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ARTICLE INFO ABSTRACT

Keywords: Airports and airlines are examining and committing to the electrification of Ground Support Equipment (GSE).
Electric ground support equipment In line with this trend, in this paper, we develop a model to simulate and optimize the GSE operations at
Airport operations airports. The aim is to estimate the required quantity of eGSE, the charging requirements of eGSE, the change
Ground handling

in airport electricity requirements, and the scheduling possibilities of eGSE charging for the existing turnaround
procedures. This is done by means of a Task Scheduling Problem (TSP), that is optimized using Mixed-Integer
Linear Programming (MILP). A case study is performed on KLM’s GSE fleet at Amsterdam Airport Schiphol.
Based on this, it is concluded that daily operations can be sustained without increasing fleet size for GSE types
capable of lasting a full day on a single charge, assuming vehicles can recharge overnight. This is the case at
many airports due to nighttime curfews. The operational procedures used by the handler play a key role in
achieving this outcome. The results confirm that the model is suitable for strategic decision-making and it is
effective at the operational level. The model has the potential to lead to a more efficient use of resources in
the operation.

Multi-objective optimization
Vehicle scheduling
Fleet optimization

1. Introduction airport (National Academies of Sciences, Engineering, and Medicine,

2015). Transitioning to low or zero-emission GSE and supporting infras-

1.1. Background and motivation

In 2017, the aviation sector was the second-largest source of Green-
house Gas (GHG) emissions in the transport sector after road traffic (Eu-
ropean Commission, 2021). This environmental impact is expected to
grow, as traffic increases are outpacing fuel efficiency improvements
and emission reductions from other sectors (European Union Aviation
Safety Agency, 2022). To mitigate climate change, the aviation sector
must reduce GHG emissions, like CO,, and other air pollutants from
fossil fuels. Most aviation-related carbon emissions stem from aircraft
operations (Kirca et al., 2020), prompting several initiatives for low-
emission aircraft (Brelje and Martins, 2019; Adeoye, 2025). Ground
Support Equipment (GSE), though smaller in share, also contributes sig-
nificantly to carbon and NO, emissions in the aviation sector (National
Academies of Sciences, Engineering, and Medicine, 2015; Kirca et al.,
2020; Bahman, 2023; Adeoye, 2025; Akande, 2025), accounting for
13% of NOy at U.S. airports in 2012 (Benosa et al., 2018). GSE supports
the turnaround process of aircraft between arrival and departure at an
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tructure can significantly reduce airport-related emissions (Kirca et al.,
2020; Alruwaili and Cipcigan, 2022). Full electrification could cut GSE
emissions by over 90% compared to diesel use (Akande, 2025), and
potentially prevent 28% of early deaths from airport emissions in the
UK (Yim et al., 2013). Hence, airports and airlines are examining and
committing to the electrification of GSE (Francfort et al., 2007; Kirca
et al., 2020; Hajnik et al., 2021; Xiang et al., 2021; Soares and Wang,
2021; Adeoye, 2025; Miller and Rutledge, 2025).

1.2. Problem statement and research question

Despite the potential of electric GSE (eGSE), several challenges arise
in its deployment. The two main challenges pertain to the significantly
longer charging time compared to refueling conventional fossil-fueled
vehicles and the increased burden on the electric grid (Gulan et al,,
2019; Xiang et al., 2021). According to Bao et al. (2023), the electri-
fication of airports can increase flight delays at smaller airports with
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less flexible networks. Next to this, many airports currently do not have
the power generation capability or electrical infrastructure required to
support the electrification plans of the future (Miller and Rutledge,
2025). And while electric models are available for smaller types of
GSE, larger variants remain under development (Timmermans, 2023).
These challenges create uncertainty in the early stage decision-making
of different stakeholders, such as airport operators, ground service
providers, and airline companies, who need to assess the implications
of transitioning to eGSE. For effective planning it is therefore important
to be able to estimate (1.) the required quantity of eGSE, (2.) the
charging requirements of eGSE, (3.) the change in airport electricity
requirements, and (4.) the scheduling possibilities of eGSE charging for
the existing turnaround procedures. To address these needs, this study
aims to answer the main research question: What is the impact of the
implementation of eGSE when optimizing the capacity and demand of
GSE fleets?

1.3. Research contribution and significance

The primary contribution of this research is the development of
a model that offers operational insights into the deployment of eGSE
at airports. The transition to low-emission GSE alternatives presents
challenges related to (high initial) costs, (charging) infrastructure, and
operational range limitations (Soares and Wang, 2021; Adeoye, 2025;
Akande, 2025). The model addresses these by providing estimates on
fleet sizing, charging infrastructure needs, energy requirements, and
scheduling strategies, aiding early-stage decision-making. It is applied
to a real-world case for KLM Royal Dutch Airlines at Amsterdam Airport
Schiphol (AAS), demonstrating its practical relevance. This data-driven
approach for decarbonizing ground operations informs infrastructure
planning and investment decisions, which is essential, given the critical
need to explore alternative energy sources for GSE (Bahman, 2023).

This paper is organized as follows: Section 2 reviews the relevant lit-
erature, followed by the background of eGSE (operations) in Section 3.
After that, the problem is formulated in Section 4, with complexity
reduction measures in Section 5. Section 6 presents the case study, and
the results are discussed in Section 7. Finally, conclusions and future
research lines are provided in Section 8.

2. Literature review

This section reviews the existing literature on (e)GSE that is consid-
ered relevant for this research. The scientific contribution of this work
is provided in Section 2.5.

2.1. Optimization of operations

Scheduling GSE for airport operations is often treated as a VRPTW
(Vehicle Routing Problem with Time Windows). Different scheduling
algorithms are introduced by Kuhn and Loth (2009), including one
Mixed-Integer Linear Programming (MILP) problem based on solv-
ing static vehicle scheduling problems within a moving time win-
dow. Padron et al. (2016) address this problem with a distinct VRPTW
for each vehicle, using Constraint Programming (CP) to minimize wait-
ing time and total turnaround completion time. Padrén and Guimarans
(2019) improved this work to reduce computational times. For baggage
tugs, Wang et al. (2021) formulate the problem as a MILP model. Gok
et al. (2022) and Zhang et al. (2022) treat the problem as a Resource-
Constrained Project Scheduling Problem (RCPSP) instead of a VRP.
The work of Gok et al. (2022) focuses on aircraft turnaround tasks
and staff routing, while the work of Zhang et al. (2022) emphasizes
the maximization of resource utilization within time windows and
constraints, in the context of military aircraft handling.

Several works are focusing on (electric) aircraft towing tractors. van
Oosterom et al. (2023) focus on the dispatching of a fleet of electric
aircraft towing tractors. They propose a two-phased MILP program.
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The first phase takes care of the routing of the towing tractors. In
the second phase, the towing tractors are scheduled for aircraft towing
tasks or battery recharging. A VRPTW formulation is presented by Bao
et al. (2023), who establish a model for mixed fleets of aircraft towing
tractors. Ahmadi and Akgunduz (2023) discuss the electrification of
taxiing operations and optimize these using a MILP model, minimizing
taxiing time, ground delays and fuel consumption. Zoutendijk et al.
(2023) review existing works on operational aspects of electric towing
of aircraft. The work summarizes the main research directions needed
to support the large-scale implementation of electric aircraft towing
vehicles in the next few decades.

Alonso Tabares et al. (2021) propose a ground handling manage-
ment structure compatible with increased ground handling automation.
A mathematical formulation of the GSE location and assignment prob-
lem has been formulated that is applicable for multiple GSE types,
including non-motorized equipment. Saggar et al. (2021) propose a
booking mechanism to allow airlines to book GSE in advance. The re-
sults show that the booking concept has potential to enhance apron op-
erations, by improving on some key metrics such as average turnaround
delay.

2.2. Energy management

Multiple studies address the energy management of GSE. Gulan
et al. (2019) present a charging algorithm for fully electrified air-
ports, using a scheduling algorithm based on variable pricing. Charging
priority is assigned based on State of Charge (SOC) and availability
of GSE. Kirca et al. (2020) develop a Multi-Input Multi-Output Air-
port Energy Management (MIMO-AEM) model for understanding eGSE
charging requirements and scheduling. The model optimizes GSE usage,
battery pack sizes, and gate scheduling. Alruwaili and Cipcigan (2022)
propose a methodology for using eGSE to participate in the frequency
regulation market. They show that eGSE can support the power grid by
offering flexible V2G services.

Xiang et al. (2021) conduct a techno-economic analysis of a hydrogen-
solar-storage integrated energy system for airport electrification. By
using a flight schedule, a load model is developed, including electric
aircraft and eGSE charging profiles. Based on this, an airport microgrid
is optimized using a MILP model. Miller and Rutledge (2025) also
discuss airport electrification and demonstrate that microgrids may be
a practical solution for airports to reach their electrification goals.

2.3. Operational costs

Salihu et al. (2021) develop a discrete event simulation (DES)
and cost model to develop an annual cost estimate for using electric
towing tractors. Their findings show significant potential for reducing
fuel consumption and emissions. Soares and Wang (2021) conduct a
life-cycle cost analysis (LCCA) to compare eGSE with conventional
GSE. They compare different charging systems. They show that the
conventional option initially requires less investment, but it costs more
over its lifetime. Sari et al. (2022) conduct a benefit cost analysis
(BCA) and show that both conventional and electric GSE are feasible
investments. The use of conventional GSE is considered more profitable
when assuming 25 years of use.

2.4. Environmental impact

Van Baaren and Roling (2019) conduct a feasibility study for fully
electric towing systems, finding that they are technically and opera-
tionally viable with substantial fuel and emissions savings, although
cost and logistical challenges remain. Sznajderman et al. (2022) de-
velop an integrated model for GSE and associated emissions, consider-
ing loading and unloading stages, and aircraft service types, accurately
replicating GSE movements. Bosma (2022) creates a capacity model
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Table 1
A comparison of different studies on GSE, based on several key components.
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- Travel time between locations v v v v v / v /v 7 v v v v/ v
- Service time window v v v v v / v /7 7/ v v v
- Service time at aircraft stand v v v v v v v v vV / v v v v v/ v
- Individual service times (per vehicle) v v v v v v v v vV / v v v v v/ v
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9
a Q:: optimization of operations, |:4713: energy management, %: operational costs, @: environmental impact.

study for sustainable aircraft refueling vehicles. The model results pro-
vide insights in future fleet mix and charging requirements to achieve
carbon emission goals. Adeoye (2025) conducted a life cycle assessment
(LCA) to compare the environmental impact of diesel, biodiesel, and
electric GSE. The study shows that eGSE has the lowest direct emis-
sions, but its overall environmental benefit depends on the electricity
grid mix.

2.5. Scientific contribution

An overview of the relevant works on GSE, with a comparison
on different aspects, is provided in Table 1. Here, the focus of the
studies is denoted by an icon, referring to “optimization of opera-
tions” (@ ﬁ), “energy management” ([473’), “operational costs” (%), or
“environmental impact” (@). Based on literature research and expert
interviews, several key components for modeling GSE operations at
airports can be defined (see Table 1). These are further detailed in
Section 3. The literature research shows that most studies focus on
only one or a few GSE types and none incorporate all components
deemed essential by the literature. The model will primarily focus on
simulating and optimizing eGSE operations and their associated energy
consumption. Although charging is not explicitly modeled, the energy
consumption and depletion of vehicles are tracked, providing insight
into the charging requirements. This enables a post-hoc analysis to as-
sess whether opportunity charging could suffice or whether additional
vehicles would be needed to maintain fleet capacity. In general, this
research contributes to the field by:

+ Considering all possible GSE types individually. All types of GSE
can be added, by adjusting the parameters and tasks accordingly.

» Modeling the GSE turnaround operations including task alloca-
tion, travel times, service time windows, service times (with
individual times for multiple vehicles per service) and the energy
consumption of the vehicles.

+ Determining the required number of vehicles and their energy
demand. To this extent, field data from electric water trucks is
used for verification, which has not yet been done in previous
research.

Including the above elements results in a contribution as shown in the
last column of Table 1. Given that the literature review also shows
that the nature of the operations to be simulated often leads to a
computationally complex problem, extensive attention will also be paid
to improving the computational complexity of the model.

3. Background of (e)GSE operations

Each type of GSE has distinct properties, activities, and duty cycles.
Based on ACRP reports (National Academies of Sciences, Engineering,
and Medicine, 2012, 2015), GSE can be categorized by use case: (1.)
ground power/air conditioning, (2.) aircraft movement, (3.) aircraft
servicing, (4.) passenger (un)loading, and (5.) baggage/cargo handling.
GSE operations depend on several variables that can vary considerably
across airports, affecting the type, quantity, and service time of GSE. A
distinction can be made between (1.) operational characteristics, (2.)
aircraft characteristics, and (3.) airport infrastructure (ICAO, 2020).
Operational procedures dictate the types and numbers of GSE services
required, while aircraft characteristics influence stand allocation and
handling procedures. Airport infrastructure, including the type and
location of aircraft stands, can affect GSE numbers and operations,
especially if stands are designated for specific aircraft types (e.g., cargo
or passenger aircraft).

The electrification of GSE comes with the benefits of zero exhaust
emissions, reduced maintenance, and higher energy efficiency, but also
poses challenges, such as high initial costs, limited operational range,
and charging infrastructure requirements (Adeoye, 2025).

The consumption of and the way in which smaller GSE is used
makes that they typically consume less energy and can operate for a
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full day on a single charge. If needed, opportunity charging is feasible
(according to expert interviews in Timmermans (2023)). Larger GSE,
however, must be charged during operational hours due to limitations
in battery capacity and the limited space and weight that can be spent
on batteries. These vehicles therefore have a greater downtime than
their diesel equivalents (according to expert interviews in Timmer-
mans (2023)). While this study assumes that vehicles start with a full
battery, this depends on local airport operations. Many airports, such
as Amsterdam Airport Schiphol, are subject to night curfews as part
of noise abatement strategies, limiting aircraft and GSE activity at
night (Ashford et al., 2013), which supports the feasibility of overnight
charging.

It has become apparent that there are many differences between the
GSE types required for servicing aircraft at an airport. To maximize
the model’s applicability, it will incorporate vehicle-specific parameters
and distinguish between vehicles with logistical loads (e.g., water and
catering trucks) and those without.

4. Problem formulation

The problem at hand will be described as a Task Scheduling Problem
(TSP). As noted by Bunte and Kliewer (2009), an optimal schedule
minimizes fleet size and/or operational costs. These elements are at
the heart of the problem. MILP is a powerful tool for planning and
control problems (Earl and D’Andrea, 2005). In literature, it is widely
applied to solve TSPs and VRPTWs (Kuhn and Loth, 2009; Wang et al.,
2021; Bao et al., 2023) due to its strong modeling capabilities and the
availability of good solvers. Therefore, the problem at hand will also
be solved using MILP.

The model includes (1.) parking tasks, (2.) flight tasks, and (3.)
logistics tasks. Two parking tasks are defined per location: one covering
the full day from which a vehicle can depart, and one fixed at the
end of the day to allow return. Flight tasks are derived from the flight
schedule and the turnaround tables of the aircraft types. Each flight
task i has an earliest (ET;) and latest (LT;) execution time, defining
its time window. The task time (T'T;), with TT; < LT, — ET;, follows
from the turnaround table as well. The demand (DEM;) and energy
consumption (EC;) depend on both aircraft and GSE type. A single
flight may generate multiple flight tasks, based on the required number
of vehicles and ground time. Since flight tasks are tied to aircraft stands,
it is possible that there are several flight tasks with the same location if
(1.) the flight schedule contains multiple flights with the same aircraft
stand and/or (2.) multiple vehicles (of the same type) are required to
service one flight. Logistics tasks support refilling or emptying vehicle
compartments and are only relevant for GSE types with a logistical
function. When placed before flight tasks, they enable vehicles to
refill (e.g., catering, water) or empty (e.g., lavatory service, waste)
their compartments as needed. This ensures that vehicles can meet
service requirements without exceeding their capacity or operating
with insufficient load.

4.1. Rolling horizon approach

To reduce the computation, a rolling horizon is employed, as sim-
ilarly used by Kuhn and Loth (2009) for GSE scheduling. Algorithm
1 explains how it is applied in the context of this research. Let CT
denote the current time and /7 the set of unassigned flight tasks, with
A representing the complete set of flight tasks. In each iteration set F
is defined as the set of flights i € IT that have an earliest time (ET;)
that is within the next #,,,,,,,, minutes from the current time (CT). The
optimization problem is then solved, assigning vehicles k € K to tasks
i € F. Assigned tasks with start times s; < CT + 1,4, are added to
Q, where 1,44, <1 rorpara- These tasks are fixed, removed from 17, and
the task list is updated. The current time is increased with 7 and
the process repeats until 17 = @.

update>
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Algorithm 1: Rolling horizon approach

1 CT <0

2 IT « A

3 while IT # ¢ do
o | Feliel: BT, SCT 41/

5 Solve: optimization problem using data regarding all vehicles
k€ K and tasks i € F

6 Q«{ieF:s;<CT+t,
7 Assign: all tasks in Q

8 II<1m\Q

9 Update: overall task list together with vehicle states and SOC
10 CT < CT +1,

update }

update

Table 2
Notations used in this paper.
Set Description
R* Set of all positive real numbers
Ry Set of all positive real numbers including 0
Ny Set of all positive integers including 0
P Set of parking tasks
F Set of flight tasks
L Set of logistics tasks
T Set of all tasks (PU F U L)
K Set of all vehicles (K, eq U Kyseq)
Kouised Set of vehicles that have not been used yet (K,,,..; € K)

Kiseq Set of vehicles that have been used in a previous run (K, € K)
Kepieted Set of vehicles that are used and depleted (K ,peeq S Kisea)
Index Description

i Index for the current task ieT

Jj Index for the next task JjeT

k Index for the vehicle ke K
Parameter Description Domain
ET, Earliest time of performing task i Ry

LT, Latest time of performing task i R*

TT, Required time for task i Ry

D; Distance between task i and j Ry

14 Travel speed of vehicles R*

RT; Time at which vehicle k becomes ready Ry

STy Starting task of vehicle & T

SL, Starting load of vehicle k Ry

EP, Ending parking task of vehicle k in previous run P
LOC; Location number of task i Ny

FN; Flight number associated with task i -
DEM, Demand of task i Ry

C Capacity of vehicles Ny

R Logistics refilling time constant R*

M Big M for time constraints R*

(0] Big M for capacity constraints R*
Variable Description Domain
X;j Whether a vehicle travels from task i to j {0, 1}
Vi Whether task i is visited {0, 1}
z; Whether vehicle k is used {0, 1}

s; Starting time of servicing task i Ry

w; Waiting time at task i Ry

q; Load quantity of a vehicle after visiting task i Ny

4.2. Mathematical model

The notations used in this paper are shown in Table 2. A distinction
is made between numerical and modeling sets. Modeling sets may
include subscripts indicating subsets: S (start tasks), I (intermediate
tasks), and E (end tasks). For example, P¢ C P includes parking tasks
designated as start tasks. If no subscript is indicated, the entire set is
implied (e.g., Pg;p = P). After each optimization in the rolling horizon,
modeling sets P, F, L, K,uyseqs Kyseas a0d Kyopr0r0q are updated, along
with parameters RT;, STy, SL;, EP,, and LOC;.

The objective function consists of five components (obj. 1-5): (1.)
the number of vehicles used, (2.) the distance traveled by all vehicles
(in km), (3.) the number of visits to logistics tasks, (4.) the sum of flight
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task start times and (5.) the total waiting time of vehicles at logistics
tasks. Components 1 and 2 are used for operational scenarios, while
components 3, 4 and 5 are used to help the MILP’s solver converge to
a solution. Depending on the goal of the optimization, weights 4, to A5
can be altered to define the contribution of each term, with A; to A
kept small to avoid biasing the primary objectives.

min A, <Z zk> +h <Z D %xf,) + (Zs,)

kek €T jeT i€F
~—— — ~——
obj. 1 obj. 2 obj. 3
+ /14< > in/>+'15 (Z wi>
i€T\L jEL ieL
N —— —
obj. 4 obj. 5

4.2.1. Generic constraints

Constraints (1) and (2) link x; T and y;. Constraint (3) ensures that
z, = 1 if vehicle k is used for a task in F. Constraint (4) enforces flow
conservation for tasks in 7;. Constraints (5) and (6) ensure that task j
can only be visited once and task i can only be left once, respectively.
Constraint (7) ensures that vehicles do not drive from task i to task
i. Constraints (8) and (9) prevent vehicles from entering start tasks or
exiting end tasks, respectively. Constraint (10) prevents direct travel
from a start to an end task.

y/-:2x,-j VieTg (€D)]
ieT
vi=)x,; VieTg 2
jer
z, >y, VkeK, i=ST, 3)
Y xp= D x; VRET; “
ieT JjeT
Yx;<1 VjEeT )
ieT
Y x;<1 VieT (6)
jeT
x; =0 VieT )
x;;=0 VieT, jeTg 8)
x; =0 VieTg, jET ()]
x; =0 VieTs, jeTg (10)

Constraints (11) and (12) ensure that visiting a task cannot start before
ET; or after LT,, respectively. Constraints (13) and (14) ensure that
a vehicle cannot start with task j before arriving at task j. Constraint
(15) ensures that a vehicle does not start the servicing of task j before
it arrives there (when traveling from starting task ST)).

s; > ET; VieT 1D
s; < LT; VieT (12)
D;;
stsi+TT,-+w,-+7—M(l—x,«j)
Vi,jeT, i#j (13)
D;;
stSi+TT,-+w,-+7+M(l—x,~j)
Vi,jeT, i#j 14)
D; . .
s; 2 RTk+7 Xjj VjieT, i=ST,
k= LOC; (15)

Constraint (16) enforces sequential vehicle reuse, allowing a vehicle to
be used only if all previously used vehicles are reactivated. Constraint
(17) allows a parking task to be assigned only if the vehicle that was
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parked at the location in the previous run is active in the current run.
Constraint (18) prohibits the use of depleted vehicles.

Zj < Z Vk € Kunu:ed’ le Kused (16)
vi<y, VkeK, i=EP, h=ST, 17
Zp = 0 Vk € Kdepleted (18)

4.2.2. Flight task constraints

Constraint (19) ensures that all flight tasks are performed. Con-
straints (20) and (21) ensure that performing task i cannot start before
ET; or end after LT, respectively.

yi=1 Vie F 19
s; > ET, VieF (20)
s; <LT,-TT; Vi€F (21

4.2.3. Logistic task constraints

Constraints (22) and (23) ensure that the load of a vehicle at task j is
equal to the load at task i minus the demand of task j. Constraint (24)
requires vehicles to depart the logistics task fully loaded. Constraints
(25) and (26) set the initial load of vehicle k at the starting task to
SL,.

q; <q—DEM; +Q (1 —x;;)

VieT, jET\L, i#j (22)
q; > ¢;—DEM; - Q (1 —x;;)

VieT, jeT\L, i#j (23)
4,2 C-0(1-x;)

VvielL, jeT\L 24
g =SL, VieT, k=LOC, (25)
¢;<SL, Vi€eT, k=LOC (26)

Constraint (27) enforces a waiting time of R minutes per added load
unit at a logistics task. Constraint (28) ensures vehicle departure from
a logistics task before LT;.

w; > R(q;—q;) =M (1-x;)
VieT, jEL 27)

si+w; <LT, Viel (28)

Constraint (29) ensures that vehicle loads cannot exceed the vehicle’s
capacity. Constraint (30) prohibits direct travel between logistics tasks.
Constraint (31) only permits travel from a logistics task to its associated
flight task. Constraint (32) prohibits travel from a logistics task to a
parking task.

g <C VieT 29
x;=0 VijelL (30)
x;=0 VieL, jEF, FN;#FN, (31
x;; =0 VieL, jeP (32)

5. Complexity reduction

The NP-complete nature of many scheduling problems, and MILP-
models in general, precludes their solution within a reasonable time
(Roslof et al., 2002). According to Earl and D’Andrea (2005), the
computational requirements can grow significantly as the number of
binary variables needed to model the problem increases. Darvish et al.
(2020) state that the effectiveness of solving optimization problems
using a branch-and-bound/cut algorithm relies mainly on its mathe-
matical formulation. Therefore, several improvements are implemented
such as model tightening, increasing the model density, and breaking
model symmetry.
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5.1. Model tightness

The following constraints, though mathematically redundant, accel-
erate convergence by imposing upper bounds on continuous variables
and tightening the feasible region.

s; <ET,+ M (1-y) ViePs (33)

s;<ET,+M(1-y) ViePg (€2))

Constraint (33) forces a vehicle to start at ET at the start P task that is
used. Constraint (34) forces a vehicle to arrive at its end P task at ET.

5.2. Model density

Although the formulation is mathematically sound, the model con-
tains many binary variables that could never be part of a feasible
solution under the model’s constraints, resulting in a highly sparse
model.

Following an approach similar to the chain decomposition of
Hooker and Natraj (1995), a large subset of (i, j)-pairs can be eliminated
in advance by filtering based on feasibility conditions. This prepro-
cessing step does not affect the set of potentially optimal solutions,
as only infeasible decisions are removed. The reduction of (i, j)-pairs
can go up to > 85%. Let T denote the set of tasks, and define G, =
{ (i,j) | i,j €T } as the set of all task pairs. Then, the steps to reduce
the (i, j)-pairs are:

G =Gy\{ (i.)) |i.j€Gyi=] }

G, =G \{ (.))|i,jeGi€eLj€EF,
FN,#FN,}

Gy=G\{ () |i.j€GrjETs }

Gy=G\{ (i.)) | 1.jE€EGsi €Ty }

Gs=G,\{ (.j) |i,jEGijeL }

Ge=Gs\{ (i.)) |i.j€GsieLjeP }

Gy =G\{ (1)) | i.j € G i €Ts.j €Ty }

G8:G7\{ (i,j)|i,j€G7,ET,-+TT,.+

D;;
> LT, -TT;
The set Gy represents the filtered combinations after applying all the
specified conditions.

To further reduce the number of variables in the model, logistics
tasks are generated only for vehicles with logistics tasks, with L = @
otherwise. Similarly, the decision variable ¢; and associated “logistics
task constraints” are included only when necessary. This approach de-
creases computational load in two ways: (1.) because the optimization
problem contains less variables, it can be solved faster, and (2.) because
there are fewer constraints and variables, the model can be set up
faster.

5.3. Model symmetry

Degeneracy in MILP problems arises when multiple distinct as-
signments of binary variables yield the same optimal objective value,
leading to symmetric feasible solutions. When degeneracy occurs, it
means that the search space for finding the optimal integer solution
is more complex and may require additional computational effort to
explore all possible integer combinations. It has been a topic of interest
since the invention of the simplex method (Gamrath et al., 2020). By
augmenting the model with suitable symmetry-breaking constraints,
the structure of the model can be considerably improved by reducing
the extent of the feasible region that must be explored (Sherali and
Smith, 2001).
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In the developed model, degeneracy is resulting from the possible
combinations to assign vehicles to a sequence of tasks. For a given
vehicle set with |K| vehicles, there are

!
caklm = (KN - K __
N NI(K| - N)!
possible options to select N vehicles from the fleet. Second, among the

selected vehicles, there are N'! options to allocate the sequences of tasks
to the vehicles. Combining both types of symmetry results in

<|K|> UKL K
N )T NIGKI =N T (K= N)!
equivalent solutions.

To break the first type of symmetry, a constraint, based on the work
of Adulyasak et al. (2014), can be used: constraint (35) ensures that
vehicle k can only be used if vehicle k — 1 is used.

Zk < Zk—1 Vk € Kunused \ min (Kunused) (35)

To address the second symmetry issue, a hierarchical constraint
inspired by Darvish et al. (2020) can be used: constraint (36) ensures
that if task j € Ty is serviced by vehicle k, then at least one other task
j' € Ty, with j' < j, must be performed by vehicle k — 1.

Jj—-1

X,-j S Z xirj/

Jj'=minTp
Vj € TBs k€ Kunused \IniIl (Kunused) ’
K € Kypusea» k' =k =1, i=STy, i’ = STy (36)

Both constraints are valid inequalities that strengthen the model
formulation. To prevent suboptimality, these symmetry-breaking con-
straints can only be used if all vehicles in the fleet are homogeneous and
start at the same location. The constraints are therefore only applied in
the model if this is possible without excluding optimal solutions.

6. Case study

To validate the model, a case study is conducted on KLM Royal
Dutch Airlines’ GSE fleet at Amsterdam Airport Schiphol (AAS). The
MILP model is implemented in PyrHon and solved using Gurosi. This
paper includes the validation for a GSE type without a logistics function
(belt loader) and for a GSE type with a logistics function (water truck).
We refer to Timmermans (2023) for the complete model verification
and validation.

6.1. Instances generation

The following datasets were used to generate the instances:

» Flight schedule: the used flight schedule was provided by KLM
and is based on the IATA Busy Day definition (IATA, 2022). Based
on this definition, July 13 2023 was selected as the IATA Busy
Day. After filtering for airlines serviced by KLM Ground Services,
the schedule contained 735 Air Traffic Movements (ATMs), as
shown in Fig. 1. The ATMs were paired to create turnarounds.
Task information: the turnaround tables available at KLM for the
various aircraft types were used to create the flight tasks. For
aircraft types for which no turnaround table was available, a com-
parable aircraft type was used. A distinction was made between
separate arrivals, separate departures and full turnarounds, based
on ground time.

Distances: the aircraft stands, parking locations, and logistics
locations were grouped into 35 clusters, based on internal KLM
documentation. It also includes the distances between the location
clusters, and based on this, the shortest distance between all
combinations of the location clusters was calculated. For trips
within a cluster, the average distance between all locations within
the cluster was used. The mean of the distances is 4 = 1.23 km
and the standard deviation is ¢ = 0.82 km.
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Fig. 1. An overview of the air traffic movement quantities that were serviced by KLM
Ground Services at AAS on July 13, 2023.

Table 3
Vehicle parameters used in the case study.

(a) Parameters for the MILP model.

Parameter Belt loader Water truck
14 15 km/h 15 km/h

C 3300 L

R 3.7 L/s

(b) Parameters for calculating the energy consumption.

Parameter Belt loader Water truck
Battery capacity 33.6 kWh 70.0 kWh
Energy demand for driving 0.59 kWh/km 1.00 kWh/km
Power demand for task 1.0 kw 0.7 kW

+ Vehicle data: spec sheets by TLD (2023) and Charlatte (2017)
were used for the belt loaders and spec sheets by Vestergaard
(2023) and Orientitan Ground Support Equipment (2019) were
used for the water trucks. The calculation proposed by Kirca et al.
(2020) was used for the energy consumption of the belt loaders
(driving and performing tasks) and the water trucks (performing
tasks). Field data has been collected for the energy consumption
of the driving of the water trucks (see Section 6.2). An average
speed of 15 km/h was assumed for the driving speed. An overview
of the vehicle parameters used for the case study is provided in
Table 3.

6.2. Field measurements of water trucks

To assess the energy consumption of KLM Ground Services’ electric
water trucks, field measurements were conducted. Various operators
registered the mileage, battery percentages, charging events, and air-
craft servicing tasks during their shifts. Based on this data, the distance
driven and the amount of kWh used were calculated. A fixed energy
value per aircraft servicing was subtracted from the total consumption
to isolate driving-related use, allowing calculation of consumption per
kilometer. Fig. 2 provides insight into the driven kilometers, energy
consumption, and consumption per kilometer. Based on the 23 mea-
surements, an average consumption of 1.04 kWh/km was found, with
an IQR between 0.91 and 1.13 kWh/km.

6.3. Normalization of the objective function

The objective function as discussed in Section 4 was first normalized
for each GSE type to ensure that the analysis is performed across the
relevant range of objective values. Only the first two sub-objectives,
minimizing the number of vehicles used and distance driven, were
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Fig. 2. Plot showing the relationship between distance driven and energy used, based
on the field measurements for the water trucks.

considered. The model was executed twice, with weighting factors
(41, 42) =(500,0.001) and (4, 4,) = (0.001, 500), respectively.

Because the optimization utilizes a rolling horizon, multiple sepa-
rate optimizations are solved to find the overall solution, each yield-
ing distinct objective values. For the normalization, the average sub-
objective values over all runs with |F| > 0 were computed. The
difference between these averages from the two weighting schemes
defined the correction parameters a and f. Next to this, the first two
sub-objectives were scaled by a factor of 10* to dominate the objective
function and maintain values in the order of 10*, facilitating opti-
mal performance in Gurosl. Based on these adjustments, the following
objective function was obtained:

4
min /11.%.<k2;< >+12 <ZZ 000 ,j)
€

ieT jeT
obj. 1 obj. 2
‘s <z ) e ( » ) s <z w,)
i€F i€T\L jeL i€L
—— — —
obj. 3 obj. 4 obj. 5

6.4. Pareto fronts

To gain insight into the trade-off between the number of vehicles
and the distances traveled, Pareto fronts have been created for the belt
loaders and water trucks. Two metrics are considered: the total number
of vehicles used in a day and the maximum number of vehicles required
within a 30 min time window. To this end, the weighting factors 4, and
A, are varied from 0.001 to 1.00, in increments, subject to 4;+4, = 1.00.

6.4.1. Belt loaders
Fig. 3 shows the Pareto front for the belt loaders. Some noticeable
solutions are:

+ Solution 6 with (4;, 4,) = (0.70,0.30): This solution utilizes 37 ve-
hicles, both during peak time and throughout the day, achieving
the lowest total distance (48.773 km) with this minimized number
of vehicles.

Solution 10 with (4;, 4,) = (0.50,0.50): This solution shows that
with 37 vehicles during the peak, a lower total traveled distance
of 40.733 km can also be achieved. A total of 41 vehicles are used
during the day.

Solution 18 with (4;, 4,) = (0.001,0.999): This is the solution with
the lowest total traveled distance (24.620 km). This requires a
total of 52 vehicles. During the peak, 41 of these vehicles are
used.



K. Timmermans et al.

e Pareto Front total used
704 Dominated solutions
. Pareto Front required at peak
£ Dominated solutions
= 601
[
o
s
2 4
= 501 6
E 7 o7
%;J % *%-e9 10
£ 404 11 i ell
®
k] 1345 ol3 15
304 14 el4
16 16
18 el18

36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53
Vehicle quantity
Fig. 3. Two Pareto-fronts for the sensitivity analysis of the multi-objective optimization

for the belt loader operations. The numbered labels next to the data points correspond
to a combination of 4, and 4,.
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Fig. 4. Two Pareto-fronts for the sensitivity analysis of the multi-objective optimization
for the water truck operations. The numbered labels next to the data points correspond
to a combination of 4, and 4,.

In general, there is a trend that shows that the use of more vehicles
results in a lower total traveled distance. Because this type of GSE
only operates at the aircraft stands, the vehicles can often remain idle
nearby. The figure also presents solutions outside the Pareto front.
Analysis of the results has shown that these solutions exhibit inefficien-
cies attributed to the rolling horizon approach. In these cases, vehicle
assignments that are optimal in one optimization step prove suboptimal
in subsequent stages.

6.4.2. Water trucks
Fig. 4 shows the Pareto front for the water trucks. Some noticeable
solutions are:

+ Solution 9 with (4;,4,) = (0.20,0.80): This solution utilizes 11
vehicles, both during peak time and throughout the day, achiev-
ing the lowest total distance (124.640 km) with this minimized
number of vehicles.

Solution 11 with (4;, 4,) = (0.001,0.999): This is the solution with
the lowest total traveled distance (105.841 km). This requires a
total of 14 vehicles. During the peak, 12 of these vehicles are
used.

It can be deduced that a minimization of the total traveled distance
in this case does not result in a significant increase in the number
of vehicles required. Putting a new vehicle into use comes with a
relatively high initial “fixed” distance because the water trucks first
have to go to the logistics location to collect water.

Case Studies on Transport Policy 21 (2025) 101498

Required number of vehicles
RN N W w
n 5 &L 3 & 8 &

o

Fig. 5. The required number of belt loaders per 30 min.

6.5. Model validation

To validate the model, one Pareto-optimal solution for the belt
loaders and water trucks is selected for further analysis. The solution
minimizing the total number of vehicles and the corresponding traveled
distance is chosen, as it is the most financially advantageous. Where
possible, model outcomes are compared with operational data from
KLM Royal Dutch Airlines.

6.5.1. Belt loaders

Solution 6 (4;,4,) = (0.70,0.30) from Fig. 3 is selected for the
model validation. Fig. 5 illustrates the number of vehicles required
throughout the day. The average utilization rate is approximately 21%,
calculated as the ratio of time spent on tasks (including driving) to
the total available time (24 h). The figure also indicates that charging
opportunities exist between peak periods.

A total of 210 kWh was used to execute the task schedule. Of this,
182 kWh (86%) was used to perform the tasks on the aircraft stands,
i.e., running the conveyor belt, and 29 kWh (14%) was used for driving
a total distance of 48.773 km. This makes clear that most of the energy
consumption for the belt loaders cannot be optimized because this is
independent of the driving. If desired, the 29 kWh can be reduced by
using more vehicles, as can be seen in Fig. 3. None of the belt loaders
had a depleted battery at the end of the day.

The data available at KLM shows that the number of belt loaders,
as determined by the model, is slightly too high, but within the correct
order of magnitude. This is mainly due to the fact that two belt loaders
are used per flight in the model and in reality this is sometimes
one because of (1.) the amount of baggage on a flight, and (2.) the
availability of resources. Conversations with KLM also revealed that
it is usually not necessary to charge the belt loaders during the day.
This is confirmed by the solution of the model. When the belt loaders
were initially purchased, their batteries were sized to last a full day
without charging. However, battery degradation over time has caused
some batteries to now have a State of Health (SOH) below the 100%
assumed in the model.

6.5.2. Water trucks

Solution 9 (4, 4,) = (0.20,0.80) from Fig. 4 is selected for the model
validation. Fig. 6 illustrates the number of vehicles required throughout
the day. The average utilization rate is approximately 26%, calculated
as the ratio of time spent on tasks (including driving) to the total
available time (24 h). The figure shows that there are limited daytime
charging opportunities, necessitating reliance on opportunity charging
during operations and overnight charging.

A total of 155 kWh was used to execute the task schedule. Of this,
30 kWh (19%) was used to perform the tasks on the aircraft stands,
i.e., operating the pump, and 125 kWh (81%) was used for driving a
total distance of 124.640 km. This makes clear that most of the energy
can be optimized, by minimizing the total traveled distance. None of
the water trucks had a depleted battery at the end of the day.
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Table 5
Sensitivity analysis for travel speed of vehicles.

(a) Solution results for belt loaders.

Change Required vehicles Required vehicles Total traveled
(total) [-] (peak) [-] distance [km]

—20% 38 37 48.558

-10% 38 37 46.342

-5% 37 37 48.575

0% 37 37 48.773

5% 38 37 44.754

10% 37 37 48.086

20% 37 37 46.462

(b) Solution results for water trucks.

Table 4

Sensitivity analysis for required task times.

(a) Solution results for belt loaders.

Change Required vehicles Required vehicles Total traveled
(total) [-] (peak) [-] distance [km]

—20% 28 28 55.410

-10% 32 32 48.724

—5% 35 35 47.619

0% 37 37 48.773

(b) Solution results for water trucks.

Change Required vehicles Required vehicles Total traveled
(total) [-] (peak) [-] distance [km]

—20% 10 10 122.088

-10% 10 10 122.849

-5% 11 11 121.706

0% 11 11 124.640

The data available at KLM shows that the number of water trucks
as determined by the model is correct. However, not all water trucks at
KLM are currently electric. There is a significant difference between the
distance driven in reality and in the model. In reality, the vehicles drive
much more because they cannot remain stationary near the aircraft
stand after completing a task, as assumed in the model. This is because
the operators are tied to their vehicles during their shift and can
also be assigned to other tasks, for which they do not need a water
truck and must first return to the depot. Due to the higher number of
kilometers driven, it is necessary to recharge the vehicles in between
tasks, i.e., opportunity charging is used. Additionally, conversations
with KLM reveal that aircraft sometimes receive multi-stretch servicing.
This means that aircraft are serviced for several flights at once, so they
do not require service after every flight. As a result, there are fewer
tasks, making it possible to operate with fewer vehicles. The higher
number of kilometers and the lower number of tasks compared to the
model result in approximately the same number of required vehicles in
this case.

6.6. Sensitivity analysis

To examine the robustness of the model, two sensitivity analyses are
conducted. The first varies the required task times (7'7;) by decreasing
them by 5%, 10%, and 20%. Increases are not considered as these
would exceed the tight time windows. The second adjusted the vehicle
travel speeds (V) by both increasing and decreasing them by 5%, 10%,
and 20%.

6.6.1. Required time for task

As shown in Table 4, when the required task time of the vehicles is
gradually decreased by up to 20%, the required number of belt loaders
also decreases. The same can be observed for the water trucks, but to

Change Required vehicles Required vehicles Total traveled
(total) [-] (peak) [-] distance [km]

—-20% 12 12 120.697

-10% 11 11 124.794

—5% 12 12 125.939

0% 11 11 124.640

5% 11 11 125.980

10% 11 11 122.090

20% 11 11 125.072

a lesser extent because fewer vehicles are needed here. It implies that
measures to reduce the task time could reduce the required number of
vehicles. The total traveled distance fluctuates for both vehicle types,
likely because fewer vehicles must cover greater distances to service
the same number of flights, obscuring a clear trend.

6.6.2. Travel speed of vehicles

As shown in Table 5, when the travel speed of the vehicles is
gradually adjusted from —20% to +20%, the required number of vehi-
cles and the total traveled distance fluctuate slightly and irregularly.
This indicates that the travel speed has little effect on the solution,
primarily because task durations dominate driving times. Consequently,
measures to improve traffic flow or adjust speed limits are unlikely to
significantly affect fleet size or daily distances, nor would increased
congestion.

7. Discussion

Section 3 confirmed that GSE types vary significantly in their char-
acteristics. Consequently, the model developed in this study differ-
entiates between different GSE types to enable broader applicability.
Furthermore, a distinction was made between vehicles with logistical
loads and those without. This approach addresses a gap identified in the
literature, where few studies encompass the full range of GSE types.
The model results effectively estimate vehicle requirements, energy
consumption, and optimization potential. However, validation revealed
that, despite differentiating between GSE types, operational differences
among these types still impact the outcomes. Notably, the assumption
that the GSE remains near the aircraft stands between tasks had a
significant impact on the validation results for water trucks, but this
factor was less influential for belt loaders, which are generally parked
close to the aircraft stands. This is where the desired application of the
model becomes relevant. Making a distinction between a strategic and
operational application of the model and the associated choices allows
for an interpretation of the choices and assumptions that emerged in
the review of the existing works and the contributions and limitations
of this research.

The results of the model developed in this research show that the
model can be used for making strategic decisions. The vehicle quantities
generated by the model are in the right order of magnitude, and
the total energy consumption provides sufficient insight for high-level
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planning. However, it should be noted that the rolling horizon approach
does not guarantee overall optimality in the solutions. By incorporat-
ing essential operational components identified through literature and
interviews, the model supports decision-making at an operational level
across multiple GSE types more effectively than comparable models,
which often rely on greater simplifications.

An important assumption in this study is that the vehicles are pri-
marily used during the day and can be fully recharged overnight. This
assumption aligns with the operational context of Amsterdam Airport
Schiphol, which is subject to a strict night curfew. Consequently, it
implies that vehicles in the case study start each day with a fully
charged battery. However, it is recognized that this condition may
not be generalizable to airports with continuous 24-h operations and
no curfew restrictions. In such contexts, the model outcomes would
differ, requiring opportunity charging during operational hours or an
increased fleet size to maintain the fleet capacity. While charging is
not explicitly modeled, the model tracks battery depletion over time,
allowing charging requirements to be estimated indirectly. This enables
an indication of whether opportunity charging could be sufficient or
whether more vehicles would be needed. Nevertheless, for applications
requiring more detailed operational planning, such as charger place-
ment, scheduling of charging events, or power infrastructure design,
explicit modeling of the charging process would likely be necessary.
These limitations do not affect the core functioning of the model but
should be considered in future adaptations to different operational
contexts.

8. Conclusions and future work

From the results of the case study, it can be concluded that the
impact of implementing eGSE on the capacity and demand of a GSE
fleet largely depends on the type of GSE and the way in which it is
used. For GSE types that can last an entire day on a single battery
charge, there is no difference in the capacity that can be achieved.
These vehicles can, therefore, be directly replaced one-to-one compared
to their conventional counterparts.

The model results show that both smaller and larger types of eGSE
can be used for a complete day on a full battery charge. A condition
for this is that the vehicles are not needed at night, which allows them
to get fully charged again. This is the case at many airports due to
nighttime curfews. The way in which the vehicles are used is also
very important in this regard. Parking a vehicle near the aircraft stand
between tasks results in significantly fewer kilometers driven, lower
energy consumption, and thus longer usability before the vehicle needs
to be recharged. Based on the model validation, it turns out that certain
GSE types can indeed run out before the end of the day, based on the
way they are used. To maintain the fleet capacity of these GSE types,
it is necessary to either (1.) use more of these vehicles, (2.) charge
the vehicles during operational hours, (3.) use batteries with a higher
capacity, or (4.) use vehicles with a better efficiency.

However, it should be noted that charging the vehicles during oper-
ational hours does not necessarily result in maintained fleet capacity,
as this depends on the availability of charging opportunities. This is
related to the available charging capacity and how tasks are distributed
throughout the day. Using the developed model, it is possible to de-
termine how many additional vehicles are needed when opportunity
charging is not feasible. For opportunity charging itself, an estimate can
be made based on the model results, but optimality is not guaranteed in
this case. Therefore, additional research is required for these vehicles,
including the development of a charging strategy as part of the scope.

Further research could also explore balancing the availability of
renewable energy sources with different types of energy storage and
charging methods. The work of van Oosterom et al. (2023) provides a
useful example of a method for routing vehicles and scheduling them
for either flight tasks or battery recharging, which could serve as a
foundation for this research.
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