel speed between −20% and
+20% does not affect task punctuality. In all travel-speed sensitivity runs, all 147 tasks are com-
pleted, all tasks are started within their service windows, and the on-time task completion rate re-
mains 100.00%. This indicates that, in the deterministic loader case, travel time is not a binding
constraint for task completion.

The effect of the service-time sensitivity is fundamentally different. Reducing the service time by
10% or 20% keeps the on-time task completion rate at 100.00%. However, increasing the service
time by 10% or 20% reduces the on-time task completion rate to 0.00%. In both cases, all 147 tasks
are still completed and all tasks are still started within their service windows, but all tasks finish after
the service-window closure. The average finish delay outside the service window is 3.29 minutes for
the +10% service-time case and 7.87 minutes for the +20% service-time case.

The operational time shares support this interpretation. In the baseline, the service time share is
16.18% and the travel time share is 1.20%. When the service time is increased by 10%, the service
time share increases to 17.53%, and at +20% it increases to 19.40%. The travel time share remains
low in all operational sensitivity runs. This confirms that the reduction in punctuality in the service-
time sensitivity is caused by longer handling durations rather than by travel-time limitations. The
energy-related sensitivity results for loaders are reported in Table 6.24.

Table 6.24: Energy sensitivity results for loaders

Parameter
Change

(%)
Charging
sessions

Avg. charger
occupancy (%)

Peak charger
usage (%)

Charger power 0 32 10.02 75.00

Charger power +100 34 5.07 71.43

Charger power +200 35 3.42 75.00

Charger power +300 34 2.57 67.86

Charger power +400 34 2.07 67.86

Energy consumption 0 32 10.02 75.00

Energy consumption +100 68 16.75 57.14

Battery bundle -20 50 13.93 64.29

Battery bundle -10 41 12.27 67.86

Battery bundle 0 32 10.02 75.00

Battery bundle +10 26 8.62 82.14

Battery bundle +20 25 7.38 89.29
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The energy-related parameters mainly affect charging demand rather than task punctuality. The on-
time completion rate remains 100.00% in all loader energy sensitivity runs. Higher charger power re-
duces average charger occupancy, while doubled energy consumption and negative battery-bundle
settings increase charging sessions and charger occupancy. Because no charging queues occur in
these runs, the energy-related changes do not affect task completion in the deterministic loader
configuration.

6.3.10. Result Synthesis
The result synthesis links the simulation outcomes back to the modelling requirements established
earlier in the thesis. The operational foundations in Chapter 2 explain why fleet capacity depends
on time-window feasibility, stand locations, vehicle movements, and service-specific constraints.
The electrification section in Section 2.2 explains why vehicle availability must also be interpreted
through SOC, charging access, and charging duration. The uncertainty section in Section 2.3 ex-
plains why deterministic sufficiency is not necessarily equivalent to stochastic robustness. The syn-
thesis therefore interprets fleet-size thresholds as the combined outcome of operational demand,
charging constraints, uncertainty, and control logic. This section synthesises the main findings from
the deterministic fleet-sizing experiments, the stochastic fleet-sizing experiments, and the sensitiv-
ity analysis. The aim is to compare the strict fleet-size requirements with more pragmatic lower-
bound alternatives and to clarify how uncertainty and operational assumptions affect the interpre-
tation of the results.

Fleetsize Outcomes

The fleet-sizing results show that the required number of eGSE vehicles depends strongly on the
interpretation of the service-level requirement. A strict interpretation requires 100% on-time task
completion in all tested runs. A more pragmatic interpretation accepts a very small number of short
internal service-window violations, provided that the overall service level remains high and the de-
lays are operationally minor.

Under deterministic operating conditions, without task-timing uncertainty or travel-time uncer-
tainty, the minimum strict fleet sizes are 12 water vehicles, 11 toilet vehicles, and 23 loaders. These
are the smallest tested configurations that complete all tasks within their service windows under
nominal assumptions. The deterministic results also show that some smaller configurations al-
ready perform close to the strict requirement. However, these configurations still produce late task
completions and therefore do not satisfy the 100% on-time criterion.

When combined task-timing and travel-time uncertainty is included, the strict fleet-size require-
ments increase to 16 water vehicles, 15 toilet vehicles, and 25 loaders. This shows that uncertainty
affects the required fleet capacity, even when the total number of daily tasks remains unchanged.
The main effect of uncertainty is that it changes the timing of task demand and vehicle availability.
As a result, vehicles may become unavailable during short demand peaks, which increases the need
for operational buffer capacity.

The stochastic experiments also show that smaller fleets may still be operationally relevant under a
less strict service-level interpretation. If a minimum on-time rate of 99.90% is accepted, the prag-
matic stochastic lower bounds are 11 water vehicles, 9 toilet vehicles, and 23 loaders. These con-
figurations achieve high service levels, but they are not equivalent to the strict robust fleet sizes.
They should be interpreted as lower-bound alternatives that require operational judgement about
the acceptability of the remaining late tasks. The fleet-size thresholds with and without idle forward
staging are summarised in Table 6.25.
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Table 6.25: Fleet-size thresholds with and without idle forward staging

Vehicle group Policy
Deterministic

strict
Stochastic

strict
Pragmatic stochastic

(≥ 99.90%)

Water vehicles Baseline 12 16 ≥ 11

Idle forward staging 12 14 ≥ 11

Change 0 −2 0

Toilet vehicles Baseline 11 15 ≥ 9

Idle forward staging 9 10 ≥ 8

Change −2 −5 −1

Loaders Baseline 23 25 ≥ 23

Idle forward staging 23 25 ≥ 23

Change 0 0 0

It is important to interpret these values as operational fleet-size requirements produced by the sim-
ulation model, not as final procurement recommendations. The table identifies the number of vehi-
cles required to satisfy the tested service-level criteria during simulated daily operations. In practice,
an additional technical reserve would still be required to account for maintenance, failures, battery
degradation, charger unavailability, and other causes of temporary vehicle unavailability. The simu-
lated fleet sizes therefore form the operational basis for fleet planning, after which a reserve margin
should be added depending on vehicle criticality and maintenance policy.

The results therefore support two fleet-size interpretations. From a strict service-level perspective,
the recommended fleet sizes are 16 water vehicles, 15 toilet vehicles, and 25 loaders. These are
the smallest tested configurations that achieve 100% on-time task completion under combined op-
erational uncertainty. From a more pragmatic operational perspective, smaller fleets may also be
defensible if the remaining delays are rare, short, and do not affect aircraft departure punctuality. In
the tested stochastic runs, the pragmatic lower-bound configurations achieve 99.91% on-time com-
pletion for water vehicles, 99.90% for toilet vehicles, and 99.93% for loaders, with average lateness
values of 2.13, 3.22, and 3.67 minutes, respectively.

To assess the precision of the stochastic fleet-sizing results, replication-level 95% confidence inter-
vals were calculated for the on-time completion rate at the main fleet-size thresholds. This check
focuses on the combined uncertainty setting, because this experiment is used to determine the
stochastic strict and pragmatic lower-bound fleet sizes. All stochastic experiment groups contained
30 replications with 30 unique random seeds.

Table 6.26 shows the confidence intervals for the key fleet sizes. These include the pragmatic lower-
bound fleet sizes and the strict robust fleet sizes for each vehicle group. The confidence intervals are
used only to assess the precision of the estimated mean on-time completion rate. They are not used
to determine the strict robust threshold, which remains based on the requirement of 100% on-time
completion in all sampled stochastic replications.

Table 6.26: Replication-level confidence intervals for on-time completion rate under combined uncertainty

Vehicle group
Stochastic

strict
Pragmatic stochastic

(≥ 99.90%)
Pragmatic mean
on-time rate (%)

Pragmatic
95% CI (%)

Water vehicles 16 ≥ 11 99.91 [99.85, 99.98]

Toilet vehicles 15 ≥ 9 99.90 [99.80, 100.00]

Loaders 25 ≥ 23 99.93 [99.83, 100.00]

The confidence intervals indicate that 30 replications provide a sufficiently narrow estimate of the
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mean on-time completion rate for the purpose of comparing the tested fleet-size thresholds, but
they do not establish formal reliability guarantees. The half-widths of the confidence intervals are
small, with values of approximately 0.06 percentage points for water vehicles and approximately
0.10 percentage points for toilet vehicles and loaders at the pragmatic lower-bound fleet sizes. The
strict robust fleet sizes show no variation in on-time completion rate across the sampled replica-
tions, because all 30 replications achieve 100% on-time completion.

However, the confidence intervals also show that the pragmatic lower-bound fleet sizes are bound-
ary cases. Water vehicles with 11 vehicles, toilet vehicles with 9 vehicles, and loaders with 23 vehi-
cles all achieve a mean on-time completion rate around or above the 99.90% pragmatic threshold,
but their lower confidence bounds fall below this threshold. These fleet sizes should therefore be
interpreted as pragmatic lower bounds based on high average sampled performance, not as statis-
tically strict guarantees that the 99.90% threshold will be exceeded under every possible stochas-
tic realisation. This distinction is important for interpreting the fleet-size results. The pragmatic
lower-bound fleet sizes are useful because they show that near-perfect service performance can be
achieved with substantially fewer vehicles than the strict robust fleet size. At the same time, the
strict robust threshold remains the more conservative criterion: it requires 100% on-time comple-
tion in every sampled stochastic replication.

The two exploratory operational-control variants provide additional insight into possible ways to
improve daily execution, but they do not replace the main fleet-sizing results. Idle forward staging
shows that vehicle positioning between tasks can influence punctuality and operational mileage.
In particular, it reduces unnecessary depot-centred deadheading and can improve performance for
vehicle groups where lateness is partly caused by repeated depot returns. Feasibility-aware triage
dispatching shows that task-ordering logic can reduce the number of late tasks under scarce-fleet
conditions by prioritising tasks that can still meet their service-window deadline. However, this
also increases the lateness of the remaining late tasks. These variants therefore indicate promising
operational-control directions, but they are not used as the basis for the final fleet-size recommen-
dations.

Sensitivity Interpretation

The sensitivity analysis provides context for interpreting the fleet-size outcomes, but it should be
read as a local robustness test around selected reference configurations. The tested configurations
are 11 water vehicles, 11 toilet vehicles, and 25 loaders. Therefore, the sensitivity results do not pro-
vide general conclusions for all possible fleet sizes. Sensitivity to operational parameters depends
on the amount of available slack. Smaller fleets have less idle time and are generally more vulnera-
ble to changes in service duration, travel speed, and depot-related assumptions. Larger fleets may
absorb part of these changes through additional vehicle availability.

Across the tested reference configurations, charging is not the main cause of late task completion.
Energy-related parameters mainly affect the number of charging sessions, charger occupancy, peak
charger use, and charging infrastructure utilisation, while the on-time task completion rate remains
unchanged in the tested runs. This indicates that, for the analysed experiments, the main opera-
tional constraint is vehicle availability during demand peaks rather than energy feasibility.

The charger-use results also suggest that the assumed charging infrastructure may be conservative
for the tested conditions. Even in the most constrained charging case, which occurs for toilet vehi-
cles because this is the only tested group with fewer chargers than vehicles, charging does not be-
come a relevant operational bottleneck. The total charging waiting time is only 39 minutes, and this
waiting occurs while vehicles still have relatively high SOC levels of 59.8% and 69.0%. The vehicles
therefore request charging during idle time rather than because they are critically low on energy.

For the water operation, the sensitivity analysis is directly relevant to the pragmatic lower bound
because it is based on 11 water vehicles. The results show that this configuration is sensitive to
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service duration and travel speed. This means that the operational acceptability of an 11-vehicle
water fleet depends strongly on whether the assumed service times, travel times, and depot-return
behaviour are realistic. It does not imply that larger water fleets, such as 12 or 16 vehicles, would be
equally sensitive.

For the toilet operation, the sensitivity analysis is based on 11 vehicles. This configuration corre-
sponds to the deterministic strict fleet size, while the pragmatic stochastic lower bound is 9 vehicles
and the strict stochastic fleet size is 15 vehicles. The 11-vehicle configuration remains relatively sta-
ble under the tested changes in travel speed and service duration. This supports the interpretation
that the deterministic strict toilet fleet contains operational slack under nominal conditions. How-
ever, it does not prove that the 9-vehicle lower bound would remain equally robust under changed
assumptions.

For loaders, the sensitivity analysis is based on 25 loaders, which corresponds to the strict stochastic
fleet size. The results are therefore most useful for interpreting the robustness of the strict loader
configuration. The analysis shows that 25 loaders are robust to changes in travel speed, but highly
sensitive to increases in service duration. This indicates that loader performance is mainly con-
strained by the relationship between service duration and service-window length. The pragmatic
lower bound of 23 loaders should therefore be interpreted cautiously, because it has less operational
buffer than the tested 25-loader configuration.

Overall, the deterministic experiments identify the nominal fleet-size requirement, the stochastic
experiments show the additional capacity needed for robustness under uncertainty, and the sen-
sitivity analysis identifies which assumptions are most important for interpreting these outcomes.
The final fleet-size decision should therefore balance service reliability, vehicle utilisation, opera-
tional slack, charging infrastructure use, and the operational relevance of the remaining late tasks.



7
Discussion

This chapter discusses the transferability, limitations, modelling choices, and interpretation of the
simulation results for eGSE fleet sizing. First, the generalisability of the simulation framework is
examined by distinguishing between the transferable model structure and the case-specific numer-
ical outcomes for the KLM Schiphol case. Second, the main general and case-specific limitations
are discussed. Third, the principal modelling choices are reflected upon, with particular atten-
tion to the balance between operational realism, transparency, data availability, and computational
tractability. Finally, the fleet-sizing outcomes are interpreted by distinguishing between determin-
istic minimum fleet sizes, stochastic strict thresholds, pragmatic lower-bound fleet sizes, and tech-
nical fleet requirements. The implications of operational uncertainty, the average-day check, idle
forward staging, feasibility-aware triage, charging behaviour, and the sensitivity analyses are con-
sidered throughout these sections.

7.1. Generalisability of the Model
The developed simulation framework is transferable as a modelling approach, but the numerical
fleet-sizing outcomes are case-specific. The transferable contribution is the model structure, in
which eGSE operations are represented through time-window-based service tasks, individual ve-
hicle states, vehicle movements, battery state, charging behaviour, service-specific resource con-
straints, and capacity-constrained infrastructure. These mechanisms are not unique to the KLM
Schiphol case. They occur in many airport ground-handling systems in which mobile service re-
sources must complete time-critical tasks under operational and energy-related constraints.

The resulting fleet requirements are nevertheless determined by local operating conditions. Rele-
vant factors include the flight schedule, aircraft mix, stand distribution, apron layout, travel-time
assumptions, service rules, vehicle characteristics, charger availability, refill and dump infrastruc-
ture, operational-control policies, and uncertainty profiles. The fleet sizes identified in this study
should therefore not be transferred directly to another airport, airline, season, or operating day.
They represent the simulated operational requirements for the tested KLM Schiphol configurations
rather than universal eGSE fleet-size values.

This distinction also applies to the broader set of GSE types identified in the case-study chapter.
The model framework is designed so that additional vehicle groups can be represented within the
same general structure, provided that suitable vehicle-specific input data and operational rules are
available. However, the validated experimental scope of this thesis is limited to water vehicles, toi-
let vehicles, and loaders. The results should therefore not be interpreted as validated fleet-sizing
conclusions for all thirteen potential GSE types.

The selected vehicle groups nevertheless provide a useful basis for assessing the broader applica-
bility of the framework. Water and toilet vehicles represent depot-based and resource-constrained
operations with onboard capacity limitations and intermediate refill or dump visits. Loaders repre-
sent stand-side service equipment without onboard water or waste-resource constraints. Together,
these groups test two distinct operational modes within one simulation structure: depot-based re-
plenishment operations and stand-side task execution.

The effort required to add another vehicle type depends on whether its behaviour can be repre-
sented through the existing model logic. Some additional GSE types may primarily require new
input parameters, such as service duration, aircraft compatibility, starting location, travel speed,
battery capacity, charging thresholds, and energy consumption. Other vehicle types may require ad-

144



7.2. Limitations 145

ditional model mechanisms. Examples include stronger coupling to departure events, multi-vehicle
task dependencies, weather-dependent task generation, towing-specific safety constraints, stand-
access restrictions, or explicit precedence relations with other turnaround activities. Extending the
model is therefore not necessarily a parameterisation exercise only. Additional modelling choices,
verification, and validation may be required.

The same principle applies when the framework is transferred to another airport or operational
context. The local operation must first be translated into suitable task definitions, spatial map-
pings, vehicle rules, infrastructure constraints, and uncertainty assumptions. Each application also
requires validation using local operational data and expert judgement. Without this step, the model
structure may remain relevant, but its outputs would not be sufficiently reliable for fleet-capacity
decisions.

The framework should therefore be interpreted as a reusable decision-support structure rather than
as a source of universal fleet-size values. Its main generalisable contribution is the integrated rep-
resentation of task execution, vehicle availability, charging, service-specific resources, supporting
infrastructure, and operational uncertainty within a dynamic simulation environment. The numer-
ical results remain valid only within the tested case-study scope, while the framework provides a
structured basis for evaluating other airports, demand cases, seasons, and vehicle groups after ap-
propriate parameterisation, verification, and validation.

7.2. Limitations
Several limitations must be considered when interpreting the results. These limitations do not in-
validate the simulation outcomes, but they define the scope within which the results can be under-
stood and used for decision support.

7.2.1. General Modelling Limitations
A first limitation is the use of rule-based operational-control logic. Dispatching, task selection, vehi-
cle selection, charging decisions, refill and dump decisions, and depot-return behaviour are imple-
mented through transparent rules. This improves interpretability, enables consistent comparison
between experiments, and keeps the model computationally manageable for repeated fleet-sizing
and uncertainty analyses.

However, rule-based control does not fully represent human decision-making, informal coordina-
tion, operator experience, radio communication, local situational awareness, or ad hoc real-time
interventions. In practice, operators and dispatchers may deviate from standard procedures when
they anticipate congestion, identify an operationally critical task, know that another vehicle will
soon become available, or coordinate with other turnaround activities. The model should there-
fore be interpreted as a structured approximation of operational control rather than as a complete
representation of daily human decision-making.

A second limitation concerns the uncertainty scope. The active stochastic inputs are task-timing
uncertainty and travel-time uncertainty. These sources were selected because they directly affect
the two principal drivers of dynamic vehicle availability. Task-timing uncertainty changes when
aircraft-dependent service demand occurs, while travel-time uncertainty changes when vehicles
reach tasks and become available after previous assignments. Historical operational flight data were
available to support the task-timing profiles, while travel-time uncertainty could be implemented
as a transparent and bounded operational assumption.

Other relevant uncertainty sources are not sampled stochastically. These include service-duration
variation, task-occurrence uncertainty, variation in water and waste quantities, variation in en-
ergy consumption, operator behaviour, operator availability, weather effects, charger failures, ve-
hicle breakdowns, battery degradation, aircraft stand changes, and disruption-driven reschedul-
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ing. These factors are addressed through deterministic assumptions, sensitivity analyses, validation
checks, expert review, or explicit scope limitations, but they are not jointly sampled in the stochastic
experiments.

The excluded uncertainty sources could affect the fleet-size conclusions in different ways. Vehicle
breakdowns, charger failures, and battery degradation would mainly increase temporary vehicle un-
availability and could consequently increase the required technical reserve. Service-duration varia-
tion could create additional task overlap and is particularly relevant for loaders because their service
windows contain limited operational slack. Aircraft stand changes could increase travel demand
and alter the spatial concentration of tasks. Weather conditions could affect travel time, service du-
ration, battery performance, and energy consumption. Task-occurrence uncertainty could change
the total operational workload, whereas the implemented task-timing uncertainty mainly changes
the timing of demand. The stochastic fleet-sizing outcomes should therefore be interpreted as ro-
bustness under the two uncertainty mechanisms tested in this thesis, not as robustness against the
complete range of real-world disturbances.

The primary performance metric also creates an interpretive limitation. On-time task completion
measures whether a task is completed within its internal service window. This provides a clear and
consistent basis for comparing fleet sizes, uncertainty settings, sensitivity cases, and operational-
control variants. However, an internal service-window violation is not equivalent to an aircraft
departure delay. A task may be completed shortly after its internal deadline without affecting OB
punctuality if sufficient turnaround slack remains. Conversely, a short delay in an operationally
critical task may have a greater impact than a longer delay in a less critical activity.

Because the model does not represent the complete turnaround critical path or explicit aircraft-
delay propagation, its outputs should be interpreted as ground-handling service-performance out-
comes rather than as direct predictions of aircraft punctuality. The on-time completion percentage
also treats all service-window violations equally. A task that is one minute late receives the same
binary status as a task that is substantially late. Supporting indicators such as the number of late
tasks, average lateness, maximum lateness, and unserved tasks partly address this limitation, but
the model does not explicitly weight tasks according to operational criticality or potential departure
impact. Linking internal service-window violations more directly to aircraft departure punctuality
would improve the operational interpretation of the results.

Charging behaviour is represented explicitly, but the battery and charging model remains sim-
plified. The model includes usable battery capacity, energy consumption, SOC, charging thresh-
olds, charger power, charger capacity, charging sessions, charging queues, and charging-related
vehicle unavailability. This level of detail is appropriate for the operational fleet-sizing objective
of the study. However, the model does not include detailed electrochemical battery behaviour,
temperature-dependent performance, long-term battery degradation, charger reliability, grid con-
straints, or detailed charger-sharing strategies across all possible GSE users. Under conditions such
as fewer chargers, charger failures, cold-weather performance losses, degraded batteries, higher en-
ergy consumption, or more intensive demand patterns, charging could become a more restrictive
operational constraint.

The overall model scope also limits the interpretation of the results. The simulation represents se-
lected GSE operations and their interaction with vehicle availability, charging, resource replenish-
ment, infrastructure constraints, and operational uncertainty. It does not represent the complete
aircraft turnaround process, detailed airside traffic interactions, crew availability, passenger board-
ing, baggage dependencies, fuelling interactions, aircraft stand changes, or multi-actor operational
coordination. This scope is appropriate for analysing fleet capacity and eGSE availability, but the
model should not be used as a real-time dispatching system or a complete aircraft-delay prediction
model without further operational integration, validation, and model development.

The tested operational-control variants should also be interpreted as exploratory. Idle forward stag-
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ing demonstrates that depot-centred repositioning can create avoidable inefficiency and that vehi-
cles may benefit from remaining closer to future demand. Practical implementation may neverthe-
less be constrained by apron safety regulations, available parking space near VOP positions, driver
handover procedures, dispatcher visibility, charging access, and local operating agreements.

Feasibility-aware triage is similarly an exploratory task-selection rule. It can increase the number
of on-time completions by prioritising tasks that can still be completed within their service win-
dows. However, this may increase the lateness of tasks that are already infeasible. The rule there-
fore improves one performance objective, but does not necessarily minimise total lateness, average
lateness, maximum lateness, or aircraft-level delay risk. Practical implementation would require
additional safeguards related to task criticality, maximum acceptable lateness, operational priority,
departure impact, and fairness between tasks.

7.2.2. Case-Study Modelling Limitations
A principal limitation of the case-study application is the number of operating days included. The
main experiments are based on one selected peak-demand day. This is appropriate for stress test-
ing because operationally critical eGSE fleets should not be sized only for average demand. How-
ever, one day cannot represent the complete variation in KLM operations across seasons, weekdays,
weekends, holiday periods, winter conditions, irregular disruption days, and different aircraft mixes.

The average-day robustness check for water vehicles partly addresses this limitation, but it does
not replace a broader multi-day analysis across a representative portfolio of operating days. The
fleet-size outcomes should therefore be interpreted as configuration-specific results for the tested
demand conditions rather than as universal fleet requirements for all KLM operating days.

Validation is also limited by the available case-study data. The model was assessed using oper-
ational data, expert judgement, service-demand checks, energy and charging behaviour, water-
demand checks, and uncertainty validation. This provides an adequate basis for system-level sce-
nario analysis. However, not every process could be validated using detailed vehicle-level observa-
tions. Travel-time variability, exact service execution times, operator behaviour, vehicle-level en-
ergy consumption, and several resource-use assumptions remain partly dependent on modelling
assumptions and expert review.

The strength of the empirical basis also differs between vehicle groups and processes. It is strongest
for water vehicles, more limited for toilet vehicles, and partly qualitative for loaders. Service-
resource validation is stronger for water and toilet vehicles than for loaders because the first two
operations include measurable onboard resource processes. Detailed validation of charging be-
haviour and SOC development is also constrained by the availability of vehicle-specific operational
data.

The model should consequently be interpreted as a credible decision-support approximation rather
than as a fully calibrated digital twin of KLM ground operations. Additional validation of service
times, travel times, depot dwell assumptions, vehicle-level charging behaviour, and SOC develop-
ment would strengthen the empirical basis of the model.

The conclusion that charging is not a binding punctuality constraint is also case-specific. In the
tested KLM Schiphol configurations for water vehicles, toilet vehicles, and loaders, late task com-
pletion is mainly associated with vehicle availability during demand peaks, travel time, service du-
ration, positioning logic, and depot-return behaviour. Charging primarily affects charging sessions,
charger occupancy, charging queues, peak charger use, and the distribution of vehicle time. This
finding is conditional on the tested assumptions for battery capacity, charger availability, charg-
ing power, energy consumption, fleet size, and operational demand. It should therefore be re-
assessed under reduced charger availability, charger failures, vehicle unavailability, battery degra-
dation, higher energy consumption, shared infrastructure use, and alternative demand days.
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Finally, the simulated operational fleet requirements do not include a technical reserve. The simu-
lation estimates how many vehicles must be operationally available to execute the modelled tasks.
It does not explicitly simulate planned maintenance, preventive maintenance, unexpected break-
downs, inspections, cleaning, long-term battery degradation, or extended charger and connector
failures. The operational fleet-size results should therefore not be used directly as procurement
quantities. A technical reserve must be added separately based on fleet criticality, maintenance per-
formance, expected technical availability, and access to backup vehicles. The required reserve may
differ between vehicle groups and may be particularly important for small or operationally critical
fleets.

Overall, the case-study results should be used as structured decision-support evidence rather than
as final operational prescriptions. Final implementation decisions require testing across addi-
tional representative operating days, a separate technical-reserve assessment, operational feasi-
bility checks, and expert review of the proposed control policies. Further testing should include
disruption scenarios, charging-infrastructure scenarios, and vehicle-availability scenarios.

7.3. Reflection on Model Scope and Modelling Choices
This section reflects on the rationale behind the main modelling choices and their influence on
the usefulness, generalisability, and interpretation of the results. The reflection first addresses the
overall modelling approach and subsequently discusses specific choices made for the KLM Schiphol
implementation.

7.3.1. General Reflection
The principal value of the developed simulation framework is that it combines fleet sizing, task exe-
cution, vehicle availability, charging behaviour, supporting infrastructure, service-specific resource
constraints, and operational uncertainty within one dynamic model. This integrated perspective is
required because these elements are strongly interdependent in electrified ground-handling oper-
ations.

A vehicle is operationally available only when several conditions are satisfied. It must be located
appropriately, have sufficient battery state, satisfy service-specific resource constraints, and be able
to complete the assigned task within its time window. Charging is similarly not only an energy-
management process. It determines when vehicles are unavailable for service and how charging
infrastructure is used during the operating day.

The selected model scope reflects a deliberate balance between operational realism and tractabil-
ity. The model includes the mechanisms considered most relevant to the research objective: time-
window-based tasks, individual vehicle states, travel between aggregated airport locations, battery
state, charging, refill and dump processes, depot-return behaviour, and stochastic variation in task
timing and travel time. It excludes the complete turnaround process, detailed operator coordina-
tion, and detailed battery degradation behaviour.

This abstraction allows the model to remain transparent and computationally manageable while
representing the main causes of temporary vehicle unavailability. Adding more detail would not
automatically improve the quality of the fleet-size conclusions. Additional mechanisms are useful
only when they can be supported by sufficiently reliable data and when they materially affect the
research objective.

The use of a rule-based DES is also a deliberate choice. An optimisation model could search for
globally optimal task assignments, routes, or charging schedules. However, such a model would
require stronger assumptions regarding objectives, constraints, future information, and operational
feasibility. Integrated optimisation of task assignment, routing, charging, individual vehicle states,
stochastic disturbances, and service windows may also become computationally demanding.
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The rule-based simulation instead represents operational execution through transparent dispatch-
ing and control logic. This is consistent with day-of-operations ground handling, where decisions
are made under time pressure and with limited information about future disturbances rather than
under perfect global coordination. The model therefore does not assume optimal airport opera-
tions. It evaluates how specified operational rules perform under dynamic conditions.

This distinction is important when interpreting fleet-size outcomes. A simulated fleet requirement
is determined partly by physical demand and partly by the operational rules used to control the
fleet. Inefficient positioning, depot-return, charging, or dispatching rules can result in a higher
apparent fleet requirement than more effective control policies. Fleet sizing and operational policy
should therefore not be treated as completely separate decisions.

A second central modelling choice concerns the definition of acceptable performance. The
same simulation outcomes can lead to different fleet-size conclusions depending on whether the
decision-maker applies a deterministic minimum, a stochastic strict threshold, or a pragmatic
lower-bound interpretation. This is not solely a technical modelling issue. It reflects the decision-
maker’s tolerance for operational risk, vehicle investment, underutilisation, and internal service-
window violations.

A strict 100% on-time requirement provides a conservative service-level criterion. However, it may
result in an additional vehicle being added to eliminate only a small number of short service-
window violations. A pragmatic lower-bound interpretation can use the fleet more efficiently, but
accepts a limited residual risk. The required service level should therefore be defined before simu-
lation outcomes are translated into fleet or investment decisions.

The results also demonstrate why one performance indicator is insufficient. The on-time comple-
tion rate provides a clear primary KPI, but does not explain why tasks are late. Supporting indica-
tors such as late-task counts, average lateness, maximum lateness, unserved tasks, vehicle utilisa-
tion, driven distance, depot returns, charging sessions, charging-threshold behaviour, charger oc-
cupancy, peak charger use, charging queues, and infrastructure interaction are needed to diagnose
the underlying bottleneck.

A lower service level may be caused by insufficient fleet capacity, but may also result from peak clus-
tering, unnecessary depot returns, long service durations, travel assumptions, onboard resource
constraints, infrastructure interaction, or imposed depot dwell behaviour. The model is therefore
most useful as a diagnostic decision-support tool rather than only as a method for selecting one
fleet-size number.

The modelling approach should not replace operational judgement. Its primary strength is that as-
sumptions are made explicit and can be tested consistently across experiments. It can quantify how
fleet size, uncertainty assumptions, charging parameters, service assumptions, depot-return rules,
charging thresholds, infrastructure constraints, and task-selection logic affect operational perfor-
mance. The results are most valuable when combined with expert judgement, operational feasibil-
ity checks, and testing across multiple representative operating days.

The modelling choices made in this thesis are therefore appropriate for evaluating eGSE fleet capac-
ity under operational uncertainty and charging constraints. The model does not reproduce every
detail of airport ground handling, but it captures the principal mechanisms through which electri-
fication, timing variability, vehicle availability, depot-return behaviour, resource constraints, charg-
ing, and operational control interact. The most useful next step is not necessarily to add model de-
tail indiscriminately, but to strengthen the empirical basis of the existing structure through broader
operating-day coverage and more extensive validation.
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7.3.2. Case-Study Reflection
A specific modelling choice in the case-study application concerns the depot dwell time for water
and toilet vehicles. When these vehicles return to the depot, they remain there for a minimum of 15
minutes before becoming available again. This prevents an unrealistic process in which a vehicle
returns to the depot, becomes available for only a very short period, and immediately departs for
another task.

The dwell period approximates operational processes that are not represented explicitly, such as
parking, operator handover, administrative handling, vehicle changeover, or the practical time re-
quired before redeployment. In reality, this process may occasionally be shorter, for example when
another operator can use the vehicle immediately. The 15-minute dwell time should therefore be
interpreted as a simplifying and partly conservative operational assumption.

This assumption also affects the interpretation of idle forward staging. The benefit of the variant
does not arise only from improved vehicle positioning. It combines three effects: avoiding unnec-
essary travel to the depot, keeping vehicles closer to future demand, and avoiding the modelled
depot dwell period. The results therefore demonstrate that depot-return policy can influence the
required operational capacity, but they do not prove that the complete simulated fleet reduction
can be achieved in practice without further operational testing.

Another case-study insight concerns the role of charging. Electrification may create the expecta-
tion that battery capacity, charging duration, and charger availability will automatically dominate
fleet-sizing outcomes. These elements are important and must be represented in an eGSE model.
However, the tested KLM Schiphol experiments show that charging is not necessarily the binding
constraint for task punctuality.

In the reference configurations, service punctuality is mainly influenced by temporal vehicle avail-
ability, task overlap, travel time, service duration, vehicle positioning, and depot-return behaviour.
Charging remains operationally relevant because it changes the distribution of vehicle time and
determines charging sessions, charger occupancy, peak charger use, charging queues, and infras-
tructure utilisation. The relevant modelling lesson is therefore not that charging can be ignored,
but that the dominant bottleneck should be identified from the interaction between demand, fleet
capacity, vehicle states, charging rules, and infrastructure rather than assumed in advance.

The two operational-control variants illustrate different intervention mechanisms. Idle forward
staging changes where vehicles wait and how quickly they can reach future demand. Feasibility-
aware triage changes which tasks receive scarce capacity when not every task can still be completed
on time. The first variant mainly reduces avoidable vehicle movement and temporary unavailabil-
ity. The second changes how lateness is distributed across tasks. Both demonstrate that operational
policy can influence the apparent fleet-capacity requirement, but neither should be treated as a
final implementation policy without further assessment of safety, parking availability, operator de-
ployment, dispatcher procedures, charging access, task criticality, and operational acceptance.

7.4. Interpretation of Fleet-Sizing Outcomes
This section interprets the fleet-sizing outcomes beyond the numerical vehicle requirements re-
ported in the results chapter. It explains how the different simulated fleet sizes should be under-
stood and how service-level definitions, uncertainty, operational-control rules, and technical avail-
ability affect the resulting capacity conclusions.

7.4.1. General Interpretation
Four fleet-size concepts should be distinguished. The deterministic minimum fleet size is the small-
est fleet that achieves 100% on-time task completion under fixed operating assumptions. It repre-
sents nominal operational sufficiency without stochastic task-timing or travel-time variation.
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The stochastic strict threshold is the smallest tested fleet that achieves 100% on-time task com-
pletion in all 30 sampled replications of the relevant uncertainty setting. It provides a conservative,
experiment-based robustness criterion. However, it is not a formal probabilistic guarantee across all
possible operating days, disturbances, unmodelled uncertainty sources, or stochastic realisations.

The pragmatic lower-bound fleet size is a smaller fleet that achieves a very high average service level
while accepting a limited number of internal service-window violations. It is useful for evaluating
the trade-off between operational reliability and fleet efficiency. However, it should not be con-
sidered equivalent to the stochastic strict threshold, particularly when the lower confidence bound
falls below the selected service-level target.

The technical fleet requirement consists of the operational fleet requirement plus a separately de-
termined technical reserve. This reserve accounts for vehicles that are temporarily unavailable be-
cause of maintenance, failures, inspections, cleaning, battery degradation, charger unavailability,
or other technical causes. Because these processes are not represented explicitly in the operational
simulation, the technical reserve cannot be derived directly from the simulated operational fleet
requirement.

The difference between deterministic and stochastic fleet requirements is primarily caused by
changes in temporal vehicle availability. Operational uncertainty does not only make individual
trips longer or individual tasks later. It changes when demand occurs and when vehicles become
available following previous assignments. Even when the total daily workload remains unchanged,
relatively small timing changes can create local demand peaks.

During these peaks, vehicles may already be servicing, travelling, charging, refilling, dumping, re-
turning to the depot, or waiting for infrastructure. Operational slack is consequently reduced. This
confirms that eGSE fleet sizing is a dynamic availability problem rather than a static comparison
between total task volume and fleet size.

The task-timing uncertainty results require careful interpretation. In the model, task occurrence
and the associated service window shift together when an aircraft arrives early or late. The stochas-
tic experiment therefore evaluates whether the fleet can handle a changed temporal demand pat-
tern under delay-adjusted service windows. It does not evaluate whether delayed tasks can still be
completed within their original deterministic service windows.

This choice is reasonable because the service opportunity for many aircraft-dependent activities
moves with the aircraft arrival time. However, it also means that task-timing uncertainty can occa-
sionally improve the measured on-time completion rate by reducing overlap in the original demand
pattern. This does not imply that uncertainty is operationally beneficial. It demonstrates that fleet
performance depends on the temporal distribution of demand and the amount of schedule slack.

The strict 100% criterion creates a conservative fleet-size interpretation. Near the performance
threshold, an additional vehicle may eliminate only a small number of short internal service-
window violations. This creates a trade-off. A larger fleet improves reliability but increases invest-
ment, apron parking demand, potential charger demand, and underutilisation. A smaller fleet im-
proves fleet efficiency but accepts residual service risk.

As discussed in the limitations, an internal service-window violation does not automatically cause
an aircraft departure delay. The operational significance of residual lateness depends on its fre-
quency, duration, and criticality. A small number of short violations may be acceptable for some
vehicle groups, but this should be assessed using operational expertise and aircraft-level impact
rather than the on-time completion percentage alone.

The confidence-interval results reinforce the interpretation of pragmatic lower-bound fleet sizes as
boundary-case configurations. Their mean on-time completion rates may be close to the 99.90%
service-level target, while their lower confidence bounds fall below this value. These configurations
therefore indicate that near-perfect average performance may be possible with fewer vehicles, but
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they should not be interpreted as statistically strict service-level guarantees. Confidence intervals
quantify the precision of the estimated mean performance; they do not provide a guarantee for all
future operating conditions.

The sensitivity results further demonstrate that fleet-size outcomes depend on operational assump-
tions. Service duration, travel speed, depot-return rules, depot dwell time, task-selection logic,
charging thresholds, and infrastructure interaction all affect when vehicles become available again.
Part of the apparent fleet-capacity requirement may therefore be created by controllable operating
rules rather than by unavoidable physical demand.

Idle forward staging illustrates this mechanism. It can reduce depot-centred deadheading, avoid
unnecessary depot dwell, and keep vehicles closer to future demand. Its effect is greatest when per-
formance losses are caused by avoidable depot returns during short idle periods. It is less effective
when the binding constraint is simultaneous peak demand, long service duration, onboard resource
capacity, or infrastructure capacity. For vehicle groups whose tasks are already spatially distributed
or whose travel component is relatively small, the strict fleet-size threshold may remain unchanged
even when driven distance and depot-return movements decrease substantially.

Idle forward staging should therefore not be interpreted as a universal substitute for fleet capacity.
Its value depends on the underlying bottleneck and on whether forward parking is operationally
feasible. The relevant conclusion is that fleet size and positioning policy should be evaluated jointly.

Feasibility-aware triage has a different objective. It prioritises tasks that can still be completed
within their service windows and postpones tasks for which on-time completion is already infea-
sible. Under scarce capacity, this can increase the total number of on-time completions because
vehicles are not assigned immediately to tasks whose deadlines can no longer be met.

However, the postponed tasks may become more severely late. The rule therefore does not neces-
sarily minimise total lateness, average lateness, maximum lateness, or aircraft-delay risk. It primar-
ily demonstrates that task-selection logic affects how scarce capacity and lateness are distributed.
A practical dispatching policy would need to include task criticality, departure impact, maximum
acceptable lateness, and fairness between tasks.

Charging was not a binding constraint for service punctuality under the assumed fleet sizes, bat-
tery capacities, energy consumption, charger power, charging thresholds, and charger availability.
Energy-related parameters mainly affected charging sessions, charger occupancy, peak charger use,
charging queues, and infrastructure utilisation. This does not imply that charging is generally unim-
portant. Fewer chargers, charger failures, higher energy consumption, cold-weather conditions, de-
graded batteries, increased demand, or shared infrastructure use could make charging restrictive.
Fleet and charging-infrastructure decisions should therefore still be evaluated together.

Two general implications follow from these results. First, a fleet-size decision should not be based
on one deterministic simulation or one isolated KPI. A defensible decision requires a combined in-
terpretation of deterministic sufficiency, stochastic performance, marginal fleet-size improvement,
late-task severity, unserved tasks, vehicle utilisation, driven distance, charging activity, charger oc-
cupancy, queueing behaviour, and infrastructure interaction.

Second, fleet size should be evaluated together with operational-control rules. Positioning can re-
duce avoidable inefficiency, while task-selection logic changes how lateness is distributed under
scarce capacity. The preferred fleet size therefore depends on both the accepted service-level crite-
rion and the way the fleet is controlled during daily operations.

7.4.2. Case-Study Interpretation
The interpretation of the KLM Schiphol results differs between the three vehicle groups. Water ve-
hicles are sensitive to peak demand, travel time, service duration, refill behaviour, and depot-return
logic. A pragmatic water-vehicle fleet is therefore defensible only when assumptions concerning
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service duration, travel time, water demand, and refill operations are sufficiently reliable.

Toilet vehicles are more stable under the tested deterministic sensitivity settings, but stochastic un-
certainty still increases their capacity requirement. Their results demonstrate that deterministic suf-
ficiency does not automatically imply adequate performance under variable task timing and travel
conditions.

Loader performance shows only a limited difference between the deterministic and stochastic strict
thresholds, but it is highly sensitive to service duration. This reflects the limited slack between
loader service durations and the available service windows. A relatively small increase in handling
time can therefore remove operational slack and create additional late tasks.

The water-vehicle baseline also illustrates why task-timing uncertainty must be interpreted care-
fully. Because task times and service windows shift together, the changed demand distribution can
reduce local overlap in the original peak pattern. This can improve the measured on-time comple-
tion rate in some replications. The result does not indicate that uncertainty improves operations. It
confirms that local concurrency and the temporal distribution of demand are important drivers of
fleet performance.

Idle forward staging produces clear effects in the case study. For toilet vehicles, the deterministic
fleet-size requirement decreases from eleven to nine vehicles. Under combined uncertainty, the
variant also lowers the stochastic strict thresholds for water and toilet vehicles. This indicates that
positioning can create operational buffer when lateness is caused partly by avoidable repositioning
rather than by unavoidable peak concurrency.

However, the magnitude of this improvement is linked to the baseline depot-return logic and the
assumed 15-minute depot dwell period. The observed benefit combines reduced travel, improved
positioning, and avoided dwell time. The outcome should therefore be interpreted as evidence that
vehicle-positioning and depot-return policies matter, not as proof that the complete simulated fleet
reductions can be implemented directly without further testing.

The average-day check for water vehicles confirms that demand-day selection affects the fleet-size
outcome. The lower-demand day requires fewer vehicles, showing that the peak-day analysis pro-
vides a conservative capacity basis. However, the reduction in fleet requirement is not directly pro-
portional to the reduction in total daily tasks. Local concurrency, peak-hour demand, stand dis-
tribution, travel requirements, and available schedule slack remain important on the average day.
Fleet size is therefore determined by the temporal and spatial distribution of demand rather than
by total daily workload alone.

For the tested KLM Schiphol configurations, charging is not a binding cause of late task completion.
This conclusion applies to the tested water, toilet, and loader configurations under the assumed bat-
tery capacities, charger availability, charging power, charging thresholds, energy consumption, and
demand conditions. It should not be generalised to all eGSE operations or all future Schiphol con-
figurations. Changes in charging infrastructure, battery condition, shared charger use, fleet compo-
sition, weather conditions, or operational demand could alter the dominant bottleneck.

Overall, the KLM Schiphol outcomes should be used as structured evidence for operational fleet
planning rather than as final procurement advice. The tested thresholds show how service-level
interpretation, operational uncertainty, vehicle positioning, depot-return behaviour, charging as-
sumptions, and vehicle-specific task characteristics interact.

Before implementation, the operational fleet sizes should be tested across additional representa-
tive operating days, combined with a technical-reserve assessment, and reviewed for practical fea-
sibility by operational experts. Additional testing should include disruption scenarios, charging-
infrastructure scenarios, vehicle-availability scenarios, and alternative operational-control policies.
Further validation of service times, travel times, depot dwell behaviour, charging patterns, and SOC
development would strengthen the practical basis of the recommendations. Linking late internal
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service tasks more directly to aircraft departure punctuality would further improve the translation
from simulated service performance to operational fleet-planning decisions.



8
Conclusion

The chapter is structured as follows. It first reiterates the six SQs that operationalise the central RQ,
ensuring that the conclusion is explicitly anchored to the study’s analytical framework. The sub-
sequent subsections then consolidate the main findings into concise answers to SQ 1–SQ 6, mov-
ing from the operational characterisation of GSE and the required model inputs to the simulation
design, uncertainty representation, performance indicators, and fleet-sizing interpretation. Build-
ing on these synthesised answers, the chapter finally addresses the RQ directly by translating the
simulation outcomes into broader conclusions on how operational requirements, uncertainty, and
charging constraints affect required eGSE fleet capacity and demand in airport turnaround opera-
tions.

8.1. Sub-questions (SQs)
In order to answer the RQ, the following set of SQs is formulated:

SQ 1. Which GSE types exist and what are the functions and duty cycles of these types?

SQ 2. What input requirements and data sources are necessary to model an eGSE fleet while cap-
turing operational requirements, uncertainty, and charging processes?

SQ 3. How can airport eGSE operations be represented in a simulation model using appropriate
charging control rules, decision rules and parameters?

SQ 4. How can task-timing and travel-time uncertainty in eGSE operations be incorporated into
a simulation model?

SQ 5. Which KPIs best capture the impact of eGSE implementation on operational performance
and resource requirements?

SQ 6. How can the required eGSE fleet capacity be determined from simulation outcomes, and
how do demand conditions, operational positioning, and task-selection rules affect service
performance?

Together, the SQs connect the literature review, simulation-framework design, case-study imple-
mentation, validation, simulation experiments, and final fleet-sizing interpretation. They therefore
support the RQ by moving from conceptual model requirements to operational and stochastic fleet-
size outcomes.

8.1.1. Sub-question (SQ) 1
GSE consists of the vehicles and equipment required to support aircraft during ground handling
operations. These vehicles are not one homogeneous group, but can be classified according to their
function in the turnaround process and according to their operational duty cycle. The required GSE
configuration depends on the aircraft type, stand configuration, flight type, airline procedures, and
the specific services required during the turnaround.

From a functional perspective, GSE can be divided into several main groups. First, aircraft sup-
port equipment provides technical support to the aircraft while it is parked at the stand. Examples
are Ground Power Unit (GPU), Air Starter Unit (ASU), and Pre-Conditioned Air Unit (PCA). These
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units supply electricity, air, or conditioned air to the aircraft and are usually connected to the air-
craft for part of the turnaround process. Their duty cycle is therefore mainly stand-based and time-
dependent: they remain at or near the aircraft while the service is required.

Second, aircraft movement equipment is used to move or reposition aircraft. This includes push-
back tractors, and towing vehicles. These vehicles perform short but operationally critical tasks,
often directly linked to aircraft departure or repositioning. Their duty cycle is characterised by rel-
atively short service events, high power demand, strict timing, and strong dependence on the flight
schedule.

Third, aircraft servicing equipment performs physical service operations on the aircraft. This cat-
egory includes potable-water vehicles, toilet or lavatory-service vehicles, fuel trucks, catering vehi-
cles, de-icing vehicles, and cleaning-related support equipment. These vehicles are usually stand-
based during service execution, but their duty cycles differ by resource requirement. Water vehicles
need to refill the aircraft and may need to visit a water refill point. Toilet vehicles empty the lavatory
system and may need to visit a dump point. Catering and fuel vehicles also depend on resource
quantities and may require replenishment between tasks. These vehicles therefore often follow a
resource-limited duty cycle, where the number of aircraft that can be served depends not only on
time availability, but also on onboard capacity.

Fourth, passenger handling equipment supports passenger boarding and disembarking. Examples
are passenger stairs, passenger buses, and passenger lift vehicles. Their function depends strongly
on the stand type. At contact stands, passengers may board through a passenger boarding bridge,
while remote stands often require stairs and buses. The duty cycle of passenger handling equip-
ment is therefore strongly connected to passenger flows, boarding procedures, and the distinction
between terminal and remote stands.

Fifth, baggage and cargo handling equipment is used to load, unload, and transport baggage, cargo,
and unit load devices. This category includes belt loaders, lower-deck loaders, baggage tractors,
baggage carts, cargo transporters, and loader-transporters. Some of these vehicles, such as loaders
and belt loaders, mainly operate at the aircraft stand during loading or unloading. Others, such
as baggage tractors and transporters, follow repeated movements between the aircraft stand and
baggage or cargo handling areas. Their duty cycle is therefore often round-trip based and depends
on baggage volume, aircraft type, and the timing of loading and unloading activities.

From an operational perspective, the duty cycles of GSE can be summarised in three broad working
modes. The first is a continuous working mode, where vehicles can move from one aircraft stand to
the next without needing an intermediate resource stop. Examples include towing tractors, stairs,
transporters, and loaders. The second is a resource-limited working mode, where vehicles can only
serve a limited number of aircraft before they must refill, dump, or replenish. Water, toilet, cater-
ing, and fuel vehicles are typical examples. The third is a round-trip working mode, where vehicles
repeatedly travel between the aircraft stand and another operational location, such as a terminal,
baggage hall, cargo area, depot, or service point. Passenger buses, and baggage tractors are exam-
ples of this mode.

The answer to SQ1 is therefore that GSE types differ both in function and in operational behaviour.
Functionally, they can be grouped into aircraft support, aircraft movement, aircraft servicing, pas-
senger handling, and baggage or cargo handling equipment. Operationally, their duty cycles can
be described as stand-based, continuous, resource-limited, or round-trip based. This distinction
is important for eGSE modelling because each duty cycle creates different requirements for fleet
size, travel time, service timing, battery capacity, charging opportunities, and supporting infras-
tructure. In this thesis, the case-study model focuses on water vehicles, toilet vehicles, and loaders,
but the same modelling logic can be extended to other GSE types when their task rules, resource
requirements, movement patterns, and charging characteristics are available. In the case-study
application, water vehicles, toilet vehicles, and loaders are selected as representative examples of
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resource-limited and stand-side GSE operations.

8.1.2. Sub-question (SQ) 2
To model an eGSE fleet in a realistic way, several input layers are required. These inputs must de-
scribe the demand for ground handling tasks, the operational rules that translate this demand into
service tasks, the spatial structure of the airport, the characteristics of the vehicles, the available
infrastructure, and the uncertainty affecting daily operations. Together, these data sources deter-
mine when tasks occur, where they take place, which vehicles can perform them, and whether the
available fleet and charging infrastructure are sufficient.

The first required input is a flight schedule. This forms the basis for operational demand. The flight
schedule should include scheduled arrival and departure times, aircraft stand, aircraft subtype, op-
erational classification, and information on connected flights. These data are needed to determine
when and where service demand occurs. For turnaround operations, connected arrivals and depar-
tures must be treated carefully to avoid double-counting the same aircraft service demand. After
preprocessing, each relevant flight movement or turnaround can be translated into one or more
service tasks.

The second input layer consists of service data. These data define how flight-level demand is con-
verted into operational tasks. For each combination of aircraft subtype, operation type, and service
process, the service data should specify the nominal service duration and the time-window offsets
relative to the scheduled flight time. This is necessary because not all aircraft require the same
service duration or the same service window. The service data also distinguish between different
service types, such as water service, toilet service, and loader operations. These rules are essential
for modelling operational requirements at the task level.

The third required input concerns aircraft and service characteristics. Aircraft subtype and body
category are needed to approximate service requirements, such as water volume, waste volume, or
loading-related work. Larger aircraft generally require more service time and larger resource quan-
tities than smaller aircraft. Therefore, a mapping between aircraft subtype, aircraft class, service du-
ration, and resource requirement is needed. This allows the model to represent differences between
commuter, narrow-body, and wide-body aircraft without modelling every aircraft in full technical
detail.

The fourth input layer is the spatial representation of the airport. The model needs information
on aircraft stands, depot locations, charging locations, refill points, dump points, and the travel
distances between these locations. Because a full microscopic traffic model is often too detailed for
fleet-sizing analysis, stands can be grouped into location areas and connected through a distance
matrix. Travel times can then be calculated from these distances using vehicle-specific speeds. This
spatial input is necessary because travel time directly affects vehicle availability, task feasibility, and
service punctuality.

The fifth required input describes the eGSE fleet itself. For each vehicle type, the model needs the
number of vehicles, starting location, vehicle compatibility, operational speed, battery capacity, en-
ergy consumption, charging behaviour, and initial state of charge. For resource-limited vehicles,
additional onboard capacity parameters are required. Water vehicles need water tank capacity and
refill thresholds, while toilet vehicles need waste tank capacity and dumping thresholds. These pa-
rameters determine whether a vehicle can execute a task, whether it must first recharge, refill, or
dump, and when it becomes available again.

The sixth input layer concerns supporting infrastructure. Charging stations, refill points, and dump
points must be represented with their locations and capacities. For charging infrastructure, the
model requires charger power, number of chargers, charging efficiency, and charging thresholds.
For refill and dump infrastructure, the model requires service durations and resource capacities.
These inputs are important because infrastructure is shared between vehicles and can therefore
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create queues. Limited infrastructure capacity can reduce effective fleet availability, even if enough
vehicles are present.

The seventh input layer consists of operational policies and control parameters. These include task
release time, dispatching rules, task prioritisation logic, vehicle selection rules, charging thresholds,
depot-return logic, refill and dump rules, and stop or end-of-shift conditions. These parameters de-
termine how the model behaves during simulation. They are necessary because the same demand
pattern and fleet size can lead to different outcomes depending on how vehicles are dispatched,
when they are allowed to charge, and how supporting resource constraints are handled.

The eighth input layer concerns uncertainty. To capture operational variability, the model requires
data or assumptions for stochastic task timing and travel-time variability. In this thesis, arrival-time
uncertainty is derived from historical flight data and segmented by time of day. Delay magnitudes
are sampled from capped empirical distributions. Travel-time uncertainty is represented through
a bounded stochastic disturbance applied to individual vehicle movements. Random seeds are
used to make simulation runs reproducible. These uncertainty inputs allow the model to evalu-
ate whether the fleet remains robust when demand timing and vehicle availability differ from the
deterministic baseline.

Finally, validation data are required to assess whether the model outputs are plausible. These data
can include operational task counts, fleet availability, measured or estimated driven distances, en-
ergy consumption data, charging behaviour, water demand, and expert judgement from operational
stakeholders. Validation data do not only check whether the model produces reasonable outputs,
but also help identify which assumptions are reliable and which assumptions remain uncertain.

The answer to SQ2 is therefore that an eGSE fleet model requires more than a flight schedule alone.
A realistic model needs integrated input data on demand, service rules, aircraft characteristics, air-
port layout, vehicle properties, charging and service infrastructure, operational control policies, un-
certainty profiles, and validation references. These inputs allow the simulation to represent the
interaction between task timing, vehicle availability, energy constraints, charging behaviour, and
operational uncertainty. Without this combination of input layers, the model would not be able to
evaluate fleet capacity and service reliability under realistic electrified ground handling conditions.

8.1.3. Sub-question (SQ) 3
Airport eGSE operations can be represented as a rule-based discrete-event simulation in which ser-
vice tasks, individual vehicles, and supporting infrastructure interact over time. This modelling ap-
proach is suitable because ground handling operations consist of time-dependent events, such as
task releases, vehicle dispatches, vehicle arrivals, service starts, service completions, charging ses-
sions, refilling actions, and dumping actions. By representing these events explicitly, the model
can evaluate how vehicle availability, travel time, service windows, battery state, and infrastructure
constraints jointly affect operational performance.

The model structure consists of three main entity types: tasks, vehicles, and infrastructure. Tasks
represent realised service demand at aircraft stands. Each task is defined by a service type, air-
craft stand, service duration, time-window opening, time-window closing, and, where relevant, a
resource requirement. Vehicles represent individual eGSE units and are described by their current
location, operational status, battery state of charge, onboard resource level, and compatibility with
specific task types. Supporting infrastructure consists of chargers, refill points, dump points, depots,
and other service locations. These infrastructure elements are modelled as capacity-constrained re-
sources, meaning that vehicles may have to wait when several vehicles require the same facility at
the same time.

The decision structure of the simulation is organised around four main components: the dispatcher,
task selection, vehicle selection, and task execution. The dispatcher acts as the central coordination
mechanism. It monitors released tasks and available vehicles and assigns tasks when this is opera-
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tionally feasible. Tasks are not necessarily assigned immediately after they enter the system. If no
suitable vehicle is available, the task remains in the task queue and is reconsidered in a later dis-
patching round. This makes the model adaptive, because assignments depend on the current state
of the system rather than on a fixed pre-planned schedule.

Task selection determines which waiting task should be prioritised. In this thesis, tasks are ranked
according to their remaining slack before the latest feasible service start. Slack is defined as the time
remaining until the task must start in order to finish before the service-window closing time. Tasks
with less slack are more urgent and are therefore considered first. If two tasks have equal slack, the
task with the longer minimum travel time is prioritised, because it requires more lead time before
service can begin. This rule supports time-window feasibility by giving priority to tasks that are both
urgent and less accessible.

Vehicle selection determines which available vehicle should execute the selected task. The model
first constructs a candidate set of vehicles that are operationally available and compatible with the
task. Vehicles can be excluded if they have insufficient battery charge, insufficient onboard resource
capacity, are returning to the depot, are in a stop-cutoff state, or violate service-specific constraints.
For each eligible candidate, the model checks whether the vehicle can travel to the task location,
wait if necessary, perform the service, and complete the task before the service-window closing
time. If one or more vehicles can complete the task on time, the vehicle with the shortest travel
time is selected. If no vehicle can complete the task within the service window, the model selects
the vehicle that minimises expected lateness. This fallback rule allows the simulation to represent
constrained operational situations in which late service is still performed when no on-time option
exists.

Task execution is represented as a sequence of operational events. After a vehicle is assigned to a
task, it travels to the aircraft stand. If it arrives before the service window opens, it waits until service
is allowed to start. The service then begins and continues for the task-specific service duration. After
completion, the vehicle state is updated. This includes its location, battery state of charge, onboard
resource level, and operational status. The vehicle can then be assigned to a new task or can be sent
to charge, refill, dump, or return to the depot, depending on its state and the operational rules.

Charging control is modelled explicitly because electrification makes vehicle availability dependent
on battery state and charging infrastructure. Vehicles are allowed or required to charge based on
state-of-charge thresholds, location, and expected operational need. A lower battery threshold
prevents vehicles from being assigned when their remaining charge is too low for safe operation.
Depot-based charging can be triggered when an idle vehicle is below a higher charging threshold.
The model can also include proactive idle charging, where vehicles charge during idle periods if no
urgent tasks are expected. Charging is constrained by charger location and charger capacity, which
means that vehicles may queue before charging can start. Charging can also be interrupted when a
task becomes operationally more important than continuing the charging session.

For resource-limited vehicles, additional control rules are required. Water vehicles must monitor
their remaining onboard water level and visit a refill point when the level falls below a threshold or
when end-of-shift rules require the vehicle to return in a filled state. Toilet vehicles must monitor
their waste tank level and visit a dump point when the tank exceeds a defined threshold or before
shift completion. These rules ensure that resource constraints are represented as operational limi-
tations rather than only as accounting variables. They also allow the model to capture queueing at
refill and dump locations.

The model is controlled by a set of operational parameters. These include fleet size, vehicle speed,
service duration, task release offset, battery capacity, energy consumption, charging power, charg-
ing thresholds, charger capacity, refill and dump duration, onboard tank capacity, refill and dump
thresholds, depot-return rules, and uncertainty settings. By changing these parameters between ex-
periments, the model can evaluate how operational decisions and infrastructure assumptions affect
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performance. This makes the simulation suitable for fleet-sizing analysis, charging strategy evalua-
tion, and sensitivity analysis.

The answer to SQ3 is therefore that airport eGSE operations can be represented by modelling the
system as a dynamic interaction between time-window-based service tasks, individual battery-
electric vehicles, and capacity-constrained infrastructure. Appropriate decision rules are needed
for task prioritisation, vehicle assignment, task execution, charging, refilling, dumping, and depot
return. Charging control rules must be linked to battery state, charger availability, operational ur-
gency, and idle time. This representation allows the simulation to capture the main operational
mechanisms through which electrification affects ground handling performance: limited vehicle
availability, charging downtime, infrastructure competition, and reduced flexibility during demand
peaks. In this thesis, this representation is implemented for water vehicles, toilet vehicles, and load-
ers; extension to other GSE types requires vehicle-specific rules and renewed validation.

8.1.4. Sub-question (SQ) 4
Uncertainties in eGSE operations can be incorporated by separating stochastic operational vari-
ability from uncertain model parameters. Not every uncertainty source has to be modelled as a
random process. Some uncertainties directly affect the timing and availability of vehicles during
a simulation run and are therefore suitable for stochastic modelling. Other uncertainties are better
represented through deterministic assumptions, scenario analysis, sensitivity analysis, or validation
checks. This distinction keeps the model interpretable while still capturing the main operational ef-
fects of uncertainty.

In airport ground handling, uncertainty can arise from several sources. Flight timing uncertainty
affects when aircraft-dependent service tasks can start. Task demand uncertainty affects whether a
service is required and how much work is needed. Service duration uncertainty affects how long a
vehicle remains occupied at an aircraft stand. Travel time uncertainty affects when vehicles arrive
at task locations and when they become available for later tasks. Energy and charging uncertainty
affects whether vehicles have enough battery capacity and whether charging infrastructure is avail-
able when needed. These uncertainty sources interact with each other. For example, a delayed task
can reduce idle time, postpone charging, increase charger competition, and reduce vehicle avail-
ability later in the day.

In this thesis, the active stochastic uncertainty scope is limited to task timing uncertainty and travel
time uncertainty. These two uncertainty sources are selected because they directly influence the
timing of service demand and the availability of vehicles, which are central to fleet sizing. Task can-
cellations are not included as an active stochastic process, because the aim is to evaluate fleet per-
formance under maximum demand conditions. Including cancellations would reduce the effective
workload and could therefore underestimate the required fleet capacity.

Task timing uncertainty is incorporated by applying stochastic delays to planned service tasks. For
each task, a delay occurrence is first determined using a Bernoulli trial. The delay probability de-
pends on the task profile and the time-of-day bucket. If a delay occurs, the delay magnitude is
sampled from an empirical delay distribution derived from historical operational data. These em-
pirical delay magnitudes are capped to reduce the influence of extreme outliers or timestamp errors.
The sampled delay is then rounded to whole minutes and applied to the task timing. In this model,
the task timing and the corresponding service window are shifted together. This means that task
uncertainty mainly changes the temporal distribution of demand, while the relative duration of the
service window remains unchanged.

Travel time uncertainty is incorporated during simulation execution. The deterministic travel time
is first calculated from the distance matrix and vehicle speed. Then, for each vehicle movement, a
stochastic disturbance may occur. If a travel disturbance is triggered, the deterministic travel time
is increased by a predefined multiplicative factor. This represents incidental apron delays such as
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congestion, temporary blockages, routing inefficiencies, waiting time, or interactions with other air-
side traffic. Because travel uncertainty is applied dynamically, it directly affects vehicle availability:
a longer movement keeps a vehicle occupied for longer and can influence later dispatching deci-
sions.

The stochastic uncertainty mechanisms are controlled through random seeds. This makes the sim-
ulation reproducible. Running the same experiment with the same seed gives the same uncertainty
realisation, while running the same experiment with different seeds gives different realisations of
the stochastic processes. This allows the model to be used for Monte Carlo-style experiments, where
the same fleet size and parameter setting are tested over multiple simulation runs. The output can
then be analysed not only as a single value, but as a distribution of possible operational outcomes.

Other uncertainty sources are not ignored, but are treated differently. Service durations, task oc-
currence rules, water demand, waste quantities, energy consumption, battery capacity, charging
power, charger availability, refill capacity, and dump capacity are represented as model parame-
ters. Their influence can be tested through scenario analysis or sensitivity analysis. For example,
changing travel speed, service duration, charging power, or battery-related parameters allows the
model to evaluate whether the fleet-sizing results are robust to these assumptions. This approach
separates short-term stochastic variability from longer-term parameter uncertainty.

Charging-related uncertainty is incorporated mainly through the interaction between stochastic
task timing, stochastic travel time, and deterministic charging constraints. The model explicitly
represents battery state of charge, charging thresholds, charger locations, charger capacity, and
charging duration. These elements are not sampled randomly in each run, but they constrain ve-
hicle availability. When tasks are delayed or travel times increase, idle periods can become shorter,
charging can be postponed, and charger queues can occur. In this way, uncertainty can still affect
charging behaviour indirectly through the dynamic operation of the energy-constrained fleet.

The answer to SQ4 is therefore that uncertainties in eGSE operations can be incorporated by com-
bining stochastic simulation with scenario and sensitivity analysis. In this thesis, task timing uncer-
tainty and travel time uncertainty are modelled stochastically because they directly affect demand
timing and vehicle availability. Other uncertainties are represented as deterministic model param-
eters and tested through controlled experiment variations. This approach captures the main oper-
ational mechanisms through which uncertainty affects eGSE fleet performance, while keeping the
simulation model transparent, reproducible, and suitable for fleet-sizing analysis.

8.1.5. Sub-question (SQ) 5
The impact of eGSE implementation cannot be captured by one single KPI. Electrification affects
both operational service performance and the use of vehicles, energy, and infrastructure. Therefore,
a useful KPI set must include indicators for service reliability, fleet efficiency, vehicle movement, and
charging performance. Together, these indicators make it possible to evaluate whether the fleet can
complete the required tasks on time, whether the available vehicles are used efficiently, and whether
charging infrastructure creates additional operational constraints.

The most important KPI is the on-time task completion rate. This metric measures the percentage
of tasks that are completed before the end of their required service time window. It is the primary
service-performance indicator because it directly shows whether the available fleet can support the
operational schedule. For fleet-sizing analysis, this KPI is especially important because a fleet con-
figuration can only be considered fully sufficient under a strict service-level requirement if all tasks
are completed within their service windows.

However, the on-time task completion rate should not be interpreted in isolation. It should be com-
bined with the unserved task rate and the delay characteristics of late tasks. The unserved task rate
measures whether tasks remain uncompleted at the end of the simulation. This is important be-
cause a task that is completed late and a task that is not completed at all have different operational
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implications. The average delay of late tasks, the number of late tasks, and the median delay pro-
vide additional information on the severity of service failures. An experiment with a small number
of tasks that are only one or two minutes late is operationally different from an experiment with
many tasks that are substantially delayed.

Vehicle-related KPIs are also needed to understand resource requirements. The overall vehicle utili-
sation rate indicates how intensively the fleet is used during the simulation period. In addition, op-
erational time shares provide more detail by separating vehicle time into service time, travel time,
charging time, depot idle time, and waiting time. These indicators show whether vehicles are mainly
occupied by productive service work, movement between locations, charging, or idle time. This dis-
tinction is useful because low utilisation does not automatically mean that the fleet is oversized. In
airport operations, vehicles may be idle during quiet periods but still be necessary during short de-
mand peaks.

Movement-related KPIs are required because GSE performance depends not only on service time
at the aircraft stand, but also on travel between stands, depots, charging points, refill points, and
dump points. The total driven distance measures the total operational movement of the fleet. The
dispatch-to-task distance measures the distance travelled specifically to reach assigned tasks. These
metrics help to evaluate the spatial efficiency of the dispatching logic and provide insight into the
operational effort required to perform the task schedule. They are also relevant for estimating en-
ergy demand, vehicle wear, and the realism of simulated operations.

Charging-related KPIs are necessary because electrification makes vehicle availability dependent
on battery state and charging infrastructure. Relevant charging indicators include the number of
charging sessions, average charger occupancy, peak charger occupancy, immediate charging start
rate, time with a charging queue, average charging queue length, maximum charging queue length,
average charging waiting time, and maximum charging waiting time. These KPIs show whether
charging infrastructure is used intensively, whether vehicles must wait before charging, and whether
charging creates a bottleneck for operational performance.

For resource-limited vehicle types, additional process-specific indicators may be needed. For water
vehicles, water demand, refill frequency, and refill-point use are relevant. For toilet vehicles, waste
capacity, dumping frequency, and dump-point use are relevant. These indicators are important
because such vehicles are not only constrained by time and battery energy, but also by onboard
resource capacity. A vehicle may be available in time and have sufficient battery charge, but still be
unable to perform a task if it must first refill or dump.

The answer to SQ5 is therefore that the best KPI set combines a primary service-performance met-
ric with supporting operational and infrastructure metrics. The on-time task completion rate is the
central KPI for fleet sizing, because it directly measures whether tasks are completed within their
required service windows. However, it must be supported by the unserved task rate, late-task de-
lay characteristics, vehicle utilisation, operational time shares, driven distance, charging sessions,
charger occupancy, charging queues, and vehicle-type-specific resource indicators. This combi-
nation provides a more complete view of the impact of eGSE implementation on both operational
performance and resource requirements. These KPIs should be interpreted as indicators of GSE
service reliability and resource adequacy, not as direct measures of aircraft departure performance.

8.1.6. Sub-question (SQ) 6
The required eGSE fleet capacity can be determined by testing different fleet sizes in a simulation
model and evaluating each configuration with performance-based KPIs. The main criterion used
in this thesis is the on-time task completion rate. A fleet size is considered sufficient under a strict
service-level interpretation when it is the smallest tested configuration that completes 100% of tasks
within their service windows. This criterion provides a clear and conservative definition of the re-
quired operational fleet size.
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Scenario analysis is used to determine whether this fleet-size requirement changes under differ-
ent operating conditions. First, deterministic fleet-sizing experiments are conducted without task-
timing uncertainty and travel-time uncertainty. These experiments show the minimum fleet capac-
ity required under nominal operating conditions. Second, stochastic uncertainty experiments are
conducted with task-timing uncertainty, travel-time uncertainty, and combined uncertainty. These
experiments show whether the deterministic fleet remains sufficient when operational variability is
included. Third, a demand-case robustness check can replace the complete operational input day.
This is not treated as a standard parameter sensitivity, because it changes the full demand pattern
rather than one isolated assumption. Fourth, operational positioning policies, such as idle forward
staging, can be evaluated. Fifth, task-selection variants, such as feasibility-aware triage, can be eval-
uated. Finally, parameter sensitivity analysis can be used to test how selected assumptions, such as
service duration, travel speed, battery capacity, energy consumption, and charging speed, affect the
robustness of the outcomes.

The fleet-size decision should not be based only on the strict 100% threshold. Near the highest-
performing fleet sizes, the marginal improvement of adding one extra vehicle becomes small.
Therefore, a more pragmatic interpretation can also be considered. If a very small number of short
internal service-window violations is operationally acceptable, lower fleet sizes may be defensible.
These lower-bound configurations can achieve very high on-time completion rates, but they do not
satisfy the strict 100% criterion.

Demand conditions affect fleet-size requirements. A lower-demand day may require fewer vehicles
than the baseline day under strict deterministic or stochastic criteria. However, the relationship
is not purely proportional to total task volume. Temporal clustering, peak simultaneous demand,
service-window structure, stand distribution, travel requirements, and uncertainty remain relevant.
Therefore, fleet sizing should consider not only the number of daily tasks, but also the timing and
spatial distribution of these tasks.

Operational positioning also affects service performance. Idle forward staging shows that fleet-
capacity requirements can be influenced by where idle vehicles are positioned. By keeping idle
vehicles near the VOP when battery state and future demand allow this, unnecessary depot-return
movements can be reduced. This can lower driven distance and depot returns and, for selected vehi-
cle groups, reduce fleet-size thresholds. The policy is therefore a practical operational contribution,
but not a universal substitute for capacity. It is most effective when lateness is caused by avoidable
depot-return movements rather than by unavoidable peak concurrency or travel-time variance.

Task-selection rules affect the distribution of lateness. Feasibility-aware triage can reduce the num-
ber of late tasks under scarce-fleet conditions by prioritising tasks that can still be completed on
time. However, it may increase the average lateness of the remaining late tasks, because already-
infeasible tasks are postponed. It is therefore not a general operational improvement or a direct
fleet-size reduction measure. Its value is diagnostic: it shows that the chosen task-selection rule
influences whether lateness is spread across many tasks or concentrated in fewer tasks.

The general answer to SQ6 is therefore that required eGSE fleet capacity can be determined by com-
bining fleet-size experiments, scenario analysis, and performance-based KPIs, while explicitly dis-
tinguishing strict and pragmatic service-level interpretations. Simulation-based fleet sizing should
report not only fleet-size thresholds, but also the demand case, service-level interpretation, oper-
ational control assumptions, lateness severity, vehicle utilisation, charging behaviour, and spatial-
efficiency indicators that explain why a fleet size is or is not sufficient.

Case-Study Application

For the KLM Schiphol case study, the deterministic experiments show that the minimum fleet sizes
required to achieve 100% on-time task completion are 12 water vehicles, 11 toilet vehicles, and 23
loaders. These fleet sizes are sufficient when the system operates under nominal conditions and
no stochastic task-timing or travel-time uncertainty is included. When combined task-timing and
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travel-time uncertainty is included, the strict fleet-size requirements increase to 16 water vehicles,
15 toilet vehicles, and 25 loaders. The difference between deterministic and stochastic fleet-size
requirements shows that uncertainty can increase the required fleet capacity, even when the total
daily number of tasks remains unchanged.

Under a more pragmatic interpretation, lower fleet sizes may be defensible if a very small number
of short internal service-window violations is operationally acceptable. For the KLM Schiphol case
study, the lower-bound configurations are at least 11 water vehicles, 9 toilet vehicles, and 23 loaders.
These configurations achieve very high on-time completion rates, but they do not satisfy the strict
100% criterion.

The demand-case robustness check shows that required fleet capacity also depends on the operat-
ing day. For water vehicles, the average-demand day requires fewer vehicles than the baseline day
under the strict deterministic and stochastic fleet-sizing criteria. However, the pragmatic lower-
bound interpretation remains unchanged at 11 water vehicles, because both days still satisfy the
minimum service-level threshold at this fleet size. The result is not purely proportional to total task
volume: temporal clustering, peak simultaneous demand, service-window structure, and uncer-
tainty remain relevant. The average-day check therefore supports interpreting the baseline results
as conservative, while also showing that uncertainty does not disappear under lower demand.

Idle forward staging reduces driven distance and depot returns for all vehicle groups and reduces
fleet-size thresholds for selected vehicle groups. In particular, toilet vehicles require fewer vehicles
under both deterministic and combined-uncertainty interpretations, while water vehicles show im-
proved robustness under combined uncertainty. This shows that operational positioning can be an
important lever in the KLM Schiphol case, especially when lateness is partly caused by avoidable
depot-return movements.

The feasibility-aware triage variant shows that task-selection rules affect the distribution of lateness
in the KLM Schiphol case study. The variant can reduce the number of late tasks under scarce-fleet
conditions, but it may also increase the average lateness of the remaining late tasks. Therefore, it
should be interpreted as a diagnostic sensitivity, not as a direct operational recommendation.

For the KLM Schiphol case, the answer to SQ6 is therefore that required fleet capacity depends on
the service-level interpretation, the operating day, the uncertainty setting, the positioning policy,
and the task-selection logic. The case-study results are 12 water vehicles, 11 toilet vehicles, and
23 loaders under deterministic conditions, and 16 water vehicles, 15 toilet vehicles, and 25 loaders
under combined operational uncertainty. A more pragmatic interpretation gives lower-bound fleet
sizes of at least 11 water vehicles, 9 toilet vehicles, and 23 loaders, provided that a very small number
of short internal service-window violations is acceptable.

8.2. Research Question (RQ)
This section answers the central RQ by translating the simulation results into broader implications
for eGSE fleet capacity and operational demand in airport turnaround processes.

What is the impact on the required fleet capacity and operational demand of electric
Ground Support Equipment (eGSE) when simulating operational requirements,

uncertainty and charging in turnaround processes at airports?

In this thesis, demand refers to operational eGSE demand: the time- and location-specific demand
for vehicle availability, task execution, charging, and supporting infrastructure.

The main impact of operational requirements, uncertainty, and charging is that eGSE fleet capacity
can no longer be interpreted as a static ratio between the number of vehicles and the number of
daily tasks. Instead, fleet capacity becomes a dynamic operational requirement. It depends on the
timing of tasks, their spatial distribution across stands, service durations, travel times, vehicle avail-
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ability, charging opportunities, and the amount of operational slack between tasks. A simulation-
based approach therefore gives a more realistic estimate of required fleet capacity than a determin-
istic or aggregate task-count-based assessment.

Simulating operational requirements first changes how eGSE demand is represented. Instead of
only counting how many services are needed during a day, the model translates flight schedules into
time-window-based service tasks at specific aircraft stands. This makes it possible to identify when
and where demand is concentrated, which vehicles are available, and whether service tasks can be
completed within operational time windows. The required fleet size is therefore driven primarily by
peak-period capacity and vehicle availability, not by average daily demand.

Adding operational uncertainty further changes the required capacity. Even when the total number
of tasks remains unchanged, uncertainty can shift tasks into busier periods, reduce slack between
consecutive tasks, increase travel or waiting time, and keep vehicles occupied for longer. As a re-
sult, deterministic fleet-size estimates can underestimate the capacity needed for robust operation.
The broader mechanism is that uncertainty increases the need for buffer capacity because the fleet
must remain reliable under variable operating conditions. However, the effect of uncertainty on
measured performance can be non-monotonic. Task-timing uncertainty may either worsen or im-
prove the on-time completion rate depending on whether the sampled shifts increase or reduce
peak overlap.

Charging introduces an additional operational constraint because electric vehicles must remain
available not only in terms of task assignment, but also in terms of battery state and access to
charging infrastructure. Charging can affect operational demand by changing charging-session tim-
ing, charger occupancy, peak charger use, and infrastructure utilisation. More generally, charging
should therefore be interpreted as an infrastructure and availability constraint. It may become bind-
ing under specific charger configurations, lower charger power, colder weather, battery degradation,
higher demand, or stricter charging strategies.

The results also show that fleet-size recommendations depend strongly on the chosen service-level
criterion. If 100% on-time task completion is treated as a hard requirement, additional vehicles are
needed to guarantee performance across stochastic operating conditions. If a very small number
of short internal service-window violations is operationally acceptable, lower fleet sizes may also
be defensible. This distinction is important because an internal service-window violation does not
automatically imply an aircraft departure delay, although repeated or poorly timed violations can
still reduce turnaround robustness. The confidence-interval analysis shows that pragmatic lower-
bound configurations should be interpreted as operationally informative lower bounds, not as sta-
tistical guarantees.

The main implication is that eGSE fleet capacity should be interpreted as an operational robustness
requirement rather than as a fixed vehicle-to-task ratio. Deterministic fleet sizes indicate nominal
sufficiency under fixed assumptions, whereas stochastic fleet sizes indicate the operational buffer
needed to maintain service performance under variability. Pragmatic lower-bound fleet sizes pro-
vide a possible efficiency-oriented alternative, but only if small and short internal service-window
violations are considered acceptable. Therefore, the final fleet-size decision should explicitly state
which service-level interpretation is used.

Overall, the impact of operational requirements, uncertainty, charging, demand conditions, op-
erational positioning, and task-selection logic is that required eGSE fleet capacity becomes more
context-dependent and more sensitive to operational robustness criteria than deterministic anal-
ysis alone suggests. For airport turnaround processes in general, eGSE fleet sizing should be
based on experiment-based simulation, time-window performance, vehicle availability, charging-
infrastructure use, and explicit service-level assumptions. This allows decision-makers to distin-
guish between nominal fleet sufficiency, robust fleet capacity, and pragmatic lower-bound alterna-
tives.
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Case-Study Application

The KLM Schiphol case study demonstrates the general mechanism with concrete fleet-sizing out-
comes for water vehicles, toilet vehicles, and loaders. When combined task-timing and travel-time
uncertainty is included, the strict fleet-size requirements increase from 12 to 16 water vehicles, from
11 to 15 toilet vehicles, and from 23 to 25 loaders. These exact values are case-specific, but they show
that deterministic fleet-size estimates can underestimate the capacity needed for robust operation.

In the tested KLM Schiphol experiments, charging is not the dominant driver of late task comple-
tion. The fleet-size increase is mainly caused by vehicle availability during demand peaks rather
than by charging queues or insufficient battery capacity. However, charging remains relevant for
operational demand because it affects charging-session timing, charger occupancy, peak charger
use, and infrastructure utilisation. This means that charging should still be included in the model,
even when it is not the binding constraint in the tested configuration.

The distinction between strict and pragmatic service-level interpretations is also visible in the KLM
Schiphol case. The strict stochastic fleet sizes are 16 water vehicles, 15 toilet vehicles, and 25 load-
ers. The pragmatic lower-bound configurations are 11 water vehicles, 9 toilet vehicles, and 23 load-
ers. These lower-bound configurations achieve mean on-time completion rates around or above
99.90%, but their lower confidence bounds fall below this threshold. They should therefore be in-
terpreted as operationally informative lower bounds, not as strict service-level guarantees.

The KLM Schiphol case study also shows that operational control assumptions matter. Idle forward
staging can reduce unnecessary depot-return movements and improve robustness for selected ve-
hicle groups. Feasibility-aware triage changes how lateness is distributed across tasks under scarce
capacity. These results show that fleet size should not be evaluated in isolation. It should be evalu-
ated together with positioning policy, task-selection logic, charging assumptions, and the accepted
service-level interpretation.

The case-study results should therefore be interpreted as validated evidence within the tested scope,
not as universal fleet-size values. The broader conclusion is that eGSE fleet sizing requires dynamic
simulation of operational demand, uncertainty, charging, and control rules. The KLM Schiphol
case provides concrete evidence for this conclusion, while the exact numerical fleet-size thresholds
remain specific to the tested vehicle groups, operating days, assumptions, and validation basis.

8.3. Recommendations
The main recommendation is that eGSE fleet sizing should be treated as a simulation-based
decision-support process rather than as a one-time vehicle-count calculation. Fleet-size decisions
should not be based only on deterministic schedules, average task volumes, or simple vehicle-to-
task ratios, because these approaches do not capture the interaction between service time windows,
peak simultaneity, vehicle availability, charging, spatial movement, and operational uncertainty.
Fleet sizing should therefore start with an explicit service-level definition. Operational fleet require-
ments, technical reserves, charging infrastructure, and operational-control measures can subse-
quently be assessed as connected but distinct decision components.

Define the service-level requirement before sizing the fleet. Airport operators and ground han-
dlers should first determine how service performance is interpreted. A strict interpretation requires
100% on-time task completion under the tested stochastic conditions. A pragmatic interpretation
allows a very small number of short internal service-window violations, but only when these vio-
lations are operationally acceptable and do not affect aircraft departure punctuality. This choice
should be made before simulation outcomes are translated into fleet-size decisions, because the
selected service-level interpretation can materially affect the required fleet size.
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Separate operational fleet requirements from procurement decisions. The simulated fleet sizes
should be interpreted as operational fleet-capacity requirements under the tested assumptions, not
as final procurement numbers. Final procurement should follow a two-step approach. First, the op-
erational fleet requirement should be determined through simulation. Second, a technical reserve
should be added for maintenance, failures, battery degradation, charger unavailability, cleaning,
inspections, and other sources of temporary vehicle downtime. This reserve should be determined
separately for each vehicle group, because operational criticality, redundancy options, expected
technical availability, fleet size, access to backup vehicles, and downtime patterns differ between
vehicle types.

Operational-control improvements should not be used as direct justification for reducing procure-
ment targets before they have been validated in practice. Instead, they provide evidence on how
operational robustness can be improved, how the available eGSE fleet can be used more effectively,
and which risks require additional fleet or infrastructure capacity.

Evaluate fleet capacity across multiple operating days. Fleet-sizing decisions should not be
based on a single operating day. A selected baseline day can function as a conservative stress case,
but it cannot represent the full range of operational conditions. Fleet-size conclusions should there-
fore be tested across a representative portfolio of operating days, including baseline or peak days,
average days, weekday and weekend patterns, seasonal variants, winter operations, holiday periods,
and disruption-prone days. This allows decision-makers to distinguish structural fleet-capacity re-
quirements from day-specific demand effects and to assess whether the derived fleet-size thresh-
olds remain stable under different demand patterns, aircraft mixes, and operational peak structures.

Prioritise data collection on operational time parameters. Sensitivity analysis should guide fur-
ther data collection and model validation. Priority should be given to parameters that directly af-
fect task feasibility and vehicle availability, particularly service durations, apron travel times, travel
speeds, waiting times, depot dwell times, depot-return behaviour, task-window definitions, and ve-
hicle handover times. More detailed measurement of these parameters would improve the reliabil-
ity of final fleet-size recommendations and reduce the risk of under- or overestimating the required
fleet capacity.

Relevant data can be obtained from vehicle telematics, operational logs, location data, charger
data, and dispatcher records. Service-resource processes, vehicle utilisation, charging behaviour,
and SOC development should also be validated further. Where detailed operational data remain
unavailable, assumptions and simulated behaviour should be reviewed with operational experts.
Energy-related parameters should continue to be monitored, but operational time parameters
should be prioritised when they have the strongest effect on task punctuality.

Improve operational execution before increasing fleet size. Late task completion can result from
peak simultaneity, long service durations, low travel speeds, depot-return behaviour, depot dwell
time, and limited vehicle availability during demand peaks. Operational robustness should there-
fore not automatically be increased by adding vehicles. Airport operators and ground handlers
should first investigate measures that make vehicles available more quickly during critical periods.
Relevant measures include reducing travel time, shortening depot dwell time, improving vehicle
handover procedures, adjusting vehicle starting locations, and limiting unnecessary depot-return
movements. These measures may improve service punctuality and operational efficiency without
immediately increasing fleet size.

Use the model to test operational-control and disruption scenarios. The simulation model
should be used to evaluate operational-control policies and plausible changes in operating condi-
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tions before structural fleet or infrastructure decisions are made. Relevant experiments include al-
ternative dispatching rules, different vehicle starting locations, shorter depot dwell times, different
charging thresholds, improved coordination of charging sessions, temporary vehicle unavailability,
pooling, fewer available chargers, reduced charging power, higher energy consumption, increased
task demand, longer service durations, aircraft stand changes, and temporary restrictions at refill or
dump locations.

Scenario analysis should also examine combinations of vehicle unavailability, charger outages,
higher demand, longer service durations, and reduced infrastructure capacity. Testing combined
disruptions is important because several moderate disruptions may have a larger operational effect
than one isolated parameter change. These experiments can identify the conditions under which
the existing fleet and infrastructure configuration no longer provides sufficient robustness, which
processes are most vulnerable, and whether operational improvements, spare vehicles, alternative
chargers, or additional structural capacity are required. The model can consequently support both
operational improvement and contingency planning.

Idle forward staging is a relevant operational policy to test further. It can reduce unnecessary depot-
centred deadheading and improve travel efficiency, vehicle availability, and service robustness. In
practice, this rule should only be considered when idle vehicles can safely remain staged at or near
their current aircraft stand area and when battery state, expected future demand, charging access,
apron safety, parking or VOP capacity, dispatcher visibility, and operator handover requirements
allow this.

The policy should be evaluated using service, efficiency, charging, and operational-feasibility indi-
cators. These include on-time task completion, the number of late tasks, average and maximum
lateness, driven distance, the number of depot returns, charger occupancy, and practical feasibil-
ity on the apron. Idle forward staging should only be adopted structurally when operational pilots
demonstrate that it improves robustness without creating apron-space conflicts, unsafe staging be-
haviour, charging-access problems, reduced dispatcher visibility, or difficulties with operator han-
dovers.

Feasibility-aware triage should be treated differently. It should not be framed as a general opera-
tional improvement, but as a contingency-support rule for situations in which fleet capacity is tem-
porarily constrained, such as peak demand, vehicle unavailability, or disruption recovery. In these
situations, the rule may help dispatchers prioritise tasks that can still be completed on time and
thereby reduce the total number of late tasks.

However, feasibility-aware triage can increase the lateness severity of tasks that are already infea-
sible. It should therefore not be implemented as a simple automatic priority rule. Further testing
should explicitly evaluate the trade-off between the number of late tasks and the severity of late-
ness. Safeguards should include task-criticality checks, maximum-lateness limits, dispatcher over-
ride options, and explicit assessment of aircraft departure impact.

When validated through operational pilots, idle forward staging and feasibility-aware triage can
complement fleet-capacity planning and support daily decision-making under both normal and
disrupted conditions. Until such validation has taken place, their simulated effects should be inter-
preted as evidence of operational potential rather than as direct justification for reducing procure-
ment targets.

Plan charging infrastructure as a connected but separate decision. Charging infrastructure
should be evaluated separately from fleet size while remaining part of the same simulation frame-
work. Charging may not always be the dominant cause of late task completion, but it affects
charging-session timing, charger occupancy, maximum simultaneous charger use, vehicle avail-
ability, and infrastructure utilisation. Charger-sizing conclusions should therefore not be based on
one tested configuration only.
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Charger requirements should be tested across multiple operating days, higher-demand cases, dif-
ferent uncertainty conditions, alternative vehicle starting locations, and infrastructure disruptions
such as charger unavailability. Coordinated charging strategies and charger sharing between com-
patible vehicle groups should also be investigated. Smarter distribution of charging sessions,
higher-power chargers at selected locations, and shared charger capacity may reduce infrastruc-
ture requirements without reducing service performance. This is particularly relevant at airports
where airside space and grid capacity are limited and where unnecessary charging locations could
occupy space required for other operational functions.

Interpret utilisation and pooling carefully. Fleet utilisation should be interpreted carefully, es-
pecially for equipment with peak-driven demand. Low average utilisation does not automatically
imply overcapacity. Some vehicle groups may be idle during quiet periods but remain necessary
during short operational peaks with strict service windows. Fleet capacity should therefore be eval-
uated based on peak availability, service-window feasibility, and robustness rather than on average
utilisation alone.

Where operational compatibility allows it, vehicle pooling across areas or departments can be eval-
uated with the simulation model. Such pooling should only be considered when sufficient vehi-
cle availability during critical handling peaks can still be guaranteed. Pooling experiments should
account for additional shared task demand, service windows, aircraft compatibility, operator avail-
ability, starting locations, handover procedures, and restrictions on cross-departmental use.

Extend the model gradually to other GSE types. The model can be extended to other GSE types,
but each extension should be treated as a new verification and validation step. Additional vehi-
cle groups require vehicle-specific service logic, aircraft compatibility rules, operational locations,
energy parameters, charging assumptions, resource constraints where applicable, and separate val-
idation before fleet-size conclusions can be drawn.

A gradual extension can support broader assessment of fleet capacity, charging demand, charger
sharing, pooling, and operational robustness across a larger part of the eGSE fleet. It can also sup-
port the development of an integrated multi-vehicle and multi-department representation in which
vehicle groups compete for shared road space, chargers, staging locations, depots, operators, and
operational attention.

The general recommendations can be translated into the following action plan for the KLM Schiphol
case. The actions focus on using the simulation results as decision-support input rather than as
direct procurement advice, as shown in Table 8.1.

Table 8.1: Case-specific action plan for KLM GS

Step Action KLM-specific application

1 Select service-level
interpretation

Decide whether fleet sizing should follow the strict stochastic
criterion or the pragmatic lower-bound interpretation. The tested
strict stochastic requirements of 16 water vehicles, 15 toilet vehicles,
and 25 loaders, and the pragmatic lower bounds of at least 11 water
vehicles, 9 toilet vehicles, and 23 loaders, should initially be treated
as reference outcomes rather than final fleet decisions.

2 Improve operational
data

Prioritise measurement of service durations, apron travel times,
travel speeds, waiting times, depot dwell times, depot-return
behaviour, task-window definitions, vehicle handover times,
charging behaviour, and SOC development using telematics,
operational logs, location data, charger data, and dispatcher records.

Continued on next page



8.3. Recommendations 170

Table 8.1 – continued from previous page

Step Action KLM-specific application

3 Strengthen model
validation

Use the improved data to further validate service times, travel times,
depot dwell assumptions, vehicle utilisation, charging behaviour,
SOC development, and service-resource processes. Where detailed
data remain unavailable, review the assumptions and simulated
behaviour with operational experts.

4 Validate across more
days

Test additional Schiphol operating days before final decisions are
made, including peak days, average weekdays, weekend days,
holiday periods, seasonal schedules, winter operations, different
aircraft mixes, and disruption-prone days.

5 Test operational and
disruption scenarios

Evaluate shorter depot dwell times, alternative dispatching rules,
different vehicle starting locations, charging thresholds, improved
charging coordination, temporary vehicle unavailability, pooling,
fewer available chargers, reduced charging power, higher energy
consumption, higher task demand, longer service durations, aircraft
stand changes, and temporary restrictions at refill or dump locations.
Also test combinations of disruptions to determine whether
operational changes, additional fleet capacity, or additional
infrastructure are required.

6 Pilot idle forward
staging

Pilot idle forward staging under practical constraints related to apron
safety, available VOP space, charging access, battery state, future
demand, dispatcher visibility, and operator handover. Evaluate
on-time completion, late-task count, average and maximum
lateness, driven distance, depot returns, charger occupancy, and
practical apron feasibility.

7 Use triage only as
contingency support

Treat feasibility-aware triage as a scarce-fleet or disruption-support
rule rather than as a standard dispatching improvement. Evaluate
the trade-off between late-task count and lateness severity using
task-criticality checks, maximum-lateness limits, dispatcher override
options, and explicit assessment of aircraft departure impact.

8 Reassess charger
assumptions

Evaluate charger sizing separately from fleet sizing while keeping
both within the simulation framework. The maximum simultaneous
charger use in the tested configurations is 7 water chargers, 7 toilet
chargers, and 21 loader chargers, compared with assumed
availability of 11, 9, and 28. This indicates that the current charger
assumptions may be conservative, but it does not constitute a final
charger-sizing conclusion.

9 Test charger
coordination and
sharing

Before changing charger assumptions, test multiple operating days,
higher-demand cases, different uncertainty settings, alternative
vehicle starting locations, charger-unavailability scenarios, different
charging-power levels, coordinated charging strategies, and charger
sharing between compatible vehicle groups. Include airport grid and
airside-space constraints in the assessment.

10 Finalise operational fleet
and technical reserve

After the additional validation, operating-day tests, scenario
analyses, and operational pilots, determine the operational fleet
requirement for each vehicle group. Add a separate technical reserve
for maintenance, failures, battery degradation, charger
unavailability, cleaning, inspections, and other temporary downtime.
The reserve should reflect operational criticality, expected technical
availability, fleet size, redundancy options, downtime patterns, and
access to backup vehicles.

Continued on next page
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Table 8.1 – continued from previous page

Step Action KLM-specific application

11 Extend model scope Extend the model to loader pooling and additional GSE types after
the current vehicle groups and assumptions have been sufficiently
validated. Loader pooling should include additional shared task
demand, service windows, aircraft compatibility, operator
availability, starting locations, handover procedures, locations, and
restrictions on cross-departmental use. Other extensions require
vehicle-specific service logic, aircraft compatibility rules, operational
data, energy parameters, charging assumptions, resource
constraints, and separate verification and validation.

8.4. Future Research
Future research can extend this thesis in two main directions. The first direction concerns the aca-
demic development of the simulation framework, including its scientific validity, model structure,
methodological capabilities, and generalisability beyond the current case-study setting. The second
direction concerns the continued development of the KLM Schiphol application through additional
validation, operational data collection, policy testing, charging-infrastructure planning, economic
assessment, and extension to additional GSE types and operational departments.

8.4.1. Academic future research
Integrate eGSE service performance with turnaround and departure outcomes. Future research
could link task-level service performance more directly to aircraft turnaround performance and de-
parture punctuality. The current model evaluates whether individual tasks are completed within
their internal service windows. However, an internal service-window violation does not necessarily
cause an aircraft delay when sufficient turnaround slack remains or when the delayed task is not
part of the critical path.

A useful extension would therefore be to model the complete set of turnaround precedence rela-
tions more explicitly. This could include interactions between water and toilet servicing, baggage
handling, catering, cleaning, fuelling, passenger boarding, pushback, and other relevant ground-
handling processes. Such an extension would allow the model to distinguish between delayed eGSE
tasks that directly affect the turnaround critical path and delays that can be absorbed by slack else-
where in the process.

The resulting model could connect fleet and task performance to airline-level indicators such as
D0 punctuality, critical-path delay, actual off-block delay, and missed-connection risk. Fleet-size
decisions could then be evaluated based on their effect on airline and turnaround performance
rather than only on internal task punctuality. This would be particularly valuable when the model
is used for operational decision support in addition to strategic fleet-capacity planning.

Broaden the uncertainty representation. The uncertainty representation could be extended be-
yond task-timing and travel-time uncertainty. These two uncertainty sources were included in
the current study because they directly affect task release times, vehicle availability, and service-
window feasibility. Future research could additionally model uncertainty in service durations, task
occurrence, operator behaviour, energy consumption, charger availability, infrastructure availabil-
ity, weather conditions, aircraft stand changes, and vehicle breakdowns.

These uncertainty sources should be introduced selectively and only when reliable operational data
or sufficient expert validation are available. Adding stochastic assumptions without adequate em-
pirical support could reduce model credibility rather than improve it. Future research could also
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examine correlations between uncertainty sources, differences between operating-day types, and
the combined effect of several moderate disruptions.

Develop and compare advanced operational-control strategies. The current model uses trans-
parent rule-based dispatching, which supports verification, interpretation, and communication
with operational stakeholders. These rules may, however, not generate the best possible operational
decisions. Future research could compare the current approach with optimisation-based dispatch-
ing, rolling-horizon planning, model predictive control, or hybrid simulation-optimisation meth-
ods.

These approaches could make greater use of expected task demand, future vehicle availability,
charging opportunities, service criticality, and spatial vehicle positioning. The comparison should
not focus only on on-time performance. Computational complexity, transparency, robustness, ex-
plainability, data requirements, dispatcher override possibilities, and practical usability should also
be assessed.

Include economic and environmental performance. Future research could combine the opera-
tional simulation outcomes with economic and environmental indicators. Relevant inputs include
vehicle investment costs, maintenance costs, electricity costs, battery replacement costs, charger
installation costs, grid-connection costs, and emission reductions.

This would allow fleet-size, charging-infrastructure, and operational-control alternatives to be com-
pared in terms of total cost of ownership, operational resilience, and environmental impact. Such
an extension is relevant because the smallest operational fleet or infrastructure configuration is not
necessarily the most cost-effective, sustainable, or robust long-term investment.

Test the generalisability of the framework. The simulation framework is designed to be generic,
but the current validation is specific to KLM operations at Schiphol and to the selected vehicle
groups. Future research could apply the framework to other airports, ground handlers, apron lay-
outs, hub structures, fleet compositions, and operating concepts.

Comparative applications would show which model components are broadly transferable and
which require case-specific adaptation. This would strengthen the scientific contribution of the
framework and clarify its applicability beyond the KLM Schiphol case.

Develop the model towards real-time decision support. The current model is primarily used for
offline scenario analysis and strategic fleet-capacity assessment. With live operational data, the
modelling structure could be developed into a day-of-operations decision-support system for vehi-
cle assignment, charging prioritisation, idle staging, disruption recovery, and contingency planning.

Such a system would require integration with real-time flight information, vehicle-location data,
battery and SOC data, charger-status data, operational-control systems, and dispatcher interfaces.
Further development would also be required regarding computational speed, data reliability, sys-
tem integration, user interaction, human oversight, and decision explainability. If these require-
ments are met, the model could develop from an offline simulation study into an operational
decision-support tool for electrified ground-support operations.

8.4.2. Case-study continuation
Validate the case study across more operating days. For the KLM Schiphol application, the first
priority is broader validation across more operating days. This thesis uses one selected baseline
day as the main reference case and an average-day robustness check for water vehicles. This is
sufficient to demonstrate the modelling approach and test the main operational mechanisms, but
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it does not establish whether the fleet-size outcomes remain stable across the complete range of
KLM operating conditions.

Future work should therefore apply the model to a representative portfolio of KLM operating days.
This portfolio should include additional peak days, average weekdays, weekend days, holiday pe-
riods, seasonal schedules, winter operations, different aircraft mixes, and disruption-prone days.
This would make it possible to distinguish structural fleet-capacity requirements from day-specific
demand effects and determine whether the strict and pragmatic fleet-size thresholds remain stable
under different demand patterns and operational peak structures.

Improve case-specific calibration and validation data. KLM should collect more detailed oper-
ational data for the parameters that have the strongest effect on task feasibility and vehicle avail-
ability. The sensitivity analysis indicates that service duration, travel speed, depot dwell time, task-
window definitions, waiting time, depot-return behaviour, and vehicle handover time are particu-
larly important when interpreting fleet-size outcomes.

Measurements from vehicle telematics, operational logs, location data, charger data, and dispatcher
records would improve both calibration and validation. Charging behaviour, SOC development, ve-
hicle utilisation, and service-resource processes should also be examined. This is especially impor-
tant for fleet configurations close to the pragmatic lower bound, where relatively small changes in
timing assumptions can determine whether a configuration appears feasible or infeasible.

Validate operational-control policies under Schiphol conditions. Idle forward staging should
be evaluated across a broader set of Schiphol-specific operating days, vehicle groups, apron lay-
outs, parking-space and VOP constraints, operator rules, charging-access conditions, safety require-
ments, handover procedures, and real-time disruption conditions. This would clarify whether the
improvements observed in the current study remain robust in practice or are partly caused by the
selected demand pattern and modelling assumptions.

Feasibility-aware triage should be studied separately as a contingency-support rule. Future work
should explicitly evaluate the trade-off between reducing the number of late tasks and increasing
the lateness severity of tasks that are already infeasible. The assessment should include task crit-
icality, aircraft departure impact, maximum acceptable lateness, dispatcher override options, and
practical implementation safeguards.

Both policies should be validated through operational pilots before they are incorporated into struc-
tural fleet-capacity or procurement decisions. When validated, they may support daily decision-
making under both normal and disrupted conditions.

Develop charging-infrastructure planning for Schiphol. KLM should further investigate
charging-infrastructure planning at Schiphol. Charging is not the dominant cause of late task com-
pletion in the tested configurations, but it remains important for vehicle availability, infrastructure
utilisation, and long-term electrification planning.

Future work could analyse the required number and spatial distribution of chargers, the effects of
different charging-power levels, charging thresholds, coordinated charging strategies, charger shar-
ing between compatible vehicle groups, and the operational consequences of charger unavailabil-
ity. These analyses should cover multiple operating days, higher-demand conditions, alternative
vehicle starting locations, different uncertainty settings, and future fleet-growth scenarios.

The assessment should also consider airport grid constraints, airside-space restrictions, and com-
petition between charging infrastructure and other operational functions. Higher-power chargers
at selected locations and shared charger capacity may reduce the total number of required chargers,
but only when service performance and operational robustness remain sufficient.
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Develop an integrated multi-fleet and multi-department model. The model should be extended
gradually to additional GSE types within the KLM operation. The current case study focuses on wa-
ter vehicles, toilet vehicles, and loaders. These vehicle groups test the main mechanisms included
in the model, including depot-based resource-constrained operations, charging, refill and dump
processes, stand-side service operations, and time-window-based dispatching. However, they do
not represent the full operational diversity of the GSE fleet.

Future work could include baggage tractors, belt loaders, transporters, loader-transporters, passen-
ger stairs, catering vehicles, dispensers, pushback tractors, and other relevant equipment groups.
Each extension requires vehicle-specific service rules, aircraft compatibility logic, operational loca-
tions, energy parameters, charging assumptions, resource constraints where applicable, and sepa-
rate verification and validation.

The extended model should also account for interactions between vehicle groups, operational de-
partments, and shared infrastructure. The current experiments evaluate vehicle groups separately,
which is appropriate for isolating vehicle-specific fleet-size requirements. In practice, however, dif-
ferent GSE types and operational departments may compete for shared road space, chargers, stag-
ing locations, depots, operators, and operational attention.

An integrated multi-vehicle and multi-department simulation would allow KLM to determine
whether conclusions for individual vehicle groups remain valid when several eGSE fleets and op-
erational task pools are represented simultaneously. It would also enable assessment of charger
sharing, apron congestion, shared staging areas, cross-fleet dependencies, and operational trade-
offs.

This integrated perspective is particularly relevant for loader operations. The results show that load-
ers have relatively low average utilisation, but their demand is concentrated during peak periods
and constrained by strict service windows. Low average utilisation alone is therefore not sufficient
evidence for reducing loader capacity or reallocating loaders to other operations.

Future research could add loader tasks from other operational areas, departments, or handling pro-
cesses to assess whether a shared loader pool can be used without reducing availability during crit-
ical peaks. Such an extension should include the additional task demand, service windows, aircraft
compatibility rules, operator availability, starting locations, handover procedures, operational lo-
cations, and restrictions on cross-departmental use. This would allow KLM to determine whether
loader pooling can improve asset utilisation while maintaining sufficient operational robustness.

Add a KLM-specific economic and environmental assessment. The extended model could sup-
port procurement and infrastructure decisions by incorporating KLM-specific economic and envi-
ronmental data. Relevant inputs include vehicle investment costs, maintenance costs, electricity
costs, battery replacement costs, charger installation costs, grid-connection costs, and emission re-
ductions.

Combining these inputs with the operational simulation outcomes would allow KLM to compare
fleet-size, charging-infrastructure, pooling, and operational-control alternatives in terms of total
cost of ownership, operational resilience, and sustainability impact. This would support a more
complete assessment than fleet size or on-time performance alone.
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A
Ground Support Equipment

This information was taken from Timmermans (2023) [78].

A.1. Ground Support Equipment
eGSE plays a critical role in ensuring efficient freight and passenger movement at airports. Such
freight facility equipment facilitates aircraft servicing between flights, including refuelling, towing,
luggage and freight handling, passenger transport, de-icing, catering and sewage removal. GSE
supports, services, and maintains aircraft operations on the ground, ensuring efficiency, safety,
and timely departures. This includes belt and deck loaders, highloaders, de-icer, potable-water
trucks, fuel trucks, baggage trucks, cargo transporters, lavatory/catering/cleaning trucks, disabled-
passenger lift trucks, towing tractors, passenger stairs, and delivering GPU, ASU, and PCA. Classified
into 5 categories: aircraft handling equipment, cargo and baggage handling equipement, passenger
handling equipment, aircraft servicing equipment, maintenance and safety equipment [17].

eGSE is increasingly being adopted due to its operational benefits, including high torque, and lower
maintenance costs. Airlines, contractors, and airports benefit from centralized procurement and
maintenance, making eGSE a viable alternative to traditional diesel-powered equipment. Addition-
ally, electric chargers can be more widely distributed across airports compared to diesel refuelling
stations, minimizing unnecessary equipment movement [17].

A.1.1. Aircraft Support Equipment
• Ground Power Unit (GPU)

A GPU is designed to provide electricity to an aircraft when it is parked on the ground and its
main engines and on-board APU are off. Aircraft require power at 115 V and 400 Hz. Depend-
ing on the size of the aircraft, it may be necessary to connect multiple GPUs. They can also be
used to start aircraft engines. There are three types of GPUs with respect to their location and
mobility: Fixed GPU; Bridge-mounted GPU; Mobile GPU.

(a) An example of a fixed GPU [81]. (b) An example of a bridge-mounted GPU
[81].

(c) An example of a mobile GPU [81].

Figure A.1: Three different types of GPUs.

• Pre-Conditioned Air Unit (PCA)
Also referred to as air carts, these units provide conditioned (i.e., cooled and heated) air to
parked aircraft when their main engines and APU are off. As with the GPUs, the following
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three types of PCA units can be distinguished: Fixed PCA unit; Bridge-mounted PCA unit;
Mobile PCA unit.

(a) An example of a fixed PCA [13]. (b) An example of a bridge-mounted PCA
[81].

(c) An example of a mobile PCA [81]

Figure A.2: Three different types of PCAs.

• Air Starter Unit (ASU)
An Air Starter Unit (ASU) delivers compressed air for the initial rotation of the engine of an
aircraft to help start the engines during instances when the on-board APU is not operational
or there are no other means for starting the engines. A towing tractor is often used to transport
the ASU, but there are also "truck-mounted" ASUs. In addition to starting engines, an ASU
can also be used for the air supply of PCA. The ASU is then connected to an air conditioning
"pack" on the aircraft.

Figure A.3: An example of an ASU [81].

A.1.2. Aircraft Movement Equipment
• Aircraft Tractor

Aircraft tractors (i.e., pushback and/or tow tugs) assist with aircraft movements when an air-
craft cannot operate its engines, or does not have sufficient manoeuvrability to move and turn
under its own engine power. It is most frequently used to push an aircraft back from the gate/-
stand and onto the aircraft movement area (e.g., taxiway). It may also be used to move an air-
craft to other locations on an airport (e.g., maintenance hangars and parking bays).There are
two main types of aircraft tractors: Conventional aircraft tractor, Conventional aircraft trac-
tors use tow-bars that are connected to an aircraft’s nose wheel; Towbarless aircraft tractors,
Towbarless aircraft tractors scoop up the aircraft nose wheel and lift it off the ground before
moving.
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(a) An example of a conventional aircraft
tractor [81].

(b) An example of a towbar [2]. (c) An example of a towbarless aircraft
tractor [81].

Figure A.4: Two different types of aircraft tractors and an example of a towbar.

A.1.3. Aircraft Servicing Equipment
• Catering Truck

Catering trucks are used to deliver beverage and food trolleys but they are also used to remove
trash and other used materials. Catering trucks use a scissor lift elevation system to raise
their "container" to the level of an aircraft door. A bridge connection is created through an
adjustable platform to allow the staff to replace trolleys.

Figure A.5: An example of a catering truck [35].

• Lavatory Service
A vehicle that is designed for, and equipped with, a collection system and a storage tank for
the recovery and transport of aircraft lavatory wastes. It is also used for rinsing the aircraft’s
waste tank and to replenish the disinfecting chemicals into the aircraft lavatory system. Fuel
and electric powered models are available.

Figure A.6: An example of a lavatory service truck [81].
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• Water Truck
This vehicle is equipped with a transfer system (i.e., pipes/hoses, filters, pumps) and storage
tank for the provision of (drinkable) water to an aircraft. Fuel and electric powered models are
available.

Figure A.7: An example of a water truck [81].

• Refueler
A self-contained refueler with pumps, filters, hoses and valves can be used to dispense fuel
directly to an aircraft’s tank(s). The refueler needs to be refilled at an airport fuel storage fa-
cility. Some refuelers have an elevation platform to allow refuelling staff to connect fuel hoses
several feet above the ground. Fuel and electric powered models?

Figure A.8: An example of a fuel truck [61].

• Dispenser Truck
A dispenser truck can be used to refuel an aircraft when an airport has an underground fuel-
ing system and employs hydrant trucks as "connectors" between the underground refuelling
system and aircraft. Some dispenser trucks have an elevation platform to allow refuelling staff
to connect fuel hoses several feet above the ground. Fuel and electric powered models?

Figure A.9: An example of a hydrant dispenser truck [62].

• Maintenance vehicles
Various types of maintenance vehicles are used to provide aircraft maintenance service. The
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vehicles are used by airport and/or airline employees to travel to/from maintenance facilities
and an aircraft in need of maintenance and repairs.

Figure A.10: An example of a maintenance vehicle [26].

• Deicer
Deicers are specially designed vehicles transport that heat, and spray deicing fluid on an air-
craft exterior to reduce and/or eliminate ice and snow prior to departure. They are equipped
with a hydraulic boom and bucket system to allow the operator to reach different parts of an
aircraft. The vehicles sometimes contain two engines: one to power the vehicle and one to
heat the deicing fluids.

Figure A.11: An example of a deicer vehicle [82].

A.1.4. Passenger Handling Equipment
• Boarding Stairs

Boarding stairs allow the loading and unloading passengers at remote aircraft stands and in
the absence of PBBs. They can be moved by towing, pushing, or they can be fixed to a truck
/ driving system. The height can be adjusted to align the stairs with the aircraft door. A dis-
advantage of the boarding stairs is that it is not possible to facilitate deplaning of passengers
that need special care (especially passengers in a wheelchair).
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Figure A.12: An example of mobile boarding stairs [81].

• Disabled Passenger Lift Truck
Disabled passenger lift trucks allow the loading and unloading disabled passengers (especially
passengers in a wheelchair) at remote aircraft stands and in the absence of PBBs. Just like a
catering truck, the vehicle uses a scissor lift elevation system to raise its "container" to the
level of an aircraft door. At the rear of the vehicle is a loading ramp to get in and out of the
"container" from the apron.

Figure A.13: An example of disabled passenger lift truck [55].

• Bus
Buses may be used to transport passengers and crew from a remote stand to the terminal.
Buses can also be used to transport passengers from the main terminal to remote "satellites"
on the apron of a large airport.

Figure A.14: An example of a bus [83].

A.1.5. Baggage and Cargo Handling Equipment
• Baggage/cargo tug

Baggage/cargo tugs are used to transport baggage and cargo between an aircraft and the air-
port terminal and/or the processing/sorting facilities. Depending on the amount of baggage
and cargo, several tugs are needed to handle an aircraft. Furthermore, depending on the
weight to be towed, a distinction is made between baggage and cargo tugs. Baggage tugs can
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handle baggage and lightweight cargo, whereas cargo tugs can also be used for heavy cargo
handling and sometimes even "light" aircraft pushback operations.

The baggage tug is one type of GSE that is already electrically executed. In this way, exhaust
fumes in the "basement" of the airport terminal, where the baggage handling facility is often
located, are avoided. For the cargo tug, many diesel models are still available.

(a) An example of a baggage tug [81]. (b) An example of a cargo tug [81].

Figure A.15: Examples of a baggage and cargo tug. The main difference is in the maximum weight that can be towed.

The baggage/cargo tugs can pull several dollies connected together. A distinction is made
between three types of dollies: Baggage dolly; Unit Load Device (ULD) dolly; Pallet dollies.

(a) An example of a baggage dolly [81]. (b) An example of a ULD dolly [81]. (c) An example of a pallet dolly [81].

Figure A.16: Three different types of dollies that can be towed by baggage/cargo tug.

• Cargo transporter
Cargo transporters can transport pallets and containers between warehouses, aircraft loading
equipment, dollies and similar equipment. They use rollers to get the cargo from or onto the
vehicle.

Figure A.17: An example of a cargo transporter [81].

• Belt loader
Belt loaders are used to load and unload baggage and cargo intro/from an aircraft. They have
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a conveyor belt installed on a boom whose inclination can be adjusted to match the height of
the aircraft cargo compartment. There are fuel and electric powered models available.

Belt loaders can be equipped with a power stow, which is an extension to facilitate the loading
and offloading of passenger baggage and cargo in the aircraft cargo hold.

(a) An example of a belt loader [81]. (b) An example of a belt loader equipped with a power stow [57].

Figure A.18: A belt loader and an example of a "power stow".

• Deck loaders
Deck loaders are used to load and unload the cargo that is within a ULD on an aircraft. A deck
loader consists of a bridge and a loading platform. Both bridges use a scissor lift to adjust their
height. The bridge platform acts as a bridge between the aircraft cargo compartment and the
loading platform. The ULDs are moved between the ULD dollies and the loading platform.
The loading platform is raised to the same height as the bridge platform, to enable the ULDs
to be transferred on the level of the aircraft cargo compartment.

The platforms of a deck loader are equipped with powered rollers to move the Unit Load De-
vices (ULDs). By using these rollers a ULD can move in two dimensions without human in-
tervention.

A distinction is made between lower deck loaders and main deck loaders. The basic difference
is that the main deck loader is more versatile. The main deck loader can load cargo into the
main (top) deck and the lower deck of a NABO/WIBO aircraft. A lower deck loader is used to
load cargo into both decks of a NABO aircraft and the lower deck of a WIBO aircraft. Main
deck loaders usually have a greater load capacity than lower-deck loaders

(a) An example of a lower deck loader [81]. (b) An example of a main deck loader [81].

Figure A.19: Two different types of cargo loaders.



B
Technical Background on Batteries and

Charging

This appendix provides additional technical background on battery technologies and charging sys-
tems. The main text only uses the parts that are directly relevant for the simulation model: SOC,
battery capacity, charging thresholds, charging power, charging duration, and charger capacity. The
additional technical material in this appendix supports the modelling choices but is not part of the
active simulation logic.

B.1. Battery Technologies
A battery is one of the most widely used energy storage devices in electric vehicle and power system
applications. It stores chemical energy and converts it into electrical energy when required. Several
battery chemistries have been developed for transport applications. According to Li, three main
battery families are commonly used in road vehicles: lead-acid batteries, nickel-based batteries, and
lithium-based batteries. Less common technologies include sodium-sulphur, metal-air, and flow
batteries [46]. Each battery technology has different advantages, limitations, and cost implications.
A technical comparison is provided in Table B.1 and Table B.2, while Figure B.1 shows the discharge
voltage behaviour of several rechargeable battery chemistries.

Lead-acid batteries are among the oldest rechargeable electrochemical batteries and are used in
both household and commercial applications. Their main advantages are low capital cost, rela-
tively high efficiency, fast response, and low self-discharge, typically around 2% of rated capacity
per month. However, lead-acid batteries have low specific energy density, relatively limited cycle
life, and environmental disadvantages during production and disposal. These limitations restrict
their wider use in modern electric transport applications [46].

Nickel-based batteries include nickel-iron, Nickel–Cadmium (NiCd), Nickel–Metal Hydride (NiMH),
and Nickel–Zinc (NiZn) batteries. Nickel-iron batteries are stable, durable, and relatively low-cost,
but they have low power density, high self-discharge, high weight, and relatively high maintenance
requirements. NiCd batteries can charge quickly, tolerate overcharge and deep discharge, and op-
erate over a wide temperature range. However, they suffer from memory effect and contain toxic
materials, which has strongly reduced their use. NiMH batteries have higher energy density and
faster discharge capability than several other nickel-based batteries, but they generate considerable
heat during charging. NiZn batteries are relatively safe and environmentally friendly, but their short
cycle life limits commercial application. Overall, nickel-based batteries generally provide higher
energy density and longer cycle life than lead-acid batteries, but they are more expensive and often
have lower efficiencies [46].

Lithium-based batteries are currently the most relevant battery technologies for electric transport
applications. They are attractive because of their high energy density, low weight, low self-discharge,
absence of memory effect, long lifetime, and ability to support fast charging [90]. Common lithium-
based batteries include lithium-ion, Lithium-Polymer (LiPo), Lithium Nickel Manganese Cobalt Ox-
ide (NMC), and Lithium Iron Phosphate (LFP). LFP batteries are relatively expensive, but they have
high power density and a long cycle life of more than 3000 cycles. NMC batteries combine high
energy density, relatively high cycle life, and comparatively low cost. LiPo batteries have good re-
liability and robustness, but their conductivity and power density are lower. Lithium-ion batteries
provide strong overall cost-performance because they combine high specific energy density, high
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power density, high efficiency, low self-discharge, and moderate cost. However, their lifetime can
decrease under high temperatures and deep discharge, and protection systems are required to en-
sure safe operation [46, 32, 52].

The efficiencies reported in Table B.1, Table B.2, and Figure B.1 refer to battery round-trip efficiency.
This represents the percentage of charging energy that can later be discharged. Round-trip effi-
ciency is important because it determines how effectively a battery can shift energy demand over
time and influences the economic viability of the storage system [52]. When the efficiencies of the
battery, electric motor, recharging system, and regenerative braking are considered together, the
total energy efficiency of BEVs is approximately 60% to 70% [46].

Table B.1: Comparison of what battery technologies can deliver [90, 31, 46, 91, 10, 1, 51, 36, 60, 32, 52]

Battery type

Nominal
voltage

(V)

Energy
density

(Wh/kg)

Volumetric
energy density

(Wh/L)

Specific
power
(W/kg)

Operating
temperature

(◦C)

Lead acid (Pb-acid) 2.0 35 100 180 −15 to +50

Nickel-iron 1.2 40–60 60–110 20–100 −10 to +45

Nickel-cadmium (Ni-Cd) 1.2 50–80 300 200 −20 to +50

Nickel-metal hydride (Ni-MH) 1.2 70–95 180–220 200–300 −20 to +60

Nickel-zinc (Ni-Zn) 1.65 60 150 100–300 −20 to +60

Lithium-ion (Li-ion) 3.6 118–250 200–400 500–2000 −20 to +60

Lithium-ion polymer (LiPo) 3.7 130–225 200–250 260–450 −20 to +60

Lithium-iron phosphate (LiFePO4) 3.2 100–140 220 2000–4500 −45 to +70

Lithium-nickel manganese cobalt
(LiNix Mny Coz O2)

3.6 150–280 300–700 1000–3000 −20 to +60

Table B.2: Comparison of performance of battery technologies [90, 31, 46, 91, 10, 1, 51, 36, 60, 32, 52]

Battery type
Efficiency

(%)
Life cycle
(# cycles)

Self discharge
(%/month)

Memory
effect

Production cost
($/kWh)

Lead acid (Pb-acid) 85 1000 < 5 No 60
Nickel-iron 80 > 3000 20 No < 200
Nickel-cadmium (Ni-Cd) 75 2000 10 Yes 250–300
Nickel-metal hydride (Ni-MH) 80 < 3000 20 Rarely 200–250
Nickel-zinc (Ni-Zn) 70 < 1000 < 40 No 100–200
Lithium-ion (Li-ion) 93 > 2000 < 5 No 200
Lithium-ion polymer (LiPo) 92 > 1200 < 5 No 150
Lithium-iron phosphate (LiFePO4) 92 > 3000 < 5 No 350
Lithium-nickel manganese cobalt (LiNix Mny Coz O2) 81 < 3500 < 5 No 80–145

Each battery type has its own discharge voltage curve. Figure B.1 shows the discharge voltage curves
of several rechargeable battery chemistries as a function of the SOC. Lithium-ion batteries operate
at a relatively high voltage, while lead-acid and nickel-based batteries generally have lower nominal
voltages. Several battery types also show a long, nearly horizontal voltage plateau, meaning that
voltage remains almost constant during a large part of the discharge process. A higher voltage is
beneficial because, for the same power demand, it results in a lower current. This reduces electrical
losses and heat generation. It also means that fewer cells are required in series to reach the desired
system voltage, which can simplify the system design. Therefore, high-voltage battery chemistries
are generally more suitable for high-power electric vehicle applications [63, 31].
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operating voltage below 1.2 V. Nickel–cadmium and nickel–metal hydride coil 
types draw approximately the same discharge curve as 1.2 V [35–37].

2  Ultracapacitors

Capacitors are devices that store energy by decomposition of positive and nega-
tive electrostatic charges. Capacitors consist of two conductive plates and insu-
lators called dielectrics that separate them. The dielectric material prevents arc-
ing between the two plates, helping to charge more. Classical capacitors have 
very high power densities (approximately 1012 W/m3). However, their energy 
intensity is very low (approximately 5 Wh/m3). Classical capacitors are com-
monly referred to as electrolytic capacitors. Ultracapacitors are the developed 
ones of classical capacitors. The power densities of these capacitors are 106 W/
m3 and the energy densities are 104 Wh/m3. Energy intensities are low but dis-
charge times are fast and cycle life is higher. However, capacitors actually have 
size problems. There is a linear connection between the capacitors’ capacitance 
and the dielectric material. Therefore when large capacity is required, the di-
electric material must also be large. Thanks to the ultracapacitors, very large ca-
pacity values provided high energy storage with very small capacitors [38–40]. 
Fig. 5.19 shows the parts and general appearance of a typical ultracapacitor.

Ultracapacitors are energy storage systems that act basically like capacitors 
but separate from capacitors in terms of high energy and power density. As 
a result, these new types of energy storage systems known as electrochemi-
cal capacitors or ultracapacitors are a very intensive research topic. The use of 
ultracapacitors as an alternative for applications that require high energy and 
power density where batteries and capacitors cannot be used increases their 
importance. Since there is no phase change in the electrochemical process in the 
ultracapacitors, such capacitors can be filled and discharged more than 100,000 
times [40].

FIGURE 5.18  Discharge voltage graphs of rechargeable battery cells.
Figure B.1: Discharge voltage graphs of rechargeable battery cells [10].

B.2. Internal Structure of LFP Batteries
An LFP battery operates through the movement of lithium ions between the positive and nega-
tive electrodes. During charging, lithium ions move from the positive electrode to the negative
electrode, while electrons move through the external circuit. During discharging, the process is
reversed, allowing electrical energy to be supplied to the vehicle.

The main components of an LFP cell are the positive electrode, negative electrode, current collec-
tors, electrolyte, and separator. The positive electrode is based on LFP, while the negative electrode
is usually made of graphite. The electrolyte allows lithium ions to move between the electrodes. The
separator prevents direct contact between the electrodes while still allowing ion transport. Current
collectors transfer the generated electrical current to the external circuit [93].

Figure B.2: Internal structure of an LFP battery [93].

A Battery Management System (BMS) is required for the safe and reliable operation of lithium-based
batteries. It monitors battery states using measurements such as voltage, current, and temperature.
It also controls protection mechanisms to avoid overcharging, deep discharge, overheating, and cell
imbalance. In multi-cell battery packs, the BMS supports cell balancing and thermal management,
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both of which are important for safety, efficiency, and battery lifetime [58, 31].

Figure B.3: BMS features [58].

The State of Charge (SOC) is one of the most important battery indicators for operational use. It
indicates the remaining available energy in the battery. In a simplified form, SOC can be written as
[31]:

SOC = Cr es

Cn
= 1− Cd

Cn
= 1−

∫
t I d t

Cn
, (B.1)

where Cr es is the residual capacity, Cn is the nominal capacity, Cd is the drawn capacity, and I is
the battery current. In practice, SOC cannot be measured directly because battery behaviour is
nonlinear and affected by ageing, temperature, and charge–discharge history [31].

Figure B.4: Open-Circuit Voltage (OCV)–SOC curve of LFP [58].
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The State of Health (SOH) describes the condition and ageing of the battery. It is often related to the
remaining usable capacity of the battery. A common simplified definition is:

SOH = Qact

QR
·100 (B.2)

where QR is the rated capacity and Qact is the actual available capacity after degradation. This
definition is useful, but incomplete, because battery health also depends on operating history, tem-
perature exposure, charging behaviour, and the specific application [31]. For this reason, SOH is
relevant for long-term asset management, but it is not explicitly modelled in the daily operational
simulation in this thesis.

B.3. Charging Technologies
BEVs, including eGSE, are charged from the electrical grid. The grid supplies Alternating Current
(AC), while batteries store energy as Direct Current (DC). A charger therefore converts AC into DC
before the energy is stored in the battery. In fast-charging systems, additional power electronics
may be used to control the voltage and current supplied to the battery [90].

Different charging methods can be used. The most common methods are Constant Current (CC),
Constant Voltage (CV), Constant Power (CP), taper charging, trickle charging, and combined CC/CV
charging. In CC charging, the current is kept constant while the battery voltage increases. In CV
charging, the voltage is kept constant while the current decreases. In CP charging, the charging
power is held approximately constant. Taper charging and trickle charging are simpler approaches,
but they are less central for modern fast charging of lithium-based batteries [90].

For lithium-based batteries, CC/CV charging is commonly used. The process starts with a CC phase,
where the battery receives a constant current until a voltage limit is reached. It then switches to a
CV phase, where the voltage is kept constant and the current gradually decreases. This means that
charging from a low SOC is usually faster than charging near full capacity [90, 75, 34].

Figure B.5: CC–CV charging profile [76].

Charging systems can also be classified as on-board or off-board. In on-board charging, the charger
is located inside the vehicle. This provides flexibility, but the charging power is limited by vehicle
size, weight, and cost constraints. In off-board charging, the charger is located in the charging in-
frastructure. This allows higher charging power, but requires more expensive and more complex
infrastructure [22].
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Figure B.6: Charging standards and power ranges [63].

Charging systems are commonly grouped into AC and DC charging levels. AC charging relies on the
vehicle’s on-board charger to convert grid power to DC. DC charging uses off-board conversion and
supplies DC power directly to the battery. DC charging can therefore reach higher charging powers
than most AC charging systems. However, actual charging time always depends on the battery size,
initial and final SOC, allowable charging power, charging efficiency, and the charging curve [22, 63].
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Table B.3: Overview of EV charging levels and indicative power ratings

Charging levela Indicative rating Charger type Typical interpretation

AC charging

AC level 1 120 V
up to 1.9 kW

On-board Low-power charging, mainly suitable for
long parking periods or overnight charg-
ing.

AC level 2 240 V
up to 19.2 kW

On-board Medium-power charging. The effective
charging power is limited by both the
charging point and the vehicle’s on-board
charger.

AC level 3b >20 kW On-board High-power AC charging category pro-
posed in some classifications, but not
consistently standardised.

DC charging

DC level 1 200–450 VDC
up to 36 kW

Off-board Lower-power DC charging. Grid power is
converted to DC outside the vehicle.

DC level 2 200–450 VDC
up to 90 kW

Off-board Fast charging. Suitable for applications
where vehicle idle time is limited.

DC level 3 200–600 VDC
up to 240 kW

Off-board High-power fast charging. Charging time
depends strongly on battery size, allow-
able charging power, and the charging
curve.

Note. a Charging level definitions may vary by region, standard, and source. b AC level 3 is not consistently finalised or applied across
standards.

B.4. Charging Strategies
Charging strategies can be classified by timing, coordination, and grid interaction. In terms of tim-
ing, overnight charging uses long idle periods outside operational hours, while opportunity charg-
ing uses shorter charging sessions during idle periods between tasks. Delayed charging postpones
charging to reduce peak electricity demand and can also result from limited charging infrastruc-
ture. Full charging keeps the vehicle connected until the battery is full, while partial charging allows
shorter and more flexible charging sessions [80, 19, 39, 92, 54].

In terms of coordination, uncoordinated charging starts immediately when a vehicle is connected
to a charger. This is simple, but can lead to high peak loads and congestion at chargers. Coordinated
charging actively manages charging to reduce grid impact, operational conflicts, or electricity costs.
Priority charging ranks vehicles based on operational criteria such as SOC, availability, vehicle type,
or expected task demand [30, 22, 90].

One example of priority charging ranks vehicles based on SOC and availability [30]:

Rank = (1−SOC ) ·WSOC + (1− A) ·WAvai l , (B.3)

where W denotes weighting factors and A denotes vehicle availability. Availability can be expressed
as:

A = Number of vehicles in class X with SOC > 0.5

Total number of vehicles in class X
. (B.4)

This type of rule can help prioritise vehicles with low SOC or high operational relevance. However, it
does not necessarily account for future tasks unless these are explicitly included in the control logic.

From a grid perspective, charging can be unidirectional or bidirectional. In Unidirectional Charging
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(V1G), the charging power can be controlled, but energy only flows from the grid to the vehicle.
In Bidirectional Charging/Vehicle-to-Grid (V2G), vehicles can also discharge electricity back to the
grid. V2G can support grid services such as peak shaving, load levelling, or frequency regulation,
but it also creates additional efficiency losses and may increase battery cycling [48, 90, 22, 86, 94].
Because this thesis focuses on operational fleet sizing and not on grid-service optimisation, V2G is
not included in the simulation model.
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AI Statement

C.1. AI Statement
For this report for the course ME54035, I have used Generative AI to:

• Obtain inspiration for the overall structure of the report.

• Improve the grammar, style, layout, and/or spelling of the text.

• Generative AI was used as a programming support tool during the development of the sim-
ulation model, including assistance with writing, debugging, restructuring, and document-
ing Python code. All generated suggestions and code fragments were reviewed, tested, and
adapted by the author, who remains fully responsible for the final model implementation and
results.

In all cases, I have critically reviewed and corrected the AI-generated content and remain fully re-
sponsible for the content of this report.
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