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Summary

Aviation is a major contributor to global warming and so pathways for decarbonization need to be explored.

As battery technology advances, electric regional aviation emerges as a viable option. A key challenge,

however, is that the aircraft batteries degrade over time, progressively restraining the operational capability

of electric aircraft. Current approaches do not account for this effect. To address this gap, this research

presents the Battery Degradation-Aware Electric Fleet Assignment framework that enables the integration

of battery ageing into tactical scheduling. It does this by combining a rolling-horizon fleet assignment

model with a battery degradation module that predicts and updates each aircraft’s state of health based

on its flown missions, with battery replacement scheduled according to designated strategies to ensure

continuity of operations. This framework is evaluated with five distinct experiments, tested on the KLM

Cityhopper network and complemented by an additional case study for validation. The experiments validate

the framework’s operational and degradation dynamics and demonstrate that battery degradation has

a significant impact, with depreciation costs amounting to 0.91 €/km flown. Degradation reduces fleet

range capability, lowering ASKs by 0.96%, revenue by 0.76%, and increasing total operating costs by

9.1% as battery replacements become necessary. The sensitivity analysis indicates that future battery

price scenarios can make or break profitability. Consequently, operational models that ignore degradation

effects will overstate the profitability of electric aircraft.
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1
Research Proposal

This section discusses the research proposal that guides the remainder of the research. It begins by

identifying the research gap based on the preceding literature study, after which the central research

question is formulated along with several sub-questions and a final research objective. The proposed

work aims to integrate battery degradation modeling with uncertainty quantification into a rolling horizon

fleet assignment framework for battery-electric aircraft. The outcomes of this research are expected to

provide a foundational methodology for battery degradation-aware electric fleet planning, supporting future

developments in sustainable and efficient airline operations.

Research Gap Analysis
A wide range of literature was examined to identify the current state of research on battery-electric aviation.

While many studies address either battery degradation or airline operations, few attempt to combine these

domains, particularly in the context of electric passenger aircraft. As summarized in Table 1.1, each of

the most relevant studies contributes to specific areas, but none jointly capture the dynamic interaction

between battery ageing and operational decision-making at the fleet level.

Table 1.1: Coverage of Key Topics Across Literature and the Research. Symbols indicate: 3 =

addressed, – = mentioned or partially adressed, no mark = not adressed.

Electric

Aviation

Battery

Degradation

Uncertainty

in

Degradation

Operational

Airline

Modelling

Range

Estimation

van Oosterom et al. (2023) [1] 3 – 3

Paek et al. (2019) [2] 3 3 –

He et al. (2022) [3] 3 3

Hoogreef et al. (2023) [4] 3 3 3

Chan et al. (2024) [5] 3 3

Wolleswinkel et al. (2024) [6]

de Vries et al. (2024) [7] 3 – – 3

This Research 3 3 3 3 3

The papers byWolleswinkel et al. (2024) [6] and de Vries et al. (2024) [7], authored by members of

Elysian, who are also collaborators in this research, lay the foundation for the technical feasibility and

conceptual design of large battery-electric aircraft. Their work highlights several design and performance

challenges but does not address these predictive operational models that account for battery degradation

over time in detail. To date, no research integrates both degradation modeling and operational planning

in a manner that systematically propagates battery degradation effects into aircraft performance metrics,

such as range, within fleet optimization or scheduling frameworks. While recent advances validate the
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technical feasibility of large battery-electric passenger aircraft, a critical gap remains in modeling how battery

degradation with its uncertainty quantification impacts aircraft performance and fleet-level operational

decisions. Addressing this gap is essential to unlock the full environmental and economic potential of

electric aviation.

Research Proposal
Taking the complete Literature Study into consideration, the overarching research question is:

"How can battery degradation and ageing be systematically incorporated into an electric
fleet assignment model to optimize realistic operational and economic performance over
time?"

This study aims to develop a fleet assignment framework for battery-electric aircraft that explicitly

accounts for battery degradation and ageing processes over time. The resulting model will support

strategic and operational decision-making regarding aircraft deployment, battery replacement, and long-

term performance forecasting. A rolling horizon methodology will be employed to adjust fleet assignments

based on the evolving battery health of the aircraft, thereby enabling ageing-aware optimization of future

electric airline operations.

To address this research question, the following research (sub-)questions are proposed:

1. How can battery degradation be modeled to accurately estimate electric aircraft performance

and range over time?

Metrics: State of Health (SoH), Achievable Range

2. What are the main cost drivers of battery systems in electric aircraft, and how do different

replacement strategies impact their lifecycle cost per flight hour?

Metrics: Lifecycle Cost per Flight Hour (LCC/FH)

3. What are optimal battery replacement thresholds based on aircraft mission profiles and

economic trade-offs?

Metrics: End-of-Life (EoL) Threshold

4. How can predictive models of battery degradation, including uncertainty quantification, be

optimally integrated into a rolling horizon fleet assignment framework?

Metrics: Computational Performance, Optimal Prediction Horizon, Planning Outcomes

5. What is the impact of ageing-aware electric fleet assignment on airline-level performance

metrics CASK and RASK?

Metrics: Revenue per Available Seat Kilometer (RASK), Cost per Available Seat Kilometer (CASK)

6. How do utilization strategies affect battery longevity and long-term fleet economics in electric

operations?

Metrics: Battery Cycle Life, % of Flights with >70% DoD, Long-Term Cost Efficiency

Together, these questions span the data-driven modelling of battery degradation, its integration into

operational optimization, and the evaluation of system-level and economic impacts. The scope is aligned

with the context of electric regional aircraft operations, with specific reference to the 90-passenger concept

developed by Elysian Aircraft.

Research Objective
On the basis of the identified research gap and literature study, the objective of this thesis is:

"To develop a rolling horizon fleet assignment model for battery-electric aircraft that inte-
grates battery degradation and ageing. The model aims to support optimal and realistic
operational planning and battery replacement strategies, with a focus on maintaining air-
craft performance and maximizing long-term profits."
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Research Trajectory

The development of this research was not a linear process. Its direction and focus evolved significantly as

my understanding of the topic deepened and the possibilities of the research became clearer. The initial aim

was clear: to find a methodology to integrate battery degradation into electric airline planning. Early work

therefore focused on understanding, developing, and testing advanced battery degradation prognostics,

while in parallel exploring the basics of electric airline planning to understand how such predictions could

be used operationally and what battery degradation would mean for electric airline operations.

As the degradation prognostics improved, it became clear that the main challenge of this research

was shifting. The large uncertainty surrounding future electric-aircraft batteries meant that highly detailed

prediction techniques were not always meaningful. Instead, the role of electric airline operation modelling

grew in importance. Understanding how degradation influences scheduling, utilisation, and fleet-level

decisions proved far more relevant to the problem at hand.

This shift in focus broadened the study. New components such as maintenance strategies, battery

depreciation and synthetic physics-based battery data generation were introduced, gradually bringing

together elements that were not anticipated at the start. As these pieces aligned, the methodology became

increasingly advanced, to the point where it no longer only structured the problem but also enabled

a practical solution. In this process, a second goal of the research emerged: not only to develop the

framework itself, but also to use it to evaluate the broader implications of degradation-aware planning.

This strengthened the overall framework and ultimately led to a more complete and integrated study than

originally envisioned.

In the end, the research advanced far beyond its initial scope, bringing together technical, operational,

and economic elements into a unified whole. This evolution not only strengthened the findings but also

provides a foundation for future work on electric airline operations as the technology continues to develop.
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Abstract

Aviation is a major contributor to global warming and so pathways for decarbonization
need to be explored. As battery technology advances, electric regional aviation emerges as
a viable option. A key challenge, however, is that the aircraft batteries degrade over time,
progressively restraining the operational capability of electric aircraft. Current approaches do
not account for this effect. To address this gap, this research presents the Battery Degradation-
Aware Electric Fleet Assignment framework that enables the integration of battery ageing into
tactical scheduling. It does this by combining a rolling-horizon fleet assignment model with a
battery degradation module that predicts and updates each aircraft’s state of health based on
its flown missions, with battery replacement scheduled according to designated strategies to
ensure continuity of operations. This framework is evaluated with five distinct experiments,
tested on the KLM Cityhopper network and complemented by an additional case study for
validation. The experiments validate the framework’s operational and degradation dynamics
and demonstrate that battery degradation has a significant impact, with depreciation costs
amounting to 0.91 €/km flown. Degradation reduces fleet range capability, lowering ASKs by
0.96%, revenue by 0.76%, and increasing total operating costs by 9.1% as battery replacements
become necessary. The sensitivity analysis indicates that future battery price scenarios can
make or break profitability. Consequently, operational models that ignore degradation effects
will overstate the profitability of electric aircraft.

1 Introduction

The aviation industry plays a vital role in global connectivity. Over the last century our
modern society has become immensely reliant on air travel, and this trend is expected to
continue to grow in the coming decades [1]. However, this reliance takes a significant toll
on the environment. Aviation is a top global warming contributor with roughly 2–3% of
global CO2 emissions [2], and its climate footprint is further amplified by nitrogen oxides,
water vapour, and contrail-induced cloud formation. This underscores the necessity to reduce
emissions in line with international climate targets, such as the Paris Agreement [3].

In response, researchers and industry leaders are searching for more sustainable decar-
bonization pathways for aviation. Some of these, such as sustainable aviation fuels, are
already in use, while others remain in early stages of development or concept phases and still
have significant hurdles to overcome. Among these pathways battery-electric aviation emerges
as an option, with the potential to electrify a large share of global flights [4, 5]. Yet, sub-
stantial hurdles remain. Most notably the low specific energy, which severely constrains the
potential range of aircraft. Jet A-1 fuel holds a specific energy around 12,000 Wh/kg, while
the highest lithium-ion cells only reach 250-300 Wh/kg. Additionally, there are durability
trade-offs and safety requirements for aviation which can limit battery capacity [6].
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Fortunately, battery technology is developing rapidly and their specific energy has in-
creased by fivefold over the past 30 years [7], mostly due to lithium-ion batteries, with im-
provements still expected to come in lithium-ion and also other novel compositions. Although
future trajectories are unlikely to match past advances, even modest gains could alleviate the
energy density limitation and bring regional aviation closer to mirroring the rapid transition
of electric cars from a niche to a dominant market segment [6].

However, the limited energy density of batteries is additionally strained by battery degra-
dation, which reduces the amount of usable capacity over time. With any rechargeable device,
the usage patterns and time-based factors wear down the usable energy density. This effect
could be very consequential in electric aviation, where an aircraft can undergo numerous deep-
discharges a day. As a result, an electric aircraft that had sufficient range for certain routes
one week might no longer meet those requirements the next week due to reduced range.

Battery degradation primarily affects both battery capacity and power, and arises from
electrochemical and mechanical processes inside the cell, where repeated lithium intercalation
gradually induces material strain and long-term structural changes [6, 8, 9]. To cope with this
degradation, many battery-reliant systems use mathematical, physical or machine learning
models to predict how the battery State of Health (SoH) evolves over time and impacts its
usable capacity [10]. A wide variety of methods exist, which are each applicable to numerous
different situations depending on the required level of detail and data availability, ranging from
electrochemical models at the cell level, to high level SoH forecasting based on operational
history [11–13]. This diversity gives a broad range of methods to support the SoH prediction
of electric aircraft battery capacity and bring insights on the effect on aircraft range.

For electric aviation, battery SoH becomes an operationally limiting factor because each
aircraft’s range decreases as its battery ages. This creates a fleet with heterogeneous capabil-
ities over time, meaning that the set of feasible flights can change from week to week. As a
result, schedules that are optimal for a fresh fleet may no longer be feasible once degradation
accumulates, for example when simultaneous long-range flights require more high-SoH aircraft
than are available. This directly conflicts with conventional fleet assignment models, which
assume constant and uniform aircraft performance [14, 15]. This raises new questions about
routing and battery replacement maintenance strategies for an ageing fleet.

While electric aircraft operations have been studied in several recent works [16, 17], the
effects of battery degradation within these models remain underexplored. Studies predict
the high-level impacts of battery degradation costs and replacement necessities [4, 5, 18],
but current approaches do not capture integration of battery degradation effects throughout
tactical planning, limiting their capacity to create realistic schedules and flight assignments
or measure the degradation consequences in detail.

Therefore, this research aims to address the gap in electric airline operations modelling
by developing the Battery Degradation-Aware Electric Fleet Assignment (BDAEFA) frame-
work, which systematically integrates battery ageing into tactical airline planning. With the
framework established, the second objective is to quantify how battery degradation shapes
the long-term operations and economics of electric aviation. This work is carried out in col-
laboration with Elysian Aircraft [19], who offered insights into their conceptual E9X aircraft
and contributed their expertise on the subject.

The remainder of this paper is organized as follows. The methodology of the BDAEFA
framework is presented in Chapter 2. Chapter 3 elaborates on the economic formulation of
the research. Chapter 4 introduces the case study used to evaluate the model, and Chapter 5
presents and interprets the results of the experiments. Finally, the conclusions and future
research recommendations are discussed in Chapter 6.

2
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2 Methodology

This chapter presents the methodology of the BDAEFA framework. Beyond describing the
current implementation, the framework is also intended as a blueprint for future research. It
outlines a generalizable modelling structure that can incorporate more advanced degradation
models, operational strategies, or maintenance policies as technological understanding evolves.

The following sections describe the framework in detail. Section 2.1 introduces the over-
arching system architecture using the rolling-horizon methodology. Section 2.2 elaborates
on the Electric Fleet Assignment Model (EFAM). Section 2.3 and Section 2.4 describe the
degradation prediction and range estimation components. Section 2.5 presents the battery
replacement maintenance strategies.

2.1 Battery Degradation-Aware Electric Fleet Assignment Framework

This section outlines the high-level structure of the BDAEFA framework. It starts by intro-
ducing the framework architecture in Subsection 2.1.1 and the high-level assumptions made
for its design in Subsection 2.1.2.

2.1.1 BDAEFA Architecture

The BDAEFA framework is executed as an iterative simulation running in discrete weekly
horizons Ht following a rolling-horizon structure, which allows the model to update aircraft
states between horizons and capture the effects of battery degradation over time. The overall
model architecture is shown in Figure 1, which visualises the sequence of steps performed
during each horizon. Each component in the flowchart corresponds to a dedicated section
discussed later in this chapter.

Figure 1: Simplified overview of the system, illustrating the interaction between components.

At the start of each horizon the model initializes the fleet using the updated aircraft states
from the previous horizon or the initial fleet state provided at the beginning of the simulation.
The EFAM is then solved for one full horizon, assigning specific aircraft to the selected flights.
In the first horizon, the model selects from a dense schedule the set of flights that form the
tactical base schedule for the simulation. In all subsequent horizons, the optimizer receives
this fixed set of flights and assigns aircraft to them based on their evolving battery states,

3
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though the optimizer may leave flights unassigned if necessary due to battery health. The
resulting plan for each horizon is used to compute mission-level metrics, after which aircraft
states are updated through degradation predictions based on the flights operated. Following
this update, the aircraft’s maximum range is recalculated and the chosen maintenance policy
evaluates whether a battery replacement should be carried out. These updated states form
the input to the next horizon, and the process repeats, as displayed in Figure 2, until the full
simulation period has elapsed.

Figure 2: Illustration of the rolling-horizon methodology.

2.1.2 Framework Assumptions and Simplifications

This subsection presents the general modelling assumptions and simplifications in Table 1
that enable the framework to represent realistic electric aviation operations in an efficient and
generalizable manner. These were chosen to support the first integrated design of a battery
degradation–aware electric airline model.

Table 1: Overview of general modelling assumptions and simplifications.

ID Description

A1 Each simulation horizon represents one operational week with fixed demand patterns.
A2 The operational schedule is discretized into 20-minute time buckets with departures be-

tween 06:00–22:00.
A3 Range degradation is fully determined by battery SoH.
A4 The battery is fully charged to 100% during each turnaround.
A5 Battery replacement removes the aircraft from operation for one full planning week.
A6 During battery replacement downtime, regular maintenance is performed.
A7 Maintenance decisions follow designated rule-based maintenance policies rather than opti-

misation.
A8 Flights operate under nominal conditions with no wind effects.

2.2 Electric Fleet Assignment Model

This section formulates the EFAM as a Mixed Integer Linear Programming (MILP) problem
that determines aircraft-to-flight assignments and passenger allocations within each planning
horizon. The formulation integrates operational, physical, and economic constraints and is
solved iteratively within the rolling-horizon methodology. Its objective, presented in Subsec-
tion 2.2.3, maximizes total profit by balancing itinerary revenues against operating, lease, and
battery-related costs. The remainder of this section introduces the notation, describes the
model structure, and outlines the constraint set.

4
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2.2.1 EFAM Notation

This section defines the sets, decision variables, and parameters with Table 2 used throughout
the EFAM.

Electric Fleet Assignment Model Notation

Sets
N Set of airports, indexed by n ∈ N
F Set of candidate flights, indexed by f ∈ F
T Set of aircraft tails, indexed by t ∈ T
T Set of time buckets, indexed by τ ∈ T
OD Set of valid origin–destination pairs (i, j) with i, j ∈ N, i ̸= j
R Set of passenger itineraries, indexed by r
D Set of days in the week, indexed by d

Decision and State Variables
yft ∈ {0, 1} 1 if flight f is operated by tail t
pr ∈ R+ Passengers assigned to itinerary r
Sn,τ,t ∈ {0, 1} 1 if aircraft t is at airport n in time bucket τ

Parameters
Dij ∈ Z+ Weekly passenger demand between airports i and j
LF ∈ [0, 1] Target load factor
sf ∈ Z+ Seat capacity of flight f
ȳij ∈ R+ Yield between i and j (€/RPK)
pelec, pCO2 ∈ R+ Energy and carbon price parameters

Êf ∈ R+ Nominal energy of flight f (kWh)
Ef,t ∈ R+ SoH-adjusted energy use of flight f by tail t (kWh)
SoHt ∈ (0, 1] State of Health of tail t
κ ∈ R+ Degradation multiplier calibration parameter
df ∈ R+ Distance of flight f (km)
of , destf Origin and destination of flight f

τdep
f , τarr

f Departure and arrival time buckets

durf ∈ Z+ Duration of flight f (time buckets)
Rt ∈ R+ Maximum range of tail t (km)
Sinit
n,t ∈ {0, 1} Initial location of aircraft t at the start of the horizon

H ⊆ N Subset of designated hub airports
πr ∈ R+ Revenue per passenger for itinerary r (€)

copf,t, c
en
f,t, c

CO2
f,t ∈ R+ Operating, electricity, and carbon costs of flight f by tail t (€)

clease ∈ R+ Lease cost per planning period (€)
δt ∈ R+ Battery depreciation rate for tail t (€/km)
β, α, γ ∈ R+ Yield–distance model parameters
Capij(d) ∈ Z+ Daily passenger cap for OD pair (i, j) on day d

Table 2: Notation used in the EFAM

2.2.2 Model Overview

The EFAM formulates the aircraft-to-flight assignment problem as a MILP operating on a
space–time network defined over the set of airports N , candidate flights F , aircraft tails T ,
and discrete time buckets T . The assignment is made from a pre-generated schedule, where
for each 20-minute time bucket τ ∈ T and origin airport n ∈ N , all feasible destination
options are considered as candidate flights.

This time–space network, illustrated in Figure 3, captures the progression of aircraft po-
sitions over time. Nodes represent specific airport–time combinations (n, τ) ∈ N × T , and
arcs indicate either flight movements, ground operations, or overnight stays between nodes.
This structure enables explicit tracking of aircraft positions for each tail t ∈ T across airports
and time periods, ensuring that only feasible flight sequences are assigned. In this formula-

5
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tion an itinerary represents an Origin–Destination (OD) connection offered to passengers and
corresponds to a single direct flight in the networks analysed in this work, while the general
framework also allows itineraries to contain multiple legs in larger or more complex networks.
A flight is the individual leg in the time–space network on which the model evaluates aircraft
movements and their associated operating costs.

Figure 3: Illustration of a time-space network with two separate aircraft tails.

2.2.3 Objective Function

This subsection introduces the objective function that determines the EFAM decisions. The
model aims to maximize total profit. The objective function in Equation 1 integrates rev-
enues, operating costs, lease expenses, and battery depreciation to identify the most efficient
passenger and aircraft assignments within each simulation horizon.

max
∑
r∈R

πr pr︸ ︷︷ ︸
Revenue

−
∑
f∈F

∑
t∈T

(
copf,t + cenf,t + cCO2

f,t

)
yft︸ ︷︷ ︸

Operating Costs

− clease |T |︸ ︷︷ ︸
AC Lease Costs

−
∑
f∈F

∑
t∈T

δt df yft︸ ︷︷ ︸
Battery Depreciation

(1)

The first term in Equation 1 represents the total revenue gained from passenger itineraries.
Each itinerary r ∈ R connects an OD pair and carries an associated passenger flow pr. The
total revenue is determined by multiplying the number of passengers assigned to each itinerary
by its corresponding fare πr using Equation 2, which depends on travel distance and yield.

πr = ȳordr · dordr ∀r ∈ R (2)

Here, dordr denotes the total itinerary distance, and ȳordr is the average yield per revenue
passenger-kilometer. The yield follows the relation in Equation 3, which decreases with dis-
tance to reflect that shorter flights generally exhibit higher fares per kilometer, since fixed
costs and a larger share of non-cruise time are spread over fewer flown kilometers [20].

ȳij = β d−α
ij + γ ∀(i, j) ∈ OD (3)

Parameters β, α, and γ define the scale, distance sensitivity, and minimum yield level,
respectively. The values are calibrated using real flight cost data from the KLM Cityhopper
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network described in Section 3.1. The resulting function does not aim to reproduce exact
fares for each OD pair but provides a consistent and sufficiently accurate approximation of
average yields across the network.

The second term in the objective function captures the operating costs associated with
assigning flight f to aircraft t. These costs are decomposed into three components: a general
operating cost copf,t, an electricity cost cenf,t, and a carbon allowance cost cCO2

f,t . The three
components are given in Equation 4–Equation 6.

copf,t = cfixed + ctime · durf ∀f ∈ F, t ∈ T (4)

cenf,t = pelecEf,t ∀f ∈ F, t ∈ T (5)

cCO2
f,t = pCO2 Ef,t ∀f ∈ F, t ∈ T (6)

The general operating cost copf,t aggregates all non-energy expenses associated with flight
f , including crew, navigation, airport, and ground handling. The electricity and carbon
allowance components scale with the SoH-adjusted energy requirement Ef,t shown in Equa-
tion 7. The values pelec and pCO2 denote the electricity price per kWh and the carbon allowance
price per ton of CO2 emissions. All economic parameters are specified in Chapter 3.

Ef,t = Êf ϕ(SoHt) ϕ(SoHt) = 1 + κ(1− SoHt) (7)

The term Êf represents the nominal mission energy demand for a fresh battery, and the
multiplier ϕ(SoHt) captures the additional energy required as the battery state decreases.
The parameter κ is set such that 90% SoH corresponds to a 6% increase in required charge
energy, providing a conservative efficiency adjustment [21, 22].

The third term represents aircraft lease costs and appears as a constant, since the model
assumes a fleet of fixed size throughout all simulations. As outlined in Appendix A, an
adjustment can be made when fleet activation is modelled endogenously.

The final term accounts for battery depreciation. As aircraft operate, cumulative distance
flown contributes to gradual capacity loss and reduced residual value. This is represented in
the objective function through a per-kilometer depreciation rate δt applied to each operated
flight f ∈ F . The calculated depreciation is used for the funding of battery replacement
maintenance events. A more detailed description of the underlying depreciation mechanism
is provided in Subsection 2.5.2.

2.2.4 Constraints

This subsection introduces the full set of mathematical constraints that define the feasible
space of the MILP model. They govern aircraft routing, resource utilisation, timing, and
passenger flow to ensure operational, physical, and commercial consistency.

The routing logic begins by tracking each aircraft’s position throughout the planning
horizon. The binary state variable Sn,τ,t indicates whether aircraft t ∈ T is at airport n ∈ N
in time bucket τ ∈ T . Initial locations are specified by the parameter Sinit

n,t , which equals 1
when aircraft t starts at airport n. The initial conditions in Equation 8 and Equation 9 ensure
that each aircraft begins at exactly one valid airport.

Sn,0,t = Sinit
n,t ∀n ∈ N, t ∈ T (8)∑

n∈N
Sn,0,t = 1 ∀t ∈ T (9)

7
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The stock of each aircraft throughout the planning horizon is tracked using flow-balance
constraints. Flights are represented by the binary assignment variable yft. Each flight f has

an origin of , a destination destf , and departure and arrival time buckets τdepf and τarrf .
Equation 10 updates aircraft presence across airports and time buckets by adding arrivals

and subtracting departures.

Sn,τ,t = Sn,τ−1,t +
∑
f∈F

destf=n
τarrf =τ−1

yft −
∑
f∈F
of=n

τdepf =τ−1

yft ∀n ∈ N, τ ∈ T \ {0}, t ∈ T (10)

Together, Equation 8–Equation 10 define aircraft initialisation and movement in the
time–space network. The model then applies several operational constraints that govern
aircraft sequencing, utilisation, range feasibility, and end-of-week positioning.

Equation 11 enforces the minimum turnaround time between consecutive flights operated
by the same aircraft t ∈ T . If two flights f1 and f2 share the same airport (destf1 = of2) and
their scheduled arrival–departure interval is shorter than the required turnaround time TAT ,
both flights cannot be assigned to the same aircraft.

yf1,t + yf2,t ≤ 1 ∀f1, f2 ∈ F, t ∈ T : destf1 = of2 , 0 ≤ τdepf2
− τarrf1 < TAT (11)

Equation 12 limits the total scheduled block time for each aircraft over the planning
horizon. The cumulative block time, calculated as the sum of operated flight durations durf ,
cannot exceed the aircraft-specific maximum threshold BTmax. Here, durf represents the
duration of flight f , expressed in time buckets, and includes airborne time derived from
distance and cruise speed as well as fixed taxi, take-off, and landing components.

∑
f∈F

durf yft ≤ BTmax ∀t ∈ T (12)

Battery degradation directly affects aircraft range and thus constrains flight feasibility. To
ensure that degraded aircraft are not assigned to routes beyond their capability, Equation 13
restricts the assignment variable yft such that a flight f ∈ F can only be operated by aircraft
t if its route distance df does not exceed the current degradation-adjusted range limit Rt.

yft = 0 ∀f ∈ F, t ∈ T : df > Rt (13)

At the end of each planning horizon, every aircraft must return to a designated hub airport.
This requirement ensures operational continuity across subsequent horizons and prevents air-
craft from being stranded at remote locations, which could occur if their degradation-reduced
range Rt no longer allows any feasible outbound flights. To enforce this, Equation 14 requires
that each aircraft t ∈ T is positioned at one of the designated hub airports H ⊆ N during the
final time bucket τfinal.

∑
n∈H

Sn,τfinal,t = 1 ∀t ∈ T (14)

Together, the constraints from Equation 11-Equation 14 ensure operationally feasible air-
craft sequencing, range compliance, and end-of-horizon recoverability.

8
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Equation 15 enforces that each flight f ∈ F can be operated by at most one aircraft,
ensuring exclusivity in the assignment and avoiding duplicate scheduling.

∑
t∈T

yft ≤ 1 ∀f ∈ F (15)

Ideally, passenger assignment would be constrained by daily demand data to capture day-
specific travel patterns. As only weekly OD demand data is available for the case studies in
this research, the model applies a weekly demand limit through Equation 16, complemented
by daily caps in Equation 17 to approximate a realistic temporal distribution of passengers.

Equation 16 limits the total number of passengers assigned to each origin–destination pair
(i, j) ∈ OD across all itineraries r ∈ R. Here, pr denotes the passenger flow assigned to
itinerary r, and Dij is the total weekly passenger demand between airports i and j provided
as model input. The constraint ensures that passenger assignments for an OD market remain
within the available demand. ∑

r∈R
or=i, dr=j

pr ≤ Dij ∀(i, j) ∈ OD (16)

To prevent the optimizer from concentrating weekly demand on a single day, daily cap
constraints are introduced in Equation 17. These caps limit the number of passengers that can
be assigned to each origin–destination pair (i, j) ∈ OD on day d ∈ D. They are calibrated
so that the tiered caps spread both low- and high-demand OD markets across the week,
preventing concentration on a single day or, for higher-demand markets, only a few days. In
this constraint, pr denotes the passenger flow on itinerary r, day(r) maps each itinerary to its
departure day, the left-hand side aggregates all passengers departing on day d, and Capij(d)
specifies the maximum permitted.∑

r∈R
or=i, dr=j,day(r)=d

pr ≤ Capij(d) ∀(i, j) ∈ OD, d ∈ D (17)

The daily cap Capij(d) is determined by a tiered rule based on the total weekly OD
demand Dij :

Capij(d) =


0.333Dij , if Dij ≥ 500,

160, if 320 ≤ Dij < 500,

80, if Dij < 320.

The tier values were calibrated through trial and error to reflect realistic daily passenger
loads for regional jets of roughly 90 seats with a load factor of 85%.

Equation 18 limits passenger assignments to the available seat capacity of each operated
flight. Here, flights(r) denotes the set of flight legs composing itinerary r. The left side counts
all passengers using flight f , while the right side applies the available capacity based on the
target load factor LF , seat capacity sf , and the number of times flight f is operated.∑

r∈R
f∈flights(r)

pr ≤ LF · sf ·
∑
t∈T

yft ∀f ∈ F (18)

Together, Equation 15–Equation 18 ensure coherent passenger routing and consistent use
of aircraft capacity across the network.

9
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2.3 Battery Degradation Module

This section introduces the battery degradation module used to predict capacity loss for the
flights operated in the simulation. The module is developed in three parts. First, the modelling
approach is outlined. Second, a physics-based degradation dataset is generated. Third, a
machine learning model is trained to estimate degradation throughout the simulation.

2.3.1 Degradation Modelling Overview

This subsection provides an overview and the design rationale of the battery degradation
module. Because empirical battery degradation datasets that reflect the expected operational
characteristics of electric aviation do not yet exist, a synthetic dataset is generated using
general physics-based degradation relations. This approach provides physically interpretable
training data while allowing the predictive component to be updated or replaced when em-
pirical data becomes available. The module focuses on capacity degradation, as power-loss
degradation is not expected to limit performance and available power margins remain suffi-
cient throughout service life.

To represent the uncertainty in future battery durability, three calibrated degradation
scenarios are defined: fast, medium, and slow. These correspond to 1,000, 1,500, and 2,000
cycles to 90% SoH. The scenarios reflect an operational usage pattern in which roughly 30% of
cycles are deep discharges (DoD> 70%). These assumptions are based on existing literature
as well as discussions with Elysian Aircraft [4, 5]. For each scenario, degradation trajectories
are generated and used to train a predictive model that estimates the incremental capacity
loss per flight, as illustrated in Figure 4. These scenarios are later used during the experiments
to explore the effects of uncertainty in future battery characteristics.

Figure 4: Overview of the degradation module. Physics-based relations generate synthetic
datasets for three scenarios, which are used to train the predictors in the BDAEFA framework.

2.3.2 Physics-Based Degradation Model and Data Generation

This subsection builds on the approach introduced in Subsection 2.3.1 by defining the sim-
plified, physics-based relations used to generate battery degradation data. These relations
capture how specific flight characteristics influence ageing based on established degradation
mechanisms.

The conceptual basis of this formulation follows McDonald [9], who argues that battery
ageing arises from the combined effects of cycling and calendar mechanisms. In line with this
view, the total degradation per cycle is modelled as the sum of a calendar component and
a cycling component, each scaled by empirically informed modifiers that approximate their
dominant behaviours under operational conditions. The two ageing mechanisms are outlined
below as background for the degradation relations used in the model.
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1. Calendar ageing: Refers to the time-dependent degradation occurring while the battery is
idle, driven by processes such as Solid electrolyte interphase (SEI) layer growth, electrolyte
decomposition, and electrode balancing shifts. Although often modelled as a simple func-
tion of storage time and state of charge, experimental studies show that the rate is strongly
influenced by temperature, anode potential, and overall storage conditions, which together
determine the extent of passive lithium loss and long-term capacity fade [23, 24].

2. Cycling ageing: Represents degradation caused by repeated charge discharge cycling, where
electrochemical and mechanical stresses gradually reduce usable capacity. The dominant
driver is the DoD, as deeper cycles induce stronger electrode strain and side reactions.
During early life, degradation progresses relatively fast due to SEI formation, surface film
growth, and structural adjustments within the electrode. As the SEI layer thickens, the
rate stabilises throughout mid-life before accelerating again near the knee point, driven by
cumulative mechanical fatigue and loss of active material [22]. The degradation rate at an

instant, d(SoH)
dt , therefore depends on both the current SoH, which influences impedance and

active-material loss [25], and the cumulative energy throughput (expressed as Equivalent
Full Cycles, EFC), which reflects the total electrochemical and mechanical load history.

Both ageing modes are implemented using simplified, empirically inspired relations that
approximate their dominant effects under operationally relevant conditions. Calendar ageing
is modelled as a constant daily SoH decay equivalent to 2% per year, representing the aver-
age degradation expected for thermally stable LiFePO4 cells in controlled environments [24].
Cycling ageing, by contrast, exhibits more complex dependencies, as degradation per cycle
varies with depth of discharge, current SoH, and EFC. Although the mechanisms are com-
plex and interdependent, they can be approximated by empirical relations that describe their
dominant dependencies under operational conditions. These are expressed through scaling
relations that link the factors to the incremental capacity fade per cycle. The degradation
relations are applied iteratively to update the SoH after each simulated cycle, by combining
calendar and cycling contributions as in Equation 19.

SoHt+1 = SoHt −∆SoHcal −∆SoHcyc (19)

In Equation 20, kcal defines the fixed calendar degradation rate, while ∆t represents the
fraction of a day allocated to each cycle within the simulation. This means that if several
flights occur on the same day, the total daily calendar ageing is distributed evenly across those
cycles. Thus each cycle contributes proportionally to the overall calendar degradation.

∆SoHcal = kcal∆t (20)

The cycling component defined in Equation 21 links operational use and degradation. The
base rate kcyc determines the nominal cycle damage and is varied to calibrate the degradation
to the selected scenario’s 90% SoH and target cycles. The underlying relations remain identical
across scenarios, as only the calibrated magnitude of kcyc differs, ensuring that batteries with
slower degradation experience less capacity loss per cycle. The modifiers fDoD and fEFC adjust
this rate for DoD and EFC to reflect how degradation evolves with usage and operational
history.

∆SoHcyc = kcyc fDoD(DoD) fEFC(EFC) (21)

The modifiers fDoD and fEFC are defined through empirical scaling relations that re-
produce the observed degradation behaviour of general lithium-ion cells. The DoD relation
in Equation 22 increases linearly for deeper cycles, modelled after experimental data that
shows that a full 100% discharge can reduce the cycle life to roughly half of that achieved at
60% DoD under comparable 0.5C conditions during flight [26]. Although the true DoD to
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degradation relationship is exponential, a piecewise linear approximation is used to maintain
interpretability.

fDoD(DoD) =

{
1 + 4(DoD− 0.60), for DoD ≥ 0.60,

1− 2(0.60−DoD), for DoD < 0.60.
(22)

The cumulative energy-throughput factor fEFC captures the gradual reduction in incre-
mental degradation over the cell’s operational history, reflecting the slowdown typically ob-
served during mid-life operation. This behaviour arises from diffusion-limited SEI growth,
where further degradation slows as the layer thickens [22, 27, 28]. The decline is steepest
early in life and gradually stabilises toward two-thirds of the target cycle life, after which the
degradation rate levels off as the factor reaches its lower bound. Although the exact shape of
this decay varies with chemistry and conditions, this formulation with an exponential decay
term and a lower bound of 0.7 captures the general empirical trend observed across studies.

fEFC(EFC) = max

(
0.7 + 0.3 exp

(
−2.0

EFC

(2/3)Ntarget

)
, 0.7

)
(23)

To reproduce the accelerated degradation observed near end of life, a knee-point modifier
is incorporated into the data generation process, as shown in Equation 24. The knee point
typically occurs around 80% for most lithium-ion cells [6]. For aviation, SoH levels below
85% are avoided for safety reasons. This factor is not included in the main degradation
equation for clarity, because it only becomes active once the SoH drops below the operationally
relevant range. However, the knee-point is used during data generation and its effect is visible
as the downward bend in Figure 5 at around 82.5% SoH. The modifier gradually amplifies
degradation once the SoH passes the knee threshold, reaching a maximum factor ηknee over
the range ∆SoHknee.

fknee(SoH) =

1, SoH > SoHknee,

1 + (ηknee − 1)
SoHknee − SoH

∆SoHknee
, SoH ≤ SoHknee.

(24)

Figure 5: Representative SoH trajectories with 2 batteries per degradation scenario, showing
variation from sampled operational and degradation-rate differences.

The cycling coefficient kcyc is calibrated through an iterative procedure. For each sce-
nario, operational cycles are first sampled from realistic distributions of DoD and daily cycle
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counts representative of regional aircraft usage. To introduce realistic dispersion across bat-
teries, fifty simulated cells are generated per scenario, each assigned a slightly different usage
profile together with a small variation in degradation rate. Using these profiles, SoH trajec-
tories are calculated according to the physics-based relations introduced earlier. The value
of kcyc is then adjusted and the trajectories regenerated until the simulated batteries reach
the scenario’s target cycle-life and usage characteristics. This process produces batteries with
realistic dispersion in the trajectories, a subset of which is shown in Figure 5.

2.3.3 Model Development and Validation

Building on the physics-based dataset from Subsection 2.3.2, this subsection develops a pre-
dictive model that estimates the incremental degradation ∆SoH per flight.

Ridge regression is selected as the predictive method because it provides a stable and
interpretable mapping of flight-level operating characteristics to incremental cycle damage.
The underlying physics-based dataset does not contain complex relationships, meaning that
more advanced machine learning models would provide little additional benefit while reduc-
ing interpretability. The formulation of Ridge regression, shown in Equation 25, extends the
standard least-squares loss function with an additional L2 penalty term λ∥β∥2. This regu-
larisation stabilises coefficient estimates under correlated inputs such as EFC and SoH and
reduces overfitting to the synthetic training distribution, which in turn improves generalisa-
tion when the model is applied to operational flight data whose feature distributions differ
from those in the synthetic degradation trajectories.

L(β) =
n∑

i=1

(yi − ŷi)
2 + λ

p∑
j=1

β2
j (25)

In this formulation, yi and ŷi denote the observed and predicted incremental degradation
values, respectively, while βj represents the model coefficients associated with the input fea-
tures. The regularisation strength λ controls the balance between minimising prediction error
and constraining coefficient magnitudes. By enforcing smoother and more stable coefficients,
Ridge regression maintains interpretability and consistency across all degradation scenarios.
The model uses three input features: the battery SoH and EFC at the start of the flight, and
the DoD of the flight. Cumulative cycle count and battery age are excluded because their
information is largely contained in the current feature set and would introduce collinearity.

Because Ridge regression penalises coefficient magnitudes directly, the EFC values are
scaled to ensure a balanced regularisation across input features. The SoH and DoD fea-
tures, already bounded between 0 and 1, do not require additional scaling. A custom scaling
approach is applied to the EFC feature to prevent distortions caused by a few statistically
extreme but physically valid batteries with unusually high cycle life resulting from low a DoD
operation average and slow degradation coefficient. The standard min–max scaling would
otherwise compress most of the data into a narrow range, reducing model sensitivity in the
typical operating regime. To address this, EFC values are scaled using scenario-specific 95th

percentile caps from the training data and physics-informed upper bounds corresponding to
the expected cycles until 82.5% SoH.

The dataset is split by battery to avoid information leakage across cycles, allocating 70%
of batteries to training, 15% to validation, and 15% to testing. The Ridge regularisation
strength λ is tuned using Optuna [29] with a Tree-structured Parzen Estimator sampler. For
each trial, the model is fitted on the training set and evaluated on the validation set, min-
imising the Root Mean Squared Error (RMSE) under autoregressive roll-forward prediction.
After selecting the best λ, the model is retrained on the combined training and validation
sets and evaluated on the independent test set. Model accuracy is quantified using the RMSE
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and the Mean Absolute Percentage Error at 85% SoH (MAPE85%). The RMSE captures
the overall prediction accuracy of incremental degradation values, while MAPE85% measures
the relative deviation between predicted and actual SoH at the cycle where the true battery
health first falls below 85%, thereby assessing the cumulative error from the initial 100% SoH.
Their formulations are shown in Equation 26.

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 MAPE85% =

∣∣∣∣Npred,85 −Ntrue,85

Ntrue,85

∣∣∣∣× 100% (26)

Table 3: Performance of Ridge regression model across degradation and DoD-shift scenarios.

Scenario RMSE MAPE85% (%) 95% CI (%) Max (%)

Fast 0.0105 1.32 0.64–2.01 2.52
Medium 0.0109 1.30 0.45–2.15 3.02
Slow 0.0077 0.79 0.30–1.28 1.92
Fast (DoD-shift) 0.0094 0.97 0.73–1.21 3.77
Medium (DoD-shift) 0.0101 1.18 0.91–1.45 4.24
Slow (DoD-shift) 0.0093 0.98 0.74–1.23 4.19

The Ridge model demonstrates consistent predictive accuracy across the three regular degra-
dation scenarios, as summarised in Table 3. Across all cases, the RMSE remains around 0.01,
indicating smooth and stable prediction of the degradation over time. The average end-of-
life MAPE85% across these regular degradation scenarios is 1.14% compared to the full SoH.
Interpreted in operational terms, this equates to a range deviation of about 12 km for the
Elysian E9X V2 (1020km max range). The 95% confidence intervals remain narrow, mostly
within 2%. The maximum deviations across all batteries do not exceed 3% in the baseline
scenarios, confirming that prediction errors remain operationally overseeable. In practice, a
built-in range buffer is applied within the range calculations discussed in Section 2.4, and in
the rare event that individual aircraft degrade much faster than expected, early maintenance
or reassignment strategies can be used to mitigate potential disruptions, with a fuel-powered
reserve propulsion system available in the E9X, providing additional operational margin.

(a) All test set batteries. (b) Battery 3 with a shift in average DoD in
the usage pattern.

Figure 6: Model validation comparing actual and predicted SoH for medium scenario.
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As shown in Figure 6a, the predicted and actual SoH values align closely along the 1:1
line. The slightly higher MAPE85% observed in the fast and medium scenarios arises from a
mild overprediction tendency relative to the slow scenario, which centres more tightly around
the perfect prediction line.

To assess robustness under changing operational conditions, a supplementary validation
was performed in which the average DoD of selected batteries was varied over extended cycle
sequences. Across all DoD-shift scenarios, the model achieved an RMSE of 0.0096 and a
MAPE85% of 1.05% [95%CI: 0.90–1.19%], with a maximum deviation of 4.24%. As shown
in Figure 6b, the Ridge predictor continues to track the degradation trajectory smoothly
under these altered usage patterns. While the shifted regimes produce slightly higher maxi-
mum deviations than the regular scenarios, these effects remain limited and do not affect the
suitability of the model.

With the model development and validation complete, the final implementation models
are retrained on the full dataset with the training, validation, and test subsets combined using
the optimal λ. This final version is then integrated into the BDAEFA framework to predict
the individual degradation for the flights flown in the control period of the simulation horizon.

2.4 Electric Aircraft Range Estimation

This section introduces the methodology for calculating the cruise range of the electric aircraft
using a modified version of the Breguet equation adapted for electric propulsion. The formu-
lation follows the work of de Vries et al. [30], who adapted the conventional Breguet relation
for electric and hybrid-electric aircraft by replacing fuel energy terms with the battery energy
density and the according system efficiency parameters.

The formulation in Equation 27 is used to calculate the aircraft range both at full SoH and
after degradation. After each planning horizon, the range is re-evaluated using the updated
battery SoH predicted by the degradation module, and the maximum achievable cruise range
Rmax is obtained from this relation.

Rmax = ηelecηp
ebat
g

(
L

D

)
max

(
EM

MTOM

)
(27)

Here, ηelec and ηp denote the electric powertrain and propeller efficiencies, ebat is the
usable battery energy density, g is the gravitational acceleration, (L/D)max is the maximum
lift-to-drag ratio, and EM/MTOM is the ratio of battery mass to maximum takeoff mass.
To incorporate battery degradation, the effective battery energy density is updated between
each planning horizon according to the relation given in Equation 28, which links the usable
energy density to the current battery SoH.

ebat = SoH · ebat,init (28)

The estimated maximum range Rmax serves as a dynamic constraint in the EFAM, limiting
the feasible legs each aircraft can operate.

2.5 Maintenance Decision Module

This section introduces the battery replacement maintenance strategies developed to ensure
operational continuity of the electric fleet. In addition, this section also addresses the financial
treatment of battery replacements through a depreciation fund system. To limit reliance
on very high-SoH aircraft and reduce maintenance strain, the flight network in Figure 7a
is filtered to include only routes below 970 km, keeping operations comfortably within the
aircraft’s maximum range.
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2.5.1 Maintenance Triggers and Scheduling

When an aircraft is scheduled for maintenance, it is excluded from operations for one sim-
ulation horizon, during which its battery is replaced and its SoH is restored. During this
period, routine inspections and minor system servicing are assumed to take place alongside
the battery replacement. Since airlines typically plan their services on a weekly basis, the
maintenance strategy was designed to preserve the ability to operate a stable weekly schedule.

To achieve this, two triggers are applied. The first is an operational requirements (or
continuity) trigger, which monitors whether a sufficient number of healthy aircraft remain
available to cover the most demanding routes in the first week’s flight network. An aircraft
is considered healthy when its degraded range is still adequate for all routes exceeding 900
km, while moderately degraded aircraft continue to serve shorter segments. This process is
visualised in Figure 7b. The second battery replacement trigger is activated once the SoH
advances below 85%, avoiding operation near the degradation knee point (Section 2.3). It is
likely that in situations where the SoH-threshold trigger is used as sole maintenance trigger,
that the full base schedule cannot be operated and certain flights will not be scheduled in
weeks where the fleet health cannot accommodate it. Replacements are limited to one aircraft
per week, and always assigned to the most degraded aircraft.

(a) KLM Cityhopper network adjusted
for maintenance relief.

(b) Aircraft SoH evolution using the operational trigger.

Figure 7: Maintenance strategy visualisation with the network route choice and operational
continuity strategy.

To analyse the effect of different replacement strategies, experiments are run that vary
both the SoH threshold and the use of the operational requirements trigger. Two families
of strategies are considered. Threshold-based strategies, denoted as T85–T93, replace the
battery once the SoH falls below the specified threshold. Operational-continuity strategies,
denoted as B0–B3, combine the operational trigger with increasing levels of aircraft buffer
for operational continuity. The most balanced strategy between cost reduction and network
utilisation will be used as the baseline configuration throughout the experiments.

2.5.2 Depreciation and Battery Replacement Cost Accounting

This subsection introduces the battery replacement cost accounting system, as these replace-
ments are expensive and take up a substantial part of the total operational costs, calculated
in Section 3.2 to be €1,250,000. The battery depreciation costs in in the objective function
are designed to gradually offset the replacement expenses over time. In this system each
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flight has a battery depreciation cost component that is proportional to its distance, which
is funnelled into a depreciation fund for all aircraft combined. This per flight contribution
spreads the cost of battery replacements over its operational lifetime rather than as single
events, improving cost predictability and stability. The fund has a safety upper and lower
bound for fluctuations in the fund, where it limits how far the balance is allowed to deviate
from the expected depreciation. Required corrections are handled through additional costs or
revenue. Elysian Aircraft plans to repurpose or resell the degraded battery-packs, most likely
as power units at airports. To account for this residual value at different SoH levels, a linear
resale function is applied. The function has a value of €175,000 at 87.5% SoH, with an upper
bound of €250,000 for earlier retirements at 92.5% SoH, and decreasing to €100,000 for late
retirements at 82.5% SoH.

Figure 8: Illustration of the depreciation fund balance over time

The depreciation rate is recalculated after each simulation horizon, based on the observed
SoH degradation and the total kilometers flown in the week. The rate is calibrated for
the cumulative depreciation contribution to approximately break even with the expected
replacement 87.5% SoH threshold.

To ensure consistent accounting and operational continuity, aircraft that are initialized
with already partially degraded batteries have a proportionate amount of prior depreciation
assigned to the fund.

3 Economic Formulation and Cost Accounting

This chapter defines and calibrates all monetary components used in the analysis of the
BDAEFA framework. It first establishes the revenue and ticket pricing formulation, followed
by the derivation of key cost parameters such as battery and electricity prices, including their
sensitivity analyses. Afterwards, non-modelled airline costs such as overheads and broader
maintenance considerations are discussed to clarify their exclusion and maintain transparency
in the economic scope.

3.1 Revenue Modelling and Yield Calibration

This section defines how passenger revenues are represented in the model through a distance-
based yield formulation and describes the calibration of its parameters. The yield–distance
relationship from Equation 3 is calibrated using real-world fare data retrieved through the
Amadeus Travel API [31] for all OD pairs in the KLM Cityhopper case study, as described in
Chapter 4. The dataset includes both one-way and return flights across economy and business
classes for multiple departure dates in January 2026 with detailed price breakdowns including
the ticket base fare that excludes taxes paid by the customer and enables the retrieval of the
average fare an airline would receive for a seat.
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For the tuning of the model parameter weights 75% of fares in an aircraft are assumed to be
booked with a return ticket and 25% as a one-way with 8 business class seats. The parameters
(β, α, γ) of the yield are tuned by minimizing the Huber loss using Optuna, similar to the
degradation model calibration. The Huber loss, defined in Equation 29, behaves quadratically
for small residuals and linearly for large residuals, thereby reducing the influence of extreme
fares caused by seasonal variations, irregular booking patterns, or last-seat price spikes.

Lδ(r) =

{
1
2r

2 if |r| ≤ δ,

δ · (|r| − 1
2δ) otherwise.

(29)

Here r is the residual and δ is a tunable threshold parameter that determines where the loss
function transitions from quadratic to linear. The threshold is selected through a sensitivity
analysis in which candidate δ values between 1 and 250 are tested. A value of δ = 50 is selected,
representing a realistic transition point, as deviations of roughly €50 in short-haul fares are
considered significant in airline pricing. Therefore the model avoids overfitting extreme fares
while focusing on the more representative cluster of returns. Using this approach, the fitted
values are obtained as β = 4.430, α = 0.442, and γ = 0.00. The resulting curve lies relatively
low in Figure 9, which is consistent with the dominance of return tickets in the calibration. At
the same time, yields appear high for an airline overall, which can be explained by the focus
on short-haul flights within the already limited KLM Cityhopper network. In this segment,
yields are structurally higher because fixed costs are spread over shorter stage lengths and
turnaround times are relatively long.

Figure 9: Yield–distance relationship based on retrieved KLM Cityhopper fares.

3.2 Operating Cost Optimizable Components

This section defines the cost parameters that are directly optimized within the MILP formula-
tion of the BDAEFA framework. These parameters represent the operational and degradation-
related expenses that are included in the objective function, as well as their associated sen-
sitivity analyses, as summarized below. All other broader airline overhead and non-flight
dependent costs are excluded from the optimization and discussed in Section 3.3. Where pos-
sible, cost values reflect forecasts for the expected entry-into-service period of the Elysian V2
(±2035) However, when reliable projections are unavailable or contain too much uncertainty,
the most recent empirical values are used instead.
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1. Flight service and airport fees: Costs include landing, take-off (LTO), parking, and passenger-
related charges from the official Schiphol Airport Charges and Conditions [32]. For the
Elysian E9X, the LTO charge is €2.34 per tonne of aircraft weight and the passenger-
related charge is €18.33 per passenger. The aircraft falls under the quietest S7 noise
category with reduced tariffs. Baggage handling fees are included at €300 per flight.

2. Crew salaries and expenditures: Crew costs are parameterized as per-block-hour expenses
within the optimization model. Annual wage estimates are derived from Glassdoor averages
for KLM Royal Dutch Airlines, assuming two cockpit and three cabin crew per aircraft.
These salaries are converted to a total rate per block hour. Extra costs for employer taxes
(30%) and additional expenditures (25%) are applied to reflect employment costs [33].

3. Elysian E9X lease cost: To calculate the lease cost of the E9X it is compared with the
new Embraer 175 with a purchase price of €45M [34]. The electric E9X will be cheaper
to manufacture due to a simpler airframe and less complexity in the propulsion system
[4, 5, 35]. Therefore, an aircraft value of €35M is adopted for the E9X. By applying a
lease-rate factor of 0.75% [36] for a newer aircraft a monthly lease of €262,500, or roughly
€240,000 per four-week period is calculated. However, battery replacements are assumed
to be paid by the operator, reducing the effective lease burden. Therefore the rounded
price of €200,000 is taken into account as the four-weekly lease cost.

4. Electricity pricing: The electricity price pelec represents the average cost of charging energy
supplied to the fleet. It is based on expert forecasts for Dutch industrial electricity tariffs
in 2030–2035 and evaluated across the three levels €0.225, €0.30, and €0.375 / kWh, to
capture potential market deviations beyond the predicted range [37].

5. Battery pricing: The battery pack price per kWh is a key driver of total replacement
cost. BloombergNEF reports an average pack price of about €105/kWh in 2024, contin-
uing a long-term decline [38], while academic projections indicate further reductions to
€75–95/kWh by 2030 [39]. Based on these forecasts and discussions with Elysian Aircraft,
the three cost levels low (€0.8 M), medium (€1.25 M), and high (€2.5 M) are defined per
11 MWh pack to reflect future uncertainty and the expected premium of aviation-grade
battery pack systems, which involve higher performance and safety requirements.

6. Emission factors: Two emission parameters are used. (i) A grid-emission intensity of
0.202 kgCO2/kWh is applied to electricity use [40], and (ii) a lithium-ion production emis-
sion factor of 17.63 kgCO2/kg based on Clemente et al. [41]. This latter factor is only used
for the CO2 comparison of battery replacements in Section 5.5. Future emission intensities
are expected to decline, but projections vary significantly, so current values are used here
as a conservative assumption.

7. Carbon allowance pricing: Although current regulations exempt electric aircraft from pay-
ing EU ETS aviation charges, electric passenger aviation is not yet operational and there-
fore future regulation is uncertain. Thus the same carbon price is applied here to ensure
a fair comparison. The carbon price is €200 /t CO2, based on forecasted EU Emissions
Trading System allowance levels for 2035 [42, 43]. Note that this is only for the operational
energy use and battery replacement emissions are not included.

Together, these components form the full economic inputs of the optimization model and
are presented as the operational costs in Chapter 5. The Embraer 175 derivations used in
Section 5.5 are listed in Appendix B.

3.3 Non-Modelled Airline Cost Components

This study focuses exclusively on direct operating costs. Broader airline-level overheads ex-
penses, such as administration, ticketing and sales, are excluded. These costs scale with airline

19



D.L.G.M. van Woerkom

size and business model rather than aircraft technology and cannot be meaningfully allocated
to individual flights. Their omission does not affect the comparative results, which rely on
normalised operational and revenue costs.

Maintenance costs may differ between electric and conventional aircraft due to the sim-
pler electric powertrain architecture. While recent studies suggest that electric propulsion
could reduce maintenance requirements [35], other work highlights that new infrastructure,
certification, and training demands may offset these benefits [44]. Given this uncertainty,
maintenance is not modelled explicitly. Battery replacement costs are treated separately to
transparently capture their economic impact.

4 KLM Cityhopper Case Study

This chapter introduces the primary case study used to evaluate the operational behaviour of
the BDAEFA framework. The study is based on the KLM Cityhopper network, a dense short-
haul feeder system centred around Amsterdam Schiphol Airport. A second network, based
on American Eagle operations in the North-East U.S., is presented separately in Appendix C
and is used later to assess the transferability of the framework.

The KLM Cityhopper network case study was originally developed by Kruidenier [17],
who reconstructed the network from FlightRadar24 data [45] with additional information
tailored to electric aviation. His dataset was compiled from one representative week of KLM
Cityhopper operations to and from Amsterdam Schiphol and filtered to include only flights
operated by the airline. As a dedicated feeder network for KLM’s long-haul operations, its
structure follows a hub-and-spoke pattern with direct itineraries only and no demand between
spokes.

For the operational framework developed in this research, the case study data is adapted to
meet different modelling requirements. The original dataset supplied the route structure, air-
port information, and baseline passenger demand, while the scheduling logic, cost parameters,
and final demand levels are independently developed and calibrated for this research.

To capture the system-wide effects of battery degradation on airline performance, it is
necessary to simulate a full and realistically scaled network. As the actual KLM Cityhopper
operation carries roughly 200,000 passengers per week with a fleet of 66 aircraft [46], the
network demand is proportionally scaled down to represent a ten aircraft operation compati-
ble with the computational scope of this study. Initial tests show that under fully saturated
demand conditions, the ten aircraft setup can serve approximately 36,000 passengers a week.
In practice, a system with exactly this demand would accommodate less, as not all potential
demand can be captured within operational constraints. Therefore to reflect realistic oper-
ations, a 20% margin above this baseline is applied to achieve a slightly saturated but still
reasonable demand level for the network. Given this downscaling, some low-frequency routes
become infeasible under daily limits, so a weekly demand structure is implemented, comple-
mented by daily caps in the constraints. An overview of the resulting network, including all
potential routes and the subset of flights that are feasible within the fleet’s range and runway
constraints, is illustrated in Figure 7a.

The potential schedule used in this framework for the selection of flights is generated
from the processed demand, routes and airport feasibility. Flights are distributed across the
operational day using fixed 20-minute time intervals. In each interval, 25 feasible routes are
activated and appear in the potential schedule. This design realistically reflects slot and
operational constraints, as airlines cannot depart to all destinations simultaneously due to
limited airport capacity and slot availability across the network. The result is a schedule
representing a set of potential flights within the network, from which the EFAM subsequently
selects those to be operated based on costs, constraints, and evolving aircraft conditions.
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5 Results and Sensitivity Analysis

This chapter presents and interprets the outcomes of the experimental evaluation of the
BDAEFA framework. The analyses assess whether the model behaves as intended under dif-
ferent operational, technical, and economic conditions and quantifies how battery degradation
and its key drivers influence electric aircraft operations over time.

All experiments share a common simulation setup. The framework simulates a represen-
tative operational year composed of 52 consecutive weekly horizons. In the first horizon, the
EFAM is optimized to generate a tactical base schedule, which serves as the reference plan
for the remainder of the simulation. The model is deterministic, with variations across runs
arising only from solver optimality gaps when the four hour time limit is reached for the
first horizon. Because the solver may terminate at slightly different optimality gaps, it can
return different base schedules across runs. Therefore, minor performance differences may
arise even with identical models [47], leading to slightly different solutions across repeated
runs. However, the resulting MIP gaps, overall performance, and the observed model trends
remain consistent across experimental groups, ensuring fair comparison.

Unless stated otherwise, all simulations use the 90-seat Elysian E9X V2 aircraft [4, 5],
a load factor of 85%, and the KLM Cityhopper case study network. This model, with a
design range of 1020km, is selected as it is more representative of the capabilities likely to be
achieved beyond the first fully electric passenger aircraft. All experiments are evaluated under
the three degradation scenarios fast, medium, and slow, corresponding to 1000, 1500, and 2000
cycles respectively. To evaluate economic performance, the analysis uses the standard airline
metrics Cost per Available Seat-Kilometer (CASK) and Revenue per Available Seat-Kilometer
(RASK), defined in Equation 30. These measures quantify the cost and revenue per unit of
offered capacity and allow comparison across experiments.

CASK =
Total Operating Costs

ASK
RASK =

Total Operating Revenue

ASK
(30)

CASK reflects the cost required to produce one seat-kilometer, while RASK represents the
revenue earned per seat-kilometer. In this study, operational CASK includes energy, crew,
carbon allowances, airport fees, battery depreciation and aircraft lease costs. The lease compo-
nent is tracked separately and reported in Table 5, enabling the computation of CASK with or
without lease depending on the preferred definition. The Operational Profit Margin (OPM),
defined in Equation 31, expresses the share of revenue remaining after operational costs and
indicates the room available for overhead, profit, and other excluded cost components.

OPM =

(
1− Operational CASK

RASK

)
× 100 (31)

The following sections begin by identifying the preferred maintenance configuration and
examining its behaviour as the baseline setup in Section 5.1 and Section 5.2, which serves
as the reference for all subsequent experiments. Afterwards, through sensitivity analyses of
parameters it is explored how the system responds to variations in battery pack and energy
prices the in Section 5.3 and in the network demand and flight frequency in Section 5.4.
Then, the Elysian E9X and its performance is compared with a version of itself without
battery degradation effects and an Embraer 175 in Section 5.5. Lastly, Section 5.6 assesses
the framework’s transferability using a second case study.
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5.1 Baseline Configuration Selection

This section identifies the preferred, best-balanced maintenance strategy that is implemented
and analysed in the subsequent experiments, while also providing initial validation that the
framework behaves consistently across numerous simulations in the three degradation sce-
narios with different maintenance strategies. To determine this best-balanced strategy, the
configurations are evaluated on the continuity of their operations, operational CASK and
OPM. The resulting operational CASK values for all threshold strategies (T85 -T93 ) and
operational-buffer strategies (B0 -B3 ) are shown in Figure 10, while Table 4 presents the
corresponding OPM.

The RASK is effectively the same across all simulations, with all values rounding to
0.271€/km in every degradation scenario and for every maintenance configuration. Within
each scenario, all strategies produce identical RASK values in the unrounded results because
the optimiser returns the same base schedule across strategies. For T85, the unrounded RASK
differs slightly because a small number of flights may remain unassigned in some horizons, but
the rounded value remains 0.271€/km. Across scenarios, small differences arise from changed
optimisation parameters due to differing depreciation rates, yet all scenarios still produce a
rounded RASK of 0.271€/km. The CASK progression follows a clear and logical trend across
scenarios in Figure 10. The fast scenario is the most costly, followed by the medium and slow
cases. Lower SoH replacement thresholds and smaller operational buffers yield lower CASK
values, as batteries remain in service for more cycles before replacement, reducing depreciation
per flight. Because the increase in cycle life from medium to slow is smaller than from fast to
medium, the associated depreciation difference is also smaller, leading to more similar CASK
values for the medium and slow scenarios.

Figure 10: Operational CASK across maintenance strategies and the degradation scenarios.

Table 4: Operational Profit Margin (%) by maintenance strategy and scenario.

T85 T86 T87 T88 T89 T90 T91 T92 T93 B0 B1 B2 B3

Fast 46.8 46.7 46.6 46.5 46.5 46.3 45.5 44.8 43.4 46.8 46.6 46.4 45.4
Med. 48.7 48.6 48.5 48.5 48.4 48.3 48.1 47.7 46.2 48.6 48.5 48.4 47.9
Slow 49.7 49.7 49.6 49.6 49.6 49.6 49.4 48.9 48.6 49.7 49.6 49.6 49.4

Across all degradation scenarios, profitability under the threshold strategies decreases
gradually with higher replacement levels. The lowest threshold, T85, yields the highest op-
erational profit margin, and its advantage over the next-best strategies is extremely small,
averaging only about 0.02 percentage points above B0 across the three scenarios. From T86
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upward, the threshold strategies are able to maintain full network operability throughout the
simulation, and all operational-buffer strategies do as well. Only T85 occasionally leaves
a small share of flights unassigned, which slightly reduces the total ASK. Even so, it still
achieves the highest total profit across scenarios, averaging about €169.15M compared with
€169.08M for B0, although the difference is almost negligible. This effect remains limited be-
cause the network includes only routes up to 970 km, allowing aircraft with lower SoH to still
operate most flights. In networks with longer or more demanding routes, such missed flights
would occur more frequently and therefore pose a more substantial operational challenge.

Among the fully robust strategies, B0 achieves the highest OPM and is the second most
profitable configuration overall, with margins nearly indistinguishable from T85. Unlike the
threshold-based strategies, B0 is explicitly designed to avoid dropped flights by ensuring that
enough high-SoH aircraft remain available in every horizon. This combination of profitability
very close to the best-performing strategy and guaranteed operability motivates the selection
of B0 as the preferred baseline used in the subsequent analyses.

5.2 Baseline System Overview

This section examines how degradation unfolds across the degradation scenarios within the
baseline B0 -configuration, and evaluates several battery and economic metrics that establish
a benchmark for the remaining experiments.

The SoH evolution of the first four aircraft in the medium degradation scenario is shown
in Figure 11. The trajectories display an almost linear decline with a slight convex curvature.
This shape arises from the EFC-dependent slowdown in cycling degradation, which reduces
incremental capacity loss as cumulative cycling increases. In the calibration trajectories shown
in Figure 5, this convexity is more pronounced, as the usage profile remains broadly constant
across cycles.

In operational conditions, however, the effective discharge depth gradually increases as
the aircraft lose range over time. This shift toward deeper relative discharges strengthens
the DoD-dependent degradation contribution, counteracting the EFC-driven curvature and
resulting in the weaker convex shape observed in Figure 11. The optimizer evenly distributes
route utilisation across the fleet, resulting in uniform degradation among aircraft. Small week-
to-week deviations arise when certain aircraft operate slightly longer or shorter legs, but these
do not affect the overall trend.

Figure 11: Evolution of SoH for four aircraft using B0 for medium degradation. Dotted
lines indicate maintenance events restoring aircraft to full SoH.
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The behaviour of the battery degradation module is further illustrated by the metrics
in Table 5. Across the three scenarios, the model converges very closely to the intended
degradation lifetimes, reaching 90% SoH after 998, 1468, and 2077 cycles in the fast, medium,
and slow scenarios, respectively. A notable operational insight is that the simulated schedules
consistently produce a deep-discharge share of around 35%, slightly higher than the 30%
assumed during calibration. This increase arises naturally as aircraft lose range over time,
causing the same missions to become deeper relative discharges.

Because deeper cycles accelerate the DoD-dependent component of degradation, a modest
reduction in lifetime relative to the targets is expected. However, DoD is only one of several
factors influencing degradation in the model. Other dependencies, such as the EFC-related
slowdown that emerges during mid-life cycling, counteract part of the additional DoD-related
ageing. The specific network and sequence of flights flown also contribute to these small
differences. Overall, the simulated lifetimes remain close to the calibrated targets, with the
fast scenario matching almost exactly, the medium scenario about 2% lower, and the slow
scenario about 4% higher.

Table 5: Battery degradation and operational metrics under the baseline configuration (B0).

Metric Fast Medium Slow

Operational performance

Total flights 24,870 24,866 24,863
Demand fulfilment (%) 81 81 81
RASK (€/km) 0.271 0.271 0.271
Total revenue (M€) 349 349 351

Economic and cost metrics

Operational CASK (€/km) 0.1442 0.1395 0.1362
Energy cost CASK (€/km) 0.0191 0.0191 0.0190
Battery depr. CASK (€/km) 0.0151 0.0102 0.0076
Lease CASK (€/km) 0.0202 0.0202 0.0200
Energy share of operating cost (%) 15.3 15.9 16.3
Battery depr. share of operating cost (%) 13.7 9.3 7.0

Battery degradation characteristics

Avg. cycles at 90% SoH 998 1468 2077
Avg. replacement SoH (%) 85.3 85.7 85.7
Battery replacements 14 10 7
Deep-discharge share (%) 35.9 34.6 34.8
Battery depr. rate (€/km) 1.35 0.91 0.68
Battery cost per block hour (€/h) 529 357 267

The number of battery replacements reflects the different degradation rates across sce-
narios, with the fast scenario requiring 14 replacements, the medium scenario 10, and the
slow scenario 7. This ordering aligns with the expected cycle lifetimes, as faster degradation
naturally triggers maintenance more frequently. During testing of the model, the optimiser
occasionally produced network patterns in which several long flights had to be operated at the
same time, requiring aircraft with sufficiently high SoH. This may be feasible in the first week,
but as aircraft degrade it creates more operational strain than a network with fewer simulta-
neous long flights and can lead to earlier maintenance triggers. The optimiser almost always
converges for the KLM Cithyhopper network to a configuration where three healthy aircraft
are sufficient to cover the long-range flights, keeping the maintenance pattern and depreciation
fund stable. In rare cases it required four, which increased replacement frequency and caused
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the depreciation fund to drift slightly downward over time; in one of the fast scenario test runs
this pattern occurred, and over a horizon of one to two years it would require replenishing
the fund, adding roughly €0.10 per kilometre to battery depreciation costs. This behaviour
did not occur in any of the experiments used in the results chapter. Future research could
integrate maintenance planning directly within the scheduling optimisation to dynamically
prevent such situations, optimize battery strategies and further improve long-term robustness
of the model.

The RASK values in Table 5 of 0.271 €/km appear high compared with typical airline
operations, which follows directly from the network structure. Because the electric aircraft
can only operate the shortest routes in the KLM Cityhopper network, the schedule consists of
many short legs with frequent turnarounds, which limits the distance flown and reduces the
total seat-kilometres produced. At the same time, each leg carries fixed service and operational
elements that must be recovered through revenue on every flight, regardless of distance. When
these fixed components are spread over very short sectors, the revenue required per kilometer
becomes larger.

Looking at the cost composition, the relative behaviour of the energy- and battery-related
components remains consistent across scenarios. Energy expenditures constitute roughly
15–16% of total operating costs in all cases, while battery depreciation accounts for 13.7%,
9.3%, and 7.0% in the fast, medium, and slow degradation scenarios, respectively.

5.3 Battery and Energy Cost Sensitivity

This section assesses how different battery and electricity price levels affect the share of
revenue allocated to energy and battery depreciation, as well as the overall profitability of
operations. Simulations use the cost parameters defined in Section 3.2: battery pack prices
of €0.8 million, €1.25 million, and €2.5 million, and electricity costs of €0.225, €0.30,
and €0.375 per kWh. Comparing results in terms of percentage-point deviations from each
scenario’s baseline provides a consistent, scale-independent measure of cost sensitivity.

The deviations in Table 6 therefore indicate how far the combined energy and battery-
depreciation share moves away from the baseline levels of roughly 12.6%, 10.8%, and 9.9% in
the fast, medium, and slow scenarios. Each percentage-point change directly translates into an
equivalent change in operational profit margin, highlighting the importance of understanding
the impact of underlying battery and electricity prices.

Table 6: Deviation in combined energy and battery cost share of total revenue from scenario
baseline (pp) under B0.

Fast Medium Slow

Elec. (€/kWh) 0.225 0.300 0.375 0.225 0.300 0.375 0.225 0.300 0.375

Bat. €0.80M -3.9 -2.3 -0.5 -3.3 -1.5 0.3 -2.9 -1.1 0.6

Bat. €1.25M -1.6 0.0 1.8 -1.7 0.0 1.8 -1.7 0.0 1.7

Bat. €2.50M 5.0 6.3 8.1 2.5 4.3 6.0 1.5 3.2 4.9

Each percentage-point deviation shown in Table 6 directly translates into an equivalent
change in the operational profit margin. This sensitivity is substantial given the sector’s thin
average net margin of about 3.7% in 2025 [48]. Nevertheless, stated-preference studies suggest
that passengers are often willing to pay more for low- or zero-emission flights, although this
willingness varies across income groups and travel purposes [49, 50].

Overall, the results show that battery and energy prices introduce notable variability in
operating economics and can strengthen or erode profitability significantly across scenarios.
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5.4 Impact of Demand and Flight Frequency

This section analyses how variations in passenger demand influence aircraft utilisation and
subsequently battery degradation. Demand levels are scaled from –30% to +30% around the
baseline defined in Chapter 4 to simulate lighter and more intensive operations. The resulting
contrast in flight frequency, SoH loss, and battery depreciation cost provides operational
benchmarks linking utilisation to degradation.

Higher demand raises the number of flights per day, partly because the revenue model is
calibrated using KLM Cityhopper fares from the faster Embraer 175 (≈830 km/h true airspeed
at FL350). When applied to the slower Elysian E9X (≈640 km/h), longer routes generate
less revenue per unit time, making shorter flights more attractive. As demand increases, the
optimiser shifts toward shorter flights, increasing daily flight counts and battery cycling.

Figure 12 shows the resulting trends in average daily flights, annual SoH loss, and battery
depreciation cost across the three degradation scenarios. Higher demand increases flight
frequency and, with it, annual SoH loss per aircraft, particularly in the fast-degradation case.
SoH loss is reported excluding replacements to isolate the underlying degradation dynamics.
Despite the increase in total utilisation, battery depreciation cost per kilometre remains nearly
constant.

Figure 12: Battery degradation and depreciation across demand scenarios. Dashed blue lines
show annual SoH loss per aircraft (left y-axis), solid red lines show battery depreciation cost
per kilometer (right y-axis). Labels indicate average number of flights per day per aircraft.

Overall, the results show that the relationship between demand and degradation is not
perfectly proportional, as changes in demand also influence which routes are flown and how
often. At higher demand levels, the optimiser shifts toward shorter routes, which reduces
cycling depth per flight and slightly moderates additional degradation, contributing to the
flattening of the SoH-loss curve. Although total utilisation and annual wear increase, the
SoH loss per kilometre remains nearly constant, keeping the battery depreciation cost per
kilometer effectively unchanged.

5.5 Electric vs Conventional Aircraft Benchmark

This section benchmarks the electric E9X in the medium degradation scenario against a no-
degradation variant and the conventional Embraer 175 on the same KLM Cityhopper network.
The comparison evaluates how battery ageing affects operations, costs, and emissions over a
representative year. The three panels in Figure 13 summarise the differences in OPM, CASK
composition, and CO2 emissions, which are discussed in the following paragraphs.
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Figure 13: Comparison of operational profit margin, CO2 emissions and CASK compositions
for the electric E9X (with and without degradation) and the conventional Embraer 175.

The left panel in Figure 13 shows the operational profit margin. The E9X with degradation
performs the worst, with an OPM of 48.6%. The no-degradation E9X achieves a higher
margin of 52.6% because it retains full network access throughout the year and avoids battery
depreciation costs. When lease costs are included, the Embraer 175 achieves the highest
OPM due to its lower capital cost. When lease is excluded, it becomes less profitable than the
no-degradation E9X because fuel and carbon allowance expenses dominate its cost structure.
The middle panel shows how battery depreciation drives most of the cost gap between the
degradation and non-degradation E9X variants, while the remaining CASK components are
broadly similar across both aircraft.

Compared with the no-degradation E9X, range losses restrict the flights the E9X with
degradation can operate, which reduces its total ASK by 0.96%. This reduction in available
ASKs leads to 0.76% lower revenue. Battery ageing then further raises total costs through
replacement requirements, resulting in a 9.1% higher operating cost. A comparison between
the Embraer 175 and the E9X with degradation highlights the broader performance differ-
ences between the electric and conventional aircraft, as the jet generates 6.6% more revenue.
This is primarily because its higher cruise speed allows it to operate more flights and produce
9.4% more ASKs, and partly because it retains full network access throughout the year. Its
total operating cost is 6.53% higher, driven by fuel and carbon allowance expenses, although
it avoids the battery depreciation costs incurred by the electric aircraft.

The right panel in Figure 13 compares operational CO2 emissions per seat-kilometer. Both
E9X variants emit far less than the Embraer 175 because electric aircraft avoid combustion
emissions and only reflect upstream electricity emissions. Battery replacements add a small
emissions component. Converting the results to passenger-kilometres using a load factor of
0.85 yields emissions roughly 25% below the 0.04 kg CO2/pax-km reported by Delft [51] for
the E9X (V1). This is a notable outcome because CE Delft uses a lower electricity emission
factor, which should result in lower values on their side. A possible explanation is that the
BDAEFA framework assumes fully electric operations, while Elysian has indicated that the
E9X is expected to use the fuel-powered reserve energy system on a share of the flights,
which would raise emissions in practice. CE Delft does not state whether this reserve system
is included in their modelling. The Embraer 175 value is similar to the 0.117 kg/seat-km
reported by Bernardo and Fageda [52], with minor deviations expected due to simplified
fuel-burn assumptions in the BDAEFA input.

Together, these results show that ignoring battery degradation leads to overly optimistic
economic outcomes for electric aircraft and masks the operational and financial disadvantages
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that emerge once battery ageing is accounted for, which can determine whether electric aircraft
are more or less profitable than conventional aircraft. Nevertheless, the electric variants
maintain a clear CO2 benefit over the Embraer 175.

5.6 American Eagle North-East U.S. Regional Case Study

This section applies the BDAEFA framework to a second case study on a North-East U.S.
regional network based on American Eagle, the regional affiliate brand of American Airlines
operated by several carriers [53]. Although American Eagle is a nationwide operator, its
North-East sub-network is characterised by short flight lengths and a dense hub–and–spoke
structure with additional spoke-to-spoke flights, operated by a considerable amount of Em-
braer 175. These characteristics enable the evaluation of the transferability of the BDAEFA
framework. The analysis focusses on the medium degradation scenario and compares the out-
comes of the simulation with those obtained in the KLM Cityhopper network of the previous
sections. The construction of the case study network is described in Appendix C.

The American Eagle network, visualised in Figure 14 in Appendix C, differs from the
KLM Cityhopper case in several ways. The network includes spoke-to-spoke routes, the route
distances in the case study are about 40 km shorter on average, and demand is served by a
smaller set of airports. As shown in Table 7, utilisation is slightly lower in the North-East U.S.
case (6.5 flights per day) than in the KLM Cityhopper network (6.8). This counterintuitive
result is likely explained by the much higher optimality gap in the U.S. case (23.5% versus
3.65%), since spoke-to-spoke connectivity and the shorter legs create far more feasible aircraft
routing combinations for the solver to evaluate, even when the total number of flights is
similar.

Table 7: Network and degradation comparison between the KLM Cityhopper and American
Eagle North-East U.S. case studies for the medium-degradation scenario.

Metric KLM Cityhopper NE U.S.

Avg. flight length flown (km) 563 544
Flights per day per aircraft 6.8 6.5
Demand fulfilment (%) 81.0 80.9
Annual SoH loss (%/year) 14.8 13.7
Deep-discharge share (%) 34.6 35.7
Battery replacements 10 9
Battery depr. rate (€/km) 0.91 0.92

Overall, the degradation behaviour in the North-East U.S. network is very similar to
that in the KLM Cityhopper case study. The shorter route distances and slightly lower
utilisation both act to reduce annual SoH loss, while the marginally higher deep-discharge
share has a small counteracting effect. The resulting degradation metrics and replacement
requirements remain almost the same, aside from a modest reduction in SoH loss and one
fewer battery replacement over the simulation period. The similarity in outcomes across these
two structurally different networks shows that the framework responds logically to changing
operational patterns and is transferable to other regional settings.
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6 Conclusion

This research developed the Battery Degradation-Aware Electric Fleet Assignment (BDAEFA)
framework to address an important gap in current electric airline operations modelling, in
which battery degradation is currently omitted despite its significant influence on operational
and economic viability. Ignoring battery degradation for electric aircraft can lead to physi-
cally infeasible schedules, as cumulative range loss may prevent several aircraft from operating
longer sectors simultaneously. The primary research goal was to enable the systematic inte-
gration of battery ageing into a tactical electric airline planning framework. The secondary
goal was to quantify how battery degradation shapes the long-term operational and economic
performance of electric regional aviation.

To achieve these goals, the framework combines a rolling-horizon electric fleet assignment
model with a battery degradation module that updates each aircraft’s health between planning
horizons based on the missions it has flown. The resulting battery state determines the
aircraft’s operational capability in the successive horizons, enabling the scheduling to adapt
as the fleet’s condition evolves. Multiple maintenance strategies were designed to govern
when batteries are replaced and how fleet health is prioritized throughout operations. The
framework was applied to a full-year simulation of the KLM Cityhopper network using the
Elysian E9X to evaluate its behaviour under realistic operating conditions.

The BDAEFA framework showed realistic and coherent behaviour, with degradation pat-
terns aligning with trends reported in the literature on battery ageing in electric passenger
aircraft. The maintenance analysis showed that the most profitable option was not always
the one maintaining full network coverage, and that the best balanced strategy preserved fleet
health, avoided premature maintenance, and still delivered profitability close to the optimum,
with only a negligible difference.

The degradation effects also proved to be economically significant. Battery depreciation
amounted to roughly 0.91 €/km flown, equivalent to an added CASK of about 0.010 €/km,
making it a meaningful contributor to operating costs. Comparing the E9X with and without
battery degradation showed clear operational consequences: range loss reduced the ASK by
0.96%, which lowered revenue by 0.76%, while degradation increased total operating costs by
9.1% due to replacement requirements. The sensitivity analyses further demonstrated that
the future degradation speed, battery and electricity price levels decisively influence economic
viability, with outcomes shifting significantly across these conditions. The results showed that
degradation reduces revenue by limiting range and increases operating costs due to battery
wear, and studies that omit ageing therefore overstate the profitability of electric aircraft.

Together, these findings show that the inclusion of battery degradation is essential in the
modelling of realistic electric airline operations. By integrating battery degradation into a
tactical electric fleet assignment problem, this work addresses a key research gap, and the
quantified degradation effects provide insights on how to approximate the impact without
requiring a complex degradation-aware modelling framework.

While the BDAEFA framework advances the modelling of electric airline operations, cer-
tain limitations are acknowledged. Maintenance is applied through a rule-based system be-
tween simulation horizons rather than within the optimization framework, limiting the model’s
ability to evaluate maintenance-related network strain and planning choices. The degradation
module captures expected ageing behaviour informed by current research, but necessarily re-
mains high-level given the significant uncertainty surrounding future electric aircraft batteries.
Finally, the revenue model is calibrated using KLM Cityhopper ticket data from the faster
Embraer 175, creating a slight bias toward shorter routes that may influence degradation
outcomes. Future work should address these limitations to further refine the framework and
deepen the understanding of how degradation shapes electric airline operations.
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Appendices

A Optional Fleet Activation Extension

This appendix outlines how the model can be extended to cases where aircraft activation
becomes a decision rather than a fixed assumption. In the main model the fleet remains fully
active, making lease costs constant. When activation decisions matter, for example in fleet
sizing, the model can include a binary activation variable ut for each aircraft t ∈ T , with
consistency enforced through Equation 32.

∑
f∈F

yft ≤ |F | · ut ∀t ∈ T (32)

In a model where aircraft activation is explicitly decided, lease expenses appear as a
decision-dependent term in the objective function. This is expressed in Equation 33.

∑
t∈T

cleaseut (33)

This formulation allows the optimiser to determine the number of active aircraft based
on profitability and operational need. Block-time feasibility similarly applies only to active
aircraft, as shown in Equation 34.

∑
f∈F

durf yft ≤ BTmax ut ∀t ∈ T (34)

These adjustments allow the EFAM to jointly determine fleet utilisation and scheduling.
They are omitted in the main formulation because the case study assumes a fixed active fleet
and would otherwise be redundant in the formulation.

B Embraer 175 Parameters

This appendix summarizes the technical and economic parameters of the Embraer 175 used
for the experiments presented in Section 5.5.

1. Flight service and airport fees: Costs include landing, take-off, parking, and passenger-
related charges from the official Schiphol Airport Charges and Conditions [32]. For the
Embraer 175, the LTO charge is €7.01 per tonne of aircraft weight and the passenger-
related charge is €18.33 per passenger. The aircraft falls under the S4 noise category with
higher tariffs. Baggage handling fees are included at €300 per flight.

2. Embraer 175 4-weekly lease cost: In 2024 American Airlines purchased 133 Embraer 175
for €45M per aircraft [34]. The KLM Cityhopper average fleet age is around 9 years
[54]. Using the aircraft value depreciation rate of 5% by International Air Transport
Association [55], the aircraft is calculated to be priced at around 50% of its original price
in 2035, resulting in a residual value of €22.5M. Using a slightly conservative lease rate of
0.5% per month for the older aircraft results in a four-weekly lease cost of €100.000 [36].

3. Embraer 175 fuel burn rate: The fuel consumption is modelled at 2.5 kg/km. This is
derived from an average 800 km flight burning approximately 2000 kg of mission fuel, with
additional fuel carried as reserve, keeping in mind the E175 has a fuel capacity of 9,000 kg
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and a range of 3,300 km [56]. The estimate is close to the 2.92 kg/km reported for aircraft
from before 2024 fleet in [57], with this slightly lower value reflecting a newer 2030-2035
variant.

4. Embraer 175 fuel cost: A blended fuel price is applied following a 90% Jet A-1 and 10%
SAF mix according to [58], with respective prices of €0.80/kg including additional air-
port charges and €2.00/kg for 2030-2035 [59, 60]. This results in an average fuel cost of
€0.92/kg.

5. Embraer 175 emission factor: The well-to-wake emission factor of the blended fuel is
derived from 90% Jet A-1 (3.15 kgCO2/kg) and 10% SAF with a 65% lifecycle reduction
[58, 61], leading to an emission factor of 3.42 kgCO2/kg of fuel.

6. Cruise speed: The Embraer 175 operates at a cruise true airspeed of ≈830 km/h at FL350
[56].

C Case Study Design - American Eagle North-East U.S.

This appendix discusses the creation of the North-East U.S. case study used in Section 5.6.
The objective is to create a realistic regional airline network by using real commercial aviation
data from Bureau of Transportation Statistics [62]. The network and its corresponding sched-
ule is tailored to the operational range and specifics of the Elysian E9X. The case study is
based on routes flown by American Eagle, the regional brand of American Airlines affiliated
with several partner carriers operating short-haul and feeder services the hubs.

To construct a representative network for the degradation-aware electric airline planning
framework from these operations, the T–100 Domestic Segment (All Carriers) dataset was
transformed. This dataset reports every domestic flight segment, with accompanying opera-
tional and traffic metadata. The dataset was merged with airport geolocation information to
form the initial network representation. Preprocessing steps removed invalid or incomplete
records and filtered the dataset to keep only routes operating between airports within a se-
lected group of North-Eastern U.S. states. The air-traffic across the American Eagle carriers
was aggregated by airport pair to create demand profiles. Also, estimated block times for
the E9X were computed using great-circle distances with the E9X cruise speed, adjusted by
a factor of 1.08 to account for routing inefficiencies and a factor of 0.85 to reflect reduced
average speeds during climb and descent and an additional 40 minute turnaround time.

LaGuardia Airport (LGA) is chosen for the network hub of the case study, as it is one of
the primary American Eagle hubs. For the selection of included routes and airports the top 14
routes linking LGA to airports within the selected states are selected, filtered to those below
the 970 km network range limit of the E9X. Minor route-specific adjustments were applied to
outliers and form a balanced network.

Additional spoke-to-spoke routes were added for routes already containing both airports
in the LGA hub-to-spoke network, selected again by the 970 km range limit and prioritised by
weekly passenger volume. Resulting in a final network of 15 airports and 56 directional routes
being used in this case study, as depicted in Figure 14. To match the demand of the KLM
Cityhopper network the total weekly demand was uniformly scaled to 43,000 passengers.

A full weekly schedule of potential flights was generated in a similar manner to the KLM
Cityhopper case study in Chapter 4. However, as there are high fluctuations in demand per
OD pair flights for routes are generated proportionally to their demand with high demand
OD pairs receiving 40% more options than the lowest demand, ensuring that higher-demand
connections received more frequent service. Subsequently, each flight was annotated with the
economic formulation.

The final case study includes a cleaned airport set, passenger demand matrix, distance
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matrix, and a schedule with weekly flight options.

Figure 14: Depiction of the available routes in the North-East U.S. Case Study with La-
Guardia Airport (LGA) as hub.
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Summary

In response to the growing urgency of climate change, the aviation industry is under significant pressure
to reduce its environmental impact. International climate accords such as the Paris Agreement and the
Advisory Council for Aviation Research and Innovation in Europe have made ambitious goals to enable
climate neutral air travel. Where the target is to have net-zero CO2 emissions by the year 2050. To
reach these targets, a huge transformation in in propulsion technologies and technological development
is necessary. Here, battery-electric aircraft emerge as a potential pathway for decarbonizing regional
air transport.

However, to realize the full potential of electric aircraft more than just innovative aircraft design is nec-
essary. The traditional airline planning models and tools assume fixed aircraft performance, which is
not applicable for electric aircraft as their battery systems degrade over time. This key difference ren-
ders them insufficient for managing the operational and economic challenges that come due to battery
ageing and degradation.

This thesis addresses that gap by focusing on the operational challenges of managing battery-electric
aircraft as they age. In particular, it identifies the need for a fleet planning framework that can dynami-
cally incorporate battery degradation effects into realistic strategic airline operations.

A literature review was conducted to evaluate the future battery-electric aircraft design, degradation
modeling, and airline operations. This has revealed that while much work has been done in aircraft
conceptual design and battery performance characterization, there is a lack of integrated approaches
that incorporate battery health into fleet-level operational planning. These insights highlighted the need
for research in the development of suitable planning frameworks. Based on these insights the research
question that this thesis seeks to address is:

”How can battery degradation and ageing be systematically incorporated into an electric
fleet assignment model to optimize realistic operational and economic performance over
time?”

To achieve this objective, the literature research has a structured methodology consisting of four key
components: (i) a data-driven machine learning battery degradation model, (ii) a range model linking
battery health to electric aircraft range using a modified version of the Breguet equation, (iii) a mixed-
integer linear programming setup for the electric fleet assignment problem, and (iv) a rolling horizon
simulation framework that enables the continuous adaptation of the updated battery states. This mod-
ular architecture enables forward-looking decision-making in electric airline planning.

By linking battery performance to operational outcomes, this methodology lays the foundation for elec-
tric airline planning that goes beyond static models. It enables the evaluation of long-term strategies
for aircraft assignment and battery replacement, with the goal of ensuring both realistic operational
outcomes and economic viability. On this basis, the objective of this thesis is:

”To develop a rolling horizon fleet assignment model for battery-electric aircraft that inte-
grates battery degradation and ageing. The model aims to support optimal and realistic
operational planning and battery replacement strategies, with a focus on maintaining air-
craft performance and minimizing long-term costs.”

The model will be tested according to two case studies. The first uses fictional data from a regional
Italian network to benchmark model behavior and identify areas for refinement. The second case study
will use real schedule data to evaluate themodel’s transferability and sensitivity analyses will explore the
impact of parameter variation, such as battery technology scenarios and degradation speed uncertainty.

This research will contribute a modular framework designed for degradation-aware electric fleet plan-
ning. The findings will offer operational insights into battery replacement strategies and realistic plan-
ning, where the modelled aircraft is the Elysian E9X, currently in development by Elysian Aircraft.
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1
Introduction

The aviation industry plays a vital role in global connectivity. However, it is also a major contributor to
global warming and one of the fastest growing contributors to climate change. The sector is responsible
for approximately 2-3% of global CO2 emissions [2]. Maybe even more concerning is aviation’s non-
CO2 impact, which includes nitrogen oxides (NOX), water vapor, and contrail-induced cloud formation,
all of which contribute significantly to global warming [3]. These factors bring the need to urgently
reduce greenhouse gas emissions and contrail formation, and hereby adhering to international climate
targets such as the Paris Agreement [4].

To address these environmental pressures, the aviation sector is exploring alternative technologies
[5] with electric aircraft emerging as one of the promising pathways [6]. The electric aircraft will have
more efficient and quieter propulsion, making them attractive for both environmental and operational
reasons. However, there are still numerous obstacles to overcome, most notably the limitations of
battery technology [6, 7].

Modern lithium-ion batteries currently offer around 250-300 Wh/kg [8], while A-1 jet fuel provides ap-
proximately 12,000 Wh/kg of energy. This stark contrast in energy density results in reduced range
and payload capacity, limiting the potential of electric aircraft. In addition to this limitation, batteries de-
teriorate over time, causing their performance and maximum battery capacity to decrease [9], having
significant financial and logistical implications [7] for the aircraft.

Despite these challenges, the advancements technology offer promising solutions for integrating elec-
tric aircraft into commercial operations [6, 7, 10]. Current airline planning models do not account for the
dynamic nature of electric aircraft, they treat batteries as static energy sources rather than components
that degrade over time. This key literature gap highlights the need for a more thought through approach
to airline optimization that accounts for the degradation effects.

This thesis aims to address this key research gap by developing a degradation-aware optimization
framework for electric airline planning. By integrating battery degradationmodels into airline scheduling,
this research seeks to improve the operational viability of electric aviation and the understanding of
the operational differences. This literature study focuses on relevant factors such as battery cycle life,
battery state of health predictions, and electric airline planning to develop a robust planning framework.

This paper consists of ten chapters in total. Chapter 2 explores various pathways to decarbonizing
aviation. Chapter 3 gives background on electric aviation. Chapters 4, 5, and 6 delve into the key
technical domains relevant to this research. chapter 7 presents the research proposal. The paper
concludes with the project planning in chapter 8 and the final conclusions in Chapter 9.
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2
Decarbonizing Aviation: Pathways

Toward Sustainable Flight

Building on growing climate urgency, several technological pathways are being explored to decarbonize
aviation, each of these with unique trade-offs in feasibility, scalability, and readiness. The pathways are
sustainable aviation fuels (SAFs), hydrogen propulsion, hybrid-electric systems, and full battery-electric
propulsion.

2.1. The Environmental Imperative
International policy frameworks and goals such as the European Commission’s Green Deal [11] and the
Advisory Council for Aviation Research and Innovation in Europe goals [12] have established the goal of
a net-zero aviation sector by the year 2050. Accomplishing this target requires significant development
in every layer of aircraft design and the airline planning operations.

As aircraft were initially developed, fuel sources similar to jet fuel enabled the range and flexibility
needed for global air transport. This fuel had a high energy density. However, it was carbon-intensive
and not developed with emissions in mind. Even the most efficient turbofan engines emit substantial
CO2 and non-CO2 pollutants [13]. Incremental improvements in aerodynamics and engine efficiency
are no longer sufficient to meet climate goals. A shift in the focus of research is required to investigate
better pathways.

2.2. Pathways to Decarbonization
Research in the aviation sector is pursuing several technological pathways toward decarbonization.
Each of these offer different benefits and limitations:

Sustainable Aviation Fuels: These replacements for kerosene have been thoroughly developed over
the last few years and can be used in existing aircraft with minimal modifications. SAFs can be created
through multiple manners, from biomass (bio-SAF) or synthesized from captured CO2 and renewable
hydrogen (eSAF) [14, 15]. They offer significant CO2 emission and lifecycle reductions but face con-
straints in availability, land use, and production costs. These SAFs also do not eliminate non-CO2
emissions and contrails [5].

Hydrogen Propulsion: Hydrogen can be combusted or used in fuel cells. During flight, it produces
zero CO2 emissions and the hydrogen can be created with renewable electricity. However, its storage is
complex due to low volumetric energy density and has infrastructure and aircraft integration challenges
[16]. In its most dense form it occupies around four times more volume than conventional jet fuel, while
it must be stored at temperatures below –253°C. When stored as a gas, hydrogen is a lot less dense
and needs to be stored in high-pressure tanks that are heavy and bulky. For these reasons, hydrogen-
powered aircraft are not yet seen as feasible replacements for conventional jets due to these limitations
[17], but they hold the potential in the future to do so.

2
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Electric and Hybrid-Electric Propulsion: Electric and hybrid-electric aircraft can substantially reduce
pollution. The majority of the technologies necessary for electric aviation already exist in some form.
Hybrid-electric aircraft combine engines with electric motors, using this dual propulsion they can opti-
mize power distribution and even improve fuel efficiency. Whilst the fully-electric aircraft are in devel-
opment, hybrid aircraft are seen as a transitional solution [18]. Fully electric aircraft eliminate in-flight
emissions entirely with a higher efficiency in their propulsion. Recent innovations suggest that electric
aircraft could be viable for larger regional markets [6].

2.3. Conclusion on Decarbonizing Aviation
Every one of the pathways toward sustainable aviation faces distinct hurdles. The contribution of SAF
and hydrogen technologies offer important contributions, but both face significant challenges that must
still be addressed. At the same time, electric aviation stands out as an opportunity, especially for short-
haul and regional flights. However, the success depends on overcoming key technical challenges.

Therefore, future investments and innovations are essential to make regional electric transport viable,
and also to reduce the reliance on scarce renewable fuels, while diversifying the aviation sector’s de-
carbonization strategy. In the end, there is no single solution for all problems. A wide variety of tech-
nologies will be necessary to achieve a desired net-zero future.



3
Background on Aircraft Electrification

This chapter elaborates on the history of the electrification of aircraft. It begins with a review of the
origins of electric aviation and how it has evolved over time, discussing important milestones that have
shaped the field. The following sections go deeper into the technical challenges faces by electric
aviation and their potential solutions, mostly focusing on battery technology. Lastly, several concept
aircraft currently under development are discussed. A focus is set on the Elysian E9X, as the research
is done in collaboration with Elysian Aircraft.

3.1. Historical Development of Electric Aircraft
This section contains an overview of the historical developments of Electric Aircraft throughout history
and the foundations that brought the Electric Aviation concepts to where they are now.

Electric Aviation has been around longer than usually is thought. The first concepts for electric aviation
emerged in the late 19th-century, at the same time as the development of early aviation [19]. These
early aircraft concepts and developments faced significant technological limitations. The battery tech-
nology at the time was too primitive for practical flight, despite this hefty limitation these engineers
considered electric motors as potential power sources for the flight.

The first manned flight took place in 1973, when FredMilitky, a pioneering engineer for themodel aircraft
company Graupner, converted a Brditschka HB-3 motor glider into the MB-E1, the world’s first person-
carrying electric aircraft [20, 21]. The historic flight, piloted by Heino Brditschka, lasted approximately
around 10 minutes and the aircraft reached an altitude of 360 meters. During this breakthrough Militky
used a Bosch 13hp electric motor powered by nickel-cadmium batteries. The original two-seater aircraft
was modified to accommodate a battery storage behind the pilot. This achievement represented the
culmination of Militky’s decades of work in electric flight, which began with his experiments in the 1940s
and included the development of successful electric model aircraft like the ”Silentius” in the early 1960s.

In 1981 Electric Aviation took a step further through Paul MacCready’s work. His ”Solar Challenger”
project was the first solar-powered aircraft designed to fly long distances at significant altitudes without
battery assistance [22]. With 16,128 photovoltaic cells covering its flat-wings and tail surfaces, the
aircraft could generate approximately 3,800 watts of power under optimal sunlight conditions. On July
7, 1981, Paul MacCready made aviation history by flying the Solar Challenger upon a 163-mile flight
from Paris, France to Canterbury, England, hereby trying to demonstrate the viability of pure solar
and electric flight across significant distances, an image of this flight is displayed in Figure 3.1. This
achievement built upon earlier work with the Gossamer Penguin, which had achieved the first sustained
solar-powered flight in 1980 piloted by Janice Brown [23].

The real advancements in electric aviation came with the development of lithium-ion battery technology.
These improvements were developed mostly in the 1990s-2000s and their capabilities are advancing to
this day [24] with these developments largely increasing the specific energy. This was demonstrated in
2005, where Alan Cocconi’s SoLong UAV demonstrated the potential of this technology by completing
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3.2. Technical Limitations and Challenges 5

Figure 3.1: Paul MacCready’s Solar Challenger in flight over the canal.

a remarkable 48-hour continuous solar-electric flight [25], proving that electric propulsion could support
extended operations with the right energy storage. These newly developed lithium-ion batteries led
to the next developments in the industry, with the Pipistrel Taurus Electro becoming the world’s first
commercially available electric aircraft in 2007 [26]. These early electric aircraft were crucial in demon-
strating that electric propulsion systems are able to transition from experimental concepts to practical,
certified aircraft that pilots could use in a commercial setting and and operate in real-world conditions.

Despite the progression that has been made over the years, current electric aviation technology still
faces limitations. Battery technology with its specific energy has significantly improved. However, it
remains insufficient for large scale commercial passenger aviation in the medium/long haul. For this
reason, the manufacturers are focusing on hybrid electric designs and short range electric aircraft [18].
Some of these companies, like Elysian, are focusing on fully electric aircraft design and even though
these aircraft are designed to fly fully electric, they have fuel reserves to save weight on batteries to
comply with additional range requirements for aircraft [7, 6]. In conclusion, the industry consensus
sees full electrification of large passenger aircraft as a long-term goal, with some companies directly
developing fully electric aircraft and others focusing on hybrids serving as an important step towards
more sustainable and fully electric air transportation.

3.2. Technical Limitations and Challenges
This section covers the technical limitations and challenges electric passenger aircraft face and that
must be overcome to achieve large scale operations. The most fundamental constraint is the battery
energy density and the challenges it brings along.

3.2.1. Overview of Technical Challenges
Several recent studies provide comprehensive analyses of the technical challenges facing electric avi-
ation. Papers byWolleswinkel et al. (2024) [6], De Vries et al. (2024) [7], Adu-Gyamfi and Good (2022)
[8], and Chen (2023) [27] collectively examine the limitations and potential solutions in battery technol-
ogy, propulsion systems, aircraft design, and operational requirements. An overview of the technical
limitations has been constructed from these papers and they presented in Table 3.1.

The table captures the most significant challenges that must be addressed for viable commercial elec-
tric aircraft, although there are also more challenges identified in the literature that are not included in
the table due to their secondary nature and/or lesser importance to the overall research. These ad-
ditional limitations include bur are not limited to: certification and regulatory frameworks, battery-pack
development and integration, thermal management, and economic viability considerations. They repre-
sent broader industry and policy challenges rather than core technical limitations of the aircraft systems
to be analyzed in the scope of this research themselves.
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Table 3.1: Overview of primary technical limitations of electric aircraft

Parameter Definition and Application Units

Energy Density The quantity of energy stored per unit of mass in batter-
ies (250–300) compared to jet fuel (∼ 12,000); determines
range and payload capacity

Wh/kg

Charging Time Duration required to restore battery capacity, affecting
ground time and operational efficiency of aircraft

min

Cycle Life Number of charge-discharge cycles before degradation to
80% of original capacity (typically 500–1500 cycles)

cycles

Battery-Structure Inte-
gration

Design challenges in integrating batteries into wings for op-
timal weight distribution and structural integrity

N/A

Airport Infrastructure Airports are not yet fully adapted to support electric air-
craft’s broader wingspans and charging requirements, ne-
cessitating facility modifications and new operational proto-
cols

N/A

3.2.2. Pathways to Implementation
The technical limitations outlined in Table 3.1 shows the hurdles that need to be overcome for widespread
electric commercial aviation and the ongoing research and development across the domains are show-
ing promising solutions. The timeline of these solutions can vary significantly from each other and this
section examines the potential solutions and if available provides a temporal analysis of when these
technologies might be usable for commercial application.

Solutions to Technical Limitations
For Energy Density Improvements several pathways are being pursued to address the fundamental
energy density limitations of current battery technologies. These are listed below.

• Advanced Lithium-ion Chemistries: The combination of Silicon-dominant anodes, high-nickel
cathodes, and improved electrolytes could potentially achieve 350–400 Wh/kg at the cell level by
2026–2028 [28]. Recent research has demonstrated that Mo-dopedNi-rich cathodes (Li[Ni0.95Co0.04Mo0.01]O2)
can achieve energy densities of up to 895 Wh/kg [29].

• Solid-State Batteries: These batteries seek to replace the liquid electrolytes with solid conduc-
tors. This would result in energy densities of 400–500 Wh/kg with improved safety. Companies
like QuantumScape, Solid Power, and Toyota are making significant progress in this area [30,
31]. If these batteries become available with aviation grade quality, they are expected to be a key
candidate for aviation applications.

• Lithium-Sulfur Batteries: This new battery composition with lithium as anode and sulfur as
cathode have theoretical energy densities of up to 2,600 Wh/kg. Li-S technology could create
a breakthrough, though significant challenges in cycle life and sulfur utilization efficiency remain
[28]. Due to this no timeline is available for the development progression.

• Hybrid Solutions: It could be a solution to combining batteries with hydrogen fuel cells or even
sustainable aviation fuels in hybrid configuration. In such a manner a transitional solution can be
designed while battery technology matures for fully electric aircraft.

For the development of charging time reduction technologies:

• High-Power Charging Infrastructure: Recent studies highlight the importance of the devel-
opment of reliable airport charging systems designed to enable the simultaneous charging of
multiple electric aircraft at moments of peak demand [32]. Such systems are currently being
researched, but will require large investments.

• Battery Swapping: Recent analysis suggests that battery swapping in aircraft designs that allow
it, is more cost-effective for electric aviation in most cases, while plug-in charging becomes more
viable when electric aviation penetration exceeds certain discharge thresholds [33].
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• Cell Design Optimization: New electrode materials and designs that facilitate faster ion trans-
port without compromising safety or cycle life. Recent studies have demonstrated that Mo-doped
Ni-rich cathodes maintain 90% capacity retention even at 5C charge rates, enabling full charging
in as little as 12 minutes. However, the battery choice for electric aircraft will most likely be pri-
oritized by the capacity in comparison to charging speed. This would mean that charging speed
would be a secondary characteristic of batteries in aviation [29].

• Solid-State Electrolytes for Fast Charging: The high-throughput critical current density testing
method has enabled the identification of solid electrolytes that can sustain high current densi-
ties without failure [31]. This would be interesting for battery developments, as these solid-state
batteries have a high specific energy with a favorable charging speed.

For the improvement of battery cycle life and durability for aviation applications:

• Advanced Battery Management Systems: AI-driven systems that optimize charging and other
flight patterns could extend battery life through precise monitoring and flight decision-making.

• Self-HealingMaterials: Some batteries could have self-healing properties that can autonomously
repair microdamages in electrodes and electrolytes due to wear and tear of the batteries. These
properties are inspired by biological systems. Techniques that are expected to have potential in-
clude self-healing polymers, microcapsules with healing agents, and bio-inspired materials. This
would extend durability significantly [34].

• Temperature Management: To combat battery degradation from thermal stress, more efficient
cooling systems should be designed that maintain optimal battery operating temperatures [29].

For Structural Battery Integration innovative approaches are:

• Reserve Energy System Considerations: The use of a fuel-powered reserve energy system
(RES) instead of batteries for flights would drastically save weight. While allowing aircraft to fly
further without having to deploy the RES in regular flights [6].

• Battery Wing Placement: Strategic placement of batteries inside the wings helps optimize
weight distribution due to reduced moment on the airframe. This placement also reduces aerody-
namic penalties [7].

Solutions for airport infrastructure adaptation:

• Standardized Charging Protocols: Industry-wide standards for electric aircraft charging to en-
sure usability across manufacturers and airports.

• Smart Grid Integration: Systems that manage charging loads and potentially use aircraft batter-
ies for grid stabilization during ground time. Optimized charging systems incorporating smart grid
management and dynamic power allocation strategies have been proposed to balance demand
and minimize operational disruptions [32].

• Modular Airport Design: Flexible infrastructure that can accommodate both conventional and
electric aircraft during the transition period.

• Renewable Energy Integration: Airport-based solar systems can supplement electric aviation
charging demand and reduce dependence on external grid power [33].

3.3. Current Electric Aircraft Projects and Elysian
This section discusses several promising (concept) aircraft designs of different leading companies in
the electric passenger plane development, followed by a more in-depth analysis of the Elysian E9X.

3.3.1. Heart Aerospace
Heart Aerospace is a Swedish company developing the in Figure 3.2 portrayed ES-30, a hybrid-electric
regional aircraft designed for 30 passengers [35]. The aim is to have the aircraft enter service by 2028.
The company is based around Säve Airport, Sweden. Major investors such as United Airlines, Air
Canada, and Saab back the aircraft and some have even made orders. This positions the ES-30 is as
a future hybrid alternative for short-haul regional flights.
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Figure 3.2: The Heart Aerospace ES-30 concept portrayed in flight.

Design and Propulsion
The ES-30 is designedwith a high-wing, T-tail for improved stability and ground clearance. The aircraft’s
interior has a 2-1 seating layout to optimize aerodynamic efficiency. Also, it has fixed landing gear to
reduce weight and simplify maintenance. The aircraft is powered by four electric motors and will use a
lithium-ion battery system, with the ability to allow for future upgrades when technology progresses. It
claims to have a fully electric range of 200 km, which can be extended to 400 km using a reserve-hybrid
system powered by SAF to meet certification and safety requirements without reducing range, and with
a reduced passenger load, the ES-30 can achieve a range of up to 800 km. With the with low noise
and emissions, the ES-30 is ideal for regional airports, offering a flexible and sustainable solution for
very short-haul air travel.

3.3.2. Maeve Aerospace
Maeve Aerospace is a Dutch company developing the M80, a hybrid-electric regional aircraft designed
for 80 passengers [36] that is to enter service somewhere in the coming years. This design would
offer airlines a cost-efficient and sustainable alternative for regional operations as it has an increased
range in comparison to the ES-30. The aircraft is designed to outperform turboprops while delivering
the performance of a regional jet.

Figure 3.3: The Maeve M80 aircraft portrayed in flight.

Design and Propulsion
The M80 features a high wing to reduce drag. Its hybrid-electric propulsion system is optimized to have
a high efficiency at cruise altitude, providing a balance between operational performance and sustain-
ability between conventional and fully electric aircraft. The aircraft is powered by two hybrid-electric
engines, reducing fuel consumption by over 40% compared to conventional regional jets. Maeve claims
an operational range of just under 1500 km while carrying 84 passengers, allowing the M80 to operate
a variety of short/medium haul routes. Its advanced hybrid-electric system lowers operating costs, with
a 25% lower trip cost than regional jets and a 20% lower seat-km cost than turboprops.
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3.3.3. Elysian Aircraft
Elysian Aerospace is a Dutch company pioneering battery-electric commercial passenger aviation with
the development of the Elysian E9X, a 90-passenger fully electric aircraft with a RES to cover required
range reserves for flights [7]. The E9X aims to achieve a zero in flight emission range of 800 km on a
single charge for the first version, with the second version extending this to 1000 km. This positions the
E9X as a viable replacement for 50% of scheduled flights when considering a 1 stop flight for charging,
contributing to a potential 20% reduction in global aviation CO2 emissions. The aircraft is expected to
enter service by 2033 according to Elysian.

Design and Propulsion
The E9X, seen in Figure 3.4, features a low-wing configuration with distributed electric propulsion and
wing mounted landing gear, which replaces traditional twin-propeller designs. The aircraft incorporates
large, high-aspect-ratio wings to enhance aerodynamic efficiency that reduces energy consumption
without relying on having to develop new advanced propulsion technologies. The battery system is
housed within the wings, reducing the structural weight necessary for the aircraft, while placing the
energy storage system directly where the lift is generated. The E9X also features folding wingtips that
allow the aircraft to fit within standard airport gate constraints.

The aircraft has a fuel-based RES is supply additional range to the aircraft during diversion and loitering
scenarios. With a battery-based reserve energy system this would cannibalize the range. The E9X also
features folding wingtips, which optimize aerodynamic performance and allow the aircraft to fit within
standard airport gate constraints.

Figure 3.4: The Elysian Aircraft concept with its 8 propellors distributed propulsion system.

Operational Performance and Efficiency
The E9X is designed to rival regional jets and turboprops by offering comparable range and passen-
ger capacity while drastically reducing operating costs. A key advantage of its battery-electric propul-
sion system is its energy efficiency, with 82% of renewable energy converted into usable flight power,
battery-electric propulsion far surpasses hydrogen fuel cells (35%), hydrogen turbines (24%), and e-
SAF (19%) in energy efficiency [6, 1]. Also, the E9X offers other cost benefits. Direct grid-to-battery
energy conversion results in lower fuel costs than hydrogen or e-SAF alternatives and electric motors
have significantly fewer moving parts than gas turbines, reducing maintenance costs. These factors
contribute to competitive per-trip and seat-mile costs.

3.4. Conclusion on the Background on Aircraft Electrification
The literature presented in this chapter on aircraft electrification highlights the growing potential for
aviation. In only around 50 years humankind has gone from early experimental 10 minute flights with a
single passenger, to large-scale passenger aircraft concepts projected to enter production in the coming
10 years. Still, large hurdles remain, but the overall development shows a promising trajectory.



4
Battery Degradation & Ageing

This chapter explores the degradation of lithium-ion batteries and begins by outlining the fundamentals
of lithium-ion batteries, afterwards the key metrics relevant to batteries in aviation and degradation
mechanisms are discussed and an overview of three major battery health datasets is given. Building
on this theoretical foundation, the chapter researches a wide range of predictive approaches for battery
degradation and methods for uncertainty quantification.

4.1. Lithium-Ion Battery Fundamentals
Since the development of the first lithium-ion batteries around 1990, they have become the dominant
energy storage technology for electric transportation systems due to a favorable combination of char-
acteristics; a high energy density, relatively long cycle life, and increasingly competitive cost structure.

4.1.1. Operating Principles and Chemistry
The operating principles and chemistry of lithium-ion batteries are well known, this specific section is
derived from Finkelstein et al. (2024) [37]. In Figure 4.1 a typical lithium-ion cell is displayed and it has
four main components: the anode, cathode, electrolyte, and a separator. When the battery delivers
power during a discharge cycle, electrons flow through an external circuit from the anode to the cathode,
while lithium ions migrate from the anode through the electrolyte and separator to the cathode. This
produces an electrical current that can be used by the external circuit. During charging, this process
reverses, with lithium ions returning to the anode.

10
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Figure 4.1: Illustration of Lithium-ion cell [38]

Graphene is often used for the anode, as it can accommodate lithium ions between its layers. For
the cathode, a wide range of lithium metal oxides can be used such as: lithium cobalt oxide (LiCoO2),
lithium nickel manganese cobalt oxide (NMC), lithium iron phosphate (LiFePO4), and lithium nickel
cobalt aluminum oxide (NCA). Each cathode chemistry has different trade-offs between energy density,
power capability, cycle life, thermal stability, and cost.

The electrolyte typically is a lithium salt (such as LiPF2) dissolved in organic solvents that enables ion
transport. It does this while the separator, a micro-porous polymer membrane, prevents direct contact
between electrodes while allowing lithium ions to pass through.

4.1.2. Performance Metrics and Characteristics
To be able to assess the performance of batteries, Key Performance Indicators (KPI’s) are set up with
the help of Hasa et al. (2023) [39] for lithium-ion batteries. In Table 4.1 the overview can be found.
As there are many different aspects and manners that battery performance can be measured, only a
number of these KPI’s is listed in the table, chosen on relevance for the research.
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Table 4.1: Key Performance Indicators for Lithium-Ion Batteries in Electric Aircraft

Parameter (Symbol) Definition and Application Units

Energy Density (Ed) The quantity of energy stored per unit of mass (gravi-
metric) or volume (volumetric); directly impacts air-
craft range and payload capacity

Wh/kg or
Wh/L

Power Density (Pd) Maximum power output per unit of mass; determines
aircraft acceleration and climb performance capabil-
ities

W/kg

Cycle Life (Ncycle) Number of charge-discharge cycles before capacity
degradation to 80% of initial value; affects opera-
tional economics and battery replacement intervals

cycles

Calendar Life (Tcalendar) Maximum lifespan regardless of usage; crucial for
long-term aircraft operation planning and mainte-
nance schedules

years

Capacity Retention (Cret) Measure of how well a battery maintains its original
capacity over time and cycles; key performance met-
ric for reliability in aviation applications

%

State of Health (SoH) Indicator of battery condition relative to a new battery
(100%); critical for operational decision-making and
safety management

%

C-Rate Capability (C) Measure of charge/discharge current relative to ca-
pacity; affects fast-charging ability and power deliv-
ery during demanding flight phases

C

Other relevant KPI’s relevant for the prediction of battery capacity in aviation is quantified through
several measures in Table 4.2.

Table 4.2: Capacity Prediction Performance Metrics for Aviation Battery Management

Parameter (Symbol) Definition and Application Units

Prediction Accuracy (RMSE,
MAE)

Root Mean Square Error (RMSE) or Mean Absolute
Error (MAE) between predicted and actual capacity;
critical for flight planning reliability

% or Ah

Remaining Useful Life (RUL) Estimated time or cycles until battery reaches end-
of-life criteria; essential for maintenance scheduling
and replacement planning

cycles
or flight
hours

Prediction Horizon (Hp) How far into the future capacity can be accurately
predicted; longer horizons enable better long-term
operational planning

cycles
or flight
hours

Uncertainty Quantification
(σ, CI)

Statistical confidence bounds on capacity predic-
tions; crucial for risk assessment and safety margin
determination

%

Model Adaptability Ability of prediction models to adjust to varying oper-
ational conditions and battery aging patterns; essen-
tial for reliable long-term performance

N/A

4.1.3. Battery Degradation Mechanisms
This section discusses battery degradation and its mechanisms. Understanding degradation is im-
portant for optimizing battery durability and safety. The knowledge of this section is derived from the
papersHan, Lu, Zheng et al. (2019) [40] andRahman and Alharbi (2024) [41] and the Battery University
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Website [42].

Electrochemical and Chemical Degradation
This subsection discusses electrochemical and chemical degradation mechanisms affecting mostly the
anode, cathode and electrolye. One of the foremost contributors to degradation is the formation of the
Solid Electrolyte Interphase (SEI) on the anode, visualized in Figure 4.2. This layer forms in the first
cycles due to electrolyte decomposition and is a necessary component for the battery. While a stable
SEI layer protects the anode and allows for reversible lithium intercalation, it has a continued growth
over the cycles and it irreversibly consumes lithium ions. This decreases the lithium available and thus
leads to capacity loss. Additionally, excessive SEI thickening increases internal resistance.

Another significant degradation effect on the anode is lithium plating, which occurs when lithium-ions
react to become metallic lithium on the anode surface instead of intercalating into the layers of the
graphite structure. This phenomenon occurs more under high charging rates or low-temperature con-
ditions. This plated lithium can form into dendrites that penetrate the separator, creating internal short
circuits and thermal runaway.

Besides degradation on the anode, degradation at the cathode also occurs. Changes in the structure
of the cathode caused during charge-discharge cycles hinder lithium-ion mobility. This effect is highly
dependent on the chosen cathode material and is often a trade-off with other battery qualities. Tran-
sition metal ions also dissolve from the cathode into the electrolyte and migrate to the anode, which
destabilizes the SEI layer.

The electrolyte itself is subject to degradation mostly through oxidative and reductive decomposition at
the surfaces of the electrodes. High temperatures and overcharging accelerate the degradation and
breakdown of the electrolyte, producing byproducts such as CO2, H2, and hydrocarbons. This reduces
the conductivity, increases internal pressure, and can even lead to hazardous cell swelling and venting.

Figure 4.2: Visualization of SEI layer of lithium-ion batteries

Mechanical and Thermal Degradation
Mechanical and thermal degradation mechanisms impact battery degradation by increasing internal
resistance and causing capacity loss. In every charge-discharge cycle the repeated expansion and
contraction of electrode materials generate mechanical stress, this leads to cracking and loss of electri-
cal contact due to the reduction of effective surface for intercalation. For most high capacity electrode
materials, this issue is particularly pronounced (silicon anodes and nickel-rich cathodes).

Another critical degradation factor that occurs throughout the battery lifetime is the loss of active lithium
due to SEI growth, lithium plating, and various side reactions. Since lithium ions are essential for charge
storage, their gradual loss diminishes overall capacity.

Thermal effects further accelerate degradation mechanisms, as elevated temperatures accelerate SEI
growth, electrolyte decomposition, and structural instability in the cathode. If this degradation be-
comes excessive and causes temperatures over 80 degrees Celsius thermal runaway can occur. Here,
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exothermic reactions propagate uncontrollably. Resulting in cell venting, fire, or even explosion, mak-
ing thermal management a crucial aspect of lithium-ion battery design for aviation applications. This
thermal runaway is very difficult to distinguish, as it contains all necessary ingredients for its reactions
to continue, posing a problem for future aircraft batteries.

4.1.4. Impact of Degradation on Aviation Applications
Battery degradation in electric aviation is an important challenge to overcome due to strict performance
and safety requirements. Battery degradation effects reduce aircraft range and payload capabilities,
while increased internal resistance limits the maximum power output and even the voltage stability
during takeoff and climb. However, the reduction in maximum power due to the battery degradation will
not compromise the overall usability of the aircraft and the battery design and maintenance scheduling
will be designed to incorporate this aspect for safety precautions. Elysian Aircraft is even planning
to only allow flights from airport with runways longer than 2000m, this reduces the maximum power
necessary for takeoff to take advantage of optimal battery usage, and while doing so also reduces the
effect of this power degradation. This effect would otherwise most likely not play a role without the
runway constraint, as the power required for takeoff is well below the limit, unlike VTOL aircraft where
peak power demand is a lot higher.

The degraded batteries will require frequent replacements and checks [7], impacting operational costs
and maintenance schedules. Studies show that high discharge rates significantly accelerate battery
degradation [43, 44]. Therefore, these effects are particularly relevant during cruise at higher speeds,
take-off and landing and special maneuvers, where the C-rates are elevated for long periods of time. To
mitigate these effects, advanced Battery Management Systems (BMS) monitor degradation indicators
and can help guide the degradation within limits [45].

4.2. Battery Health Datasets
Accurate modeling of battery degradation requires high-quality datasets with many measurements and
batteries for most methods. In this section, first two widely used battery health datasets will be dis-
cussed. The NASA - Li-ion Battery Aging Dataset [46] and the ISU-ILCC Battery Aging Dataset [47].
Afterwards, the more recent and less-used battery health dataset is discussed proposed in a paper by
He et al. (2022) [48].

4.2.1. NASA Battery Health Dataset
This section discusses the NASA Battery Health Dataset, provided by the Prognostics Center of Ex-
cellence at NASA Ames Research Center. This dataset covers degradation data for Li-ion 18650
rechargeable batteries, that are subjected to different operational profiles throughout testing. The
dataset covers charge-discharge cycles and Electrochemical Impedance Spectroscopy (EIS) measure-
ments. Where the temperatures and load conditions vary across batteries. The batteries were cycled
until they reached an end-of-life criterion of 70% SoH (from 2 Ah to 1.4 Ah). The dataset was gathered
using a custom-built battery prognostics testbed consisting with an data acquisition rate of approxi-
mately 10 Hz.

The dataset includes:

• Charge and discharge cycle data with voltage, current, temperature, and capacity measurements.
• Impedance spectroscopy data, including electrolyte resistance and charge transfer resistance.
• Varied depth-of-discharge (DoD) levels and operational conditions to simulate real-world battery
degradation.

This dataset is one of the most widely used for battery RUL prediction and battery capacity prediction.
Many SoH prediction methods developed over the years have been tested on this dataset. This par-
ticular battery type is used in many high-end products such as certain Tesla EV models, making it a
suitable benchmark for new methodologies [49].
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4.2.2. ISU-ILCC Battery Aging Dataset
The ISU-ILCC Battery Aging Dataset [47] was created through a collaboration between the System
Reliability and Safety Laboratory at Iowa State University (ISU) and Iowa Lakes Community College
(ILCC). This dataset is specifically designed to analyze the effects of three key stress factors on battery
capacity fade; charge rate, discharge rate, and depth of discharge (DoD).

The dataset contains cycle aging data from 251 lithium-ion polymer cells, which were subjected to 63
unique operational conditions. The data includes 238 cells, with the remaining 12 cells still undergoing
testing and will be added once finished.

The dataset was acquired through a controlled consistent and reliable experimental setup. The differ-
ing conditions allow researchers to investigate the influence of different cycling parameters on battery
degradation with the goal to enable the development of predictive models that estimate battery lifespan
under varying operational conditions.

The dataset includes:

• Charge and discharge cycle data with voltage, current, temperature, and capacity measurements.
• A wide range of stress factors, including variations in charge rate, discharge rate, and depth of
discharge.

This dataset is relevant for prognostics development, especially in predicting battery RUL. Differing
from the NASA dataset, the ISU-ILCC dataset specifically tests lithium-ion polymer cells under a wider
variety of cycling conditions.

4.2.3. EVBattery Dataset
This section discusses the EVBattery Dataset, introduced by He et al. (2022) [48]. This is a large-scale
dataset derived from real-world data for battery health and capacity estimation in EVs. Unlike tradi-
tional laboratory-based or synthetically generated datasets, the EVBattery dataset contains extensive
charging records collected from actual cars.

The dataset contains over 1.2 million charging datapoints from 464 EVs manufactured by three different
companies. Each datapoint consists of time-series data recorded over the charging process in com-
bination with other meta-information relevant to battery condition. The data is collected from charging
stations, making it perfect for analysing battery degradation according to charging patterns

The dataset includes:

• Voltage and current measurements during charging.
• Temperature variations across cells.
• State of Charge estimates.
• Battery health and capacity labels.

The dataset has two uses according to the paper, anomaly detection in EV Batteries and for capacity/-
SoH estimation. This dataset could be very valuable for creating insights for electric aircraft. However,
for this research the focus will most likely be on discharging patterns.. The most important differences
between the EVBattery dataset and the first two datasets is its size and its real-world nature that helps
bridge the gap between controlled lab testing and actual operations, making it a potential resource for
future battery degradation studies.

4.3. Predicting the Capacity of Batteries
This section discusses different methodologies for the prediction of battery degradation. As the appli-
cation of the battery fade prediction is on electric aviation, correct predictions are crucial for ensuring
the safety of meeting the range requirements for flights. These prognostics models often differ slightly
from actual values. Therefore research is done into investigating the prediction of the lower bound of
the confidence interval of where the actual value may lie. This lower bound is essential for maintaining
proper safety margins, where battery failure is not an option.
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4.3.1. Non-Data-Driven Approaches
The section discusses non-data-driven approaches for battery degradation prediction. These are based
on physical and mathematical models that try to describe the underlying mechanisms of battery aging.
This section is based on the physical and mathematical approaches in the papers of Ge et al. (2021)
[50] and Li et al. (2018) [51].

Electrochemical Models
Electrochemical models describe the internal chemical and physical processes in lithium-ion batter-
ies. These models use Partial Differential Equations to represent reactions within the battery. One
of the most widely used electrochemical models is the Pseudo-Two-Dimensional model. This tries to
capture the complex physicochemical properties of battery degradation, but comes at a computational
cost and has led to the development of simplified variants, such as the Single Particle Model. To fur-
ther improve efficiency, other reduced-order electrochemical models that integrate side reactions and
interfacial degradation mechanisms have been developed.

Equivalent Circuit Models
Equivalent Circuit Models (ECM) simplify the dynamics of batteries by representing the electrical be-
haviours using an electronic circuit. The most common ECMs are the Thevenin model, the RC network
model, and the nonlinear ECM and they estimate the battery SoH by tracking changes in circuit param-
eters. Despite their computational efficiency and ease of implementation in BMS, they struggle with
accuracy and complex degradation behaviour.

Mathematical Models
Mathematical models use statistics to predict battery degradation without having to model the under-
lying electrochemical processes. One popular approach is Incremental Capacity Analysis, which func-
tions by monitoring changes in the differential capacity curve to assess capacity fade. The probabilis-
tic models are used to provide uncertainty quantification for RUL or battery degradation estimation.
These mathematical models offer flexibility, as they are sometimes compatible across different battery
chemistries, but require sufficient historical data for parameter calibration and their reliance on statisti-
cal assumptions and simplifications can cause errors.

Comparison and Considerations
The discussed Non-data-driven capacity/SoH estimation approaches provide valuable insights into bat-
tery degradation mechanisms. These are particularly useful when data is scarce, but the composition
of the battery is known and researched. However, their applicability depends on the trade-offs between
battery characteristics.

4.3.2. Regression Machine Learning Methods
This section discusses regression based machine learning methods. These methods model the rela-
tionship between historical battery performance metrics and capacity degradation trends and are often
explainable and effective.

Linear Regression
Linear regression is one of the simplest machine learning methods. it assumes a linear relationship
between input features and data and can be optimized throughmultiple functions such as ordinary least-
squares. It works well in finding trends and their magnitude and it is often used as a baseline model
[52]. However, due to the highly nonlinear nature of battery degradation, linear regression struggles
to capture complex degradation patterns. Abdillah et al. (2025) [53] found that linear regression had
the highest prediction error among tested methods in its test repertoire for estimating battery RUL with
several approaches. While it may be useful when degradation has a near-linear trend, its use in real
applications is limited.

Support Vector Regression
Support Vector Regression (SVR) addresses some of these limitations by mapping input features into
a higher-dimensional space, which enables nonlinear trends to be found [54]. It works by optimizing a
loss function that allows for a certain margin of error Abdillah et al. (2025) [53] demonstrated that SVR
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outperformed linear regression in his tests. However, its performance heavily depends on the selection
of the kernel function. SVR is can work for moderately complex datasets, it struggles with computation
for large-scale applications, limiting its applications [54].

Gaussian Process Regression
Gaussian Process Regression (GPR) is regression method that that provides both predictions and
their uncertainty quantification. It works by modeling degradation as a stochastic process, allowing it
to handle noise in datasets well. Naresh and Thangavelu (2024) [55] applied GPR to predict battery
health in over-discharged Li-NMC systems and found that it provided reliable uncertainty estimates
alongside accurate predictions. However, just like SVR, GPR’s computational complexity rises quickly
with dataset size, limiting its real world applications.

Suitability of Regression Methods
The suitability of these regression methods for battery degradation depends on the application and the
amount and complexity of the data available. While thesemethods may not often achieve similar quality
in predictions of ensemble techniques. They offer advantages in interpretability, low computational
efficiency, and the enabling of uncertainty quantification, which makes them viable when these factors
are prioritized [56].

4.3.3. Ensemble Regression Methods
This section discusses ensemble machine learning methods methods. These combine multiple models
to achieve higher performance than individual models and have gained significant popularity in battery
degradation prediction as they are able to capture complex nonlinear relationships.

Random Forest Regression
Random Forest Regression (RFR) is an ensemble learning method that works by building numerous
decision trees during training and finds the average prediction of the individual trees. The trees in the
model are trained on different subsets of data and features, that allow it to focus on many different
parts of the variance in the data [57]. used RFR to predict the RUL of lithium-ion batteries by extracting
aging features based on the incremental capacity curve and achieved a mean error of estimated SoH of
1.81% on the dataset, more specifically he was able to predict the RUL within 32 cycles, outperforming
several common non-ensemble methods. The study focused on the ability of RFR to handle many
features without requiring advanced feature selection.

RFR has an inherent feature importance ranking mechanism that gives valuable insights into the fac-
tors driving capacity fade. This is useful as it can determine the most important features to focus on in
the predictions, as demonstrated in the work by Wang et al. (2023) [58], where the model’s learning
and generalization ability was enhanced through Bayesian optimization of hyperparameters to better
understand battery aging processes. Ng et al. (2020) [59] also showed that random forest can con-
sistently outperform linear models, SVR, and even neural networks in many cases. There is a limit to
RFR’s prediction accuracy though, it plateaus with increased tree depth and quantity, risking that the
model will overfit with too many trees and depth. RFR is a powerful and simple to implement model
that can still be interpreted, making it an attractive option for both predicting battery degradation.

Gradient Boosting and XGBoost
Gradient Boosting methods represent another powerful group of ensemble techniques, where they do
not only combine multiple models, but also how these individual models interact with each other and
the data. RFR builds trees in parallel, while Gradient Boosting constructs trees sequentially, allowing
it to correct errors in previous trees and build stronger trees. While training it also in most Gradient
Boosting methods will assign different weights to each tree, with newer trees focusing specifically on
the residual errors of the ensemble. This allows it to capture a wide range of variance and degradation
patterns [60]. In Figure 4.3 the two tree building algorithms of Random Forest and Gradient Boosting
are visualized.
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Figure 4.3: Random Forest Parallel Tree Building vs Sequential Gradient Boosting Tree Building [61]

The Gradient Boosting method that is most often seen as the most powerful is XGBoost. It is seen
as one of the most effective machine learning methods predictive performance and efficiency. In a
research done in battery capacity prediction by He et al. (2022) [48] where he used a newly developed
dataset that is discussed in subsection 4.2.3. XGBOOSt outperformed other ML models such as RFR
and the neural network based Multi-Layer Perceptron. Certain deep learning approaches were able
to outperform XGBoost slightly, but XGBoost performed best in 1 of the 2 datasets, and on the other
it came very close to the best predictor. XGBoost is able to do this while handling missing values or
outliers, it prevent overfitting through regularization, and efficiently process data. Its interpretability,
compared deep learning, also provides valuable insights into feature importance and allows for xAI
methods like SHAP and LIME to create understanding of key factors influencing battery health.

4.3.4. Uncertainty Quantification in Regression Battery Degradation Prediction
This section discusses uncertainty quantification in regression. It is important to make accurate predic-
tions of when predicting battery degradation, but it is also of importance to quantify prediction uncer-
tainty, particularly when the predictions are made in safety-critical applications like electric aviation.

Ensemble-Based Uncertainty Quantification
Many ensemble methods are able to provide uncertainty estimation through the variance of predictions
across individual or groups of the ensemble members. A common used version is Quantile regression,
introduced in Koenker et al. (1978) [62]. It estimates relationships between variables at different points
of the conditional distribution rather than just using the mean of the ensemble as prediction by minimiz-
ing the weighted sum of absolute residuals instead of squared residuals used in traditional regression
methods.

Quantile regression can estimate prediction intervals in Gradient Boosting methods by targeting spe-
cific quantiles (e.g., 10th, 50th, and 90th percentiles) of battery capacity and it has great robustness
to outliers and has the ability to capture tail behaviors of distributions, and effectiveness in handling
heteroscedasticity [63].

Bayesian Methods for Uncertainty Quantification
Bayesian approaches offer a principled framework for prediction with integrated uncertainty quantifica-
tion by modeling parameters as probability distributions rather than point estimates. .

BART is its own regression method, offering a Bayesian nonparametric approach to flexible regres-
sion with built-in uncertainty quantification [64]. BART creates a regression function by summing the
contributions of many small decision trees, the equation is displayed in Equation 4.1.

Y =
m∑
j=1

g(x;Tj ,Mj) + ε, ε ∼ N(0, σ2) (4.1)

Where each g(x;Tj ,Mj) represents a regression tree with its own structure Tj and terminal node pa-
rameters Mj . The word Additive in BART is used because these tree models are combined through
addition. BART has be designed to be inherently different from other ensemble methods with the in-
clusion of its Bayesian framework [65]. BART uses a regularization during training and tree building
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that constrains each individual tree to be a weak learner, meaning that they contribute only a small
part to the overall prediction. This effectively shrinks the size of the tree and its branches and reduces
tree effects toward zero and keeps the trees very generalizable , preventing overfitting but still keeping
performance near some ensemble methods.

BART is a Bayesian method and it provides full posterior predictive distributions rather than just point
predictions. For any input x BART gives both an expected value and its confidence intervals that natu-
rally widen in areas of sparse knowledge or high variability and therefore this uncertainty quantification
can be used for making decisions based on security of knowledge. The Bayesian backfitting Markov
Chain Monte Carlo (MCMC) algorithm used by BART efficiently samples from the posterior distribution,
making it computationally feasible even for moderately large datasets [66].

BART offers several methodological advantages:

• It automatically handles nonlinear relationships and complex interactions between features.
• The model provides reliable uncertainty bounds that quantify both aleatoric (inherent randomness
in data) and epistemic (lack of knowledge due to limited data) uncertainty components.

• BART can identify important predictors through variable selection metrics, enhancing model in-
terpretability.

• It is relatively robust to noisy data and requires minimal hyperparameter tuning compared to some
machine learning methods.

Practical Considerations for Uncertainty-Aware Battery Management
Uncertainty estimation for battery management can be of high value. The acceptable width and confi-
dence of prediction intervals depend heavily on the application, where some consumer devices would
have broader acceptable intervals, whereas safety-critical domains like aviation or medical systems
need more reliable estimates. The incorporation of such measures into BMS allow for more informed
decisions and should be implemented depending on the usage.

4.3.5. Neural Network Architectures for Battery Degradation Prediction
This section discusses the use of Neural Networks (NN) for battery degradation and goes over the two
most prevalent neural network architectures used for battery degradation prediction.

Recurrent Neural Networks and LSTM for Temporal Battery Degradation
This subsection discusses certain NN architectures that are commonly used for battery degradation pre-
diction. These are Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM)
networks because they can learn temporal patterns in data [67]. Regular RNNs have vanishing gra-
dients that prevent them from capturing behaviour in the long term. However, LSTM architectures
avoid this with their special cells that control which information is important enough to be stored, while
discarding unnecessary data [67].

The mathematical formulation of an LSTM cell is given by:

ft = σ(Wf · [ht−1, xt] + bf ) (4.2)
it = σ(Wi · [ht−1, xt] + bi) (4.3)
C̃t = tanh(WC · [ht−1, xt] + bC) (4.4)
Ct = ft ∗ Ct−1 + it ∗ C̃t (4.5)
ot = σ(Wo · [ht−1, xt] + bo) (4.6)
ht = ot ∗ tanh(Ct) (4.7)

where xt represents input features (e.g., voltage, current, temperature), and ht, Ct, ft, it, ot correspond
to the hidden state, cell state, and gate activations.

A typical LSTM architecture for battery degradation has the following parts:

• An input layer that processes battery signals
• One or more LSTM layers that capture temporal dependencies
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• Dropout layers to mitigate overfitting [68]
• A dense output layer that maps learned representations to capacity or RUL

Research has shows the potential of LSTM models for battery degradation prediction and trends. Xu
and Lu showed that LSTMs can already find certain cycle life trends while using only the early discharge
capacity data. This reduces the amount of data necessary to make meaningful predictions [68].

The key advantages of LSTMs for battery degradation prediction include:

• The ability to capture long-term degradation patterns crucial for predictive maintenance
• Flexibility in handling variable-length input sequences from different operational conditions
• Robustness against noise and irregular sampling
• The capability to integrate multiple sensor inputs and learn complex temporal relationships

LSTMs also have disadvantages as they require careful hyperparameter tuning, data availability, and
they have a complex model design.

Transformer-based Models: The Dynaformer Architecture
This subsection discusses Transformer-based models for battery predictio and are alternative options
to RNN architectures. Among these, the Dynaformer architecture, introduced by Biggio et al. (2022),
represents a state-of-the-art approach battery degradation-aware discharge prediction [69].

The Dynaformer’s architecture has two main components, an encoder used to extract battery’s degra-
dation state information and a decoder used to predict the voltage discharge curve for specific current
profile. The encoder is able to process only a small context window of observations, usually the first
minutes of discharge, to discover the aging state. Then the decoder uses this information to predict
the complete voltage trajectory until end-of-discharge. This architecture could most likely be adjusted
for the prediction of battery SoH prediction.

The encoder is a standard Transformer encoder comprising 6 layers with hidden dimension h equal
to 128 and 8 self-attention heads. It takes as input a C × 3 tensor representing voltage, current, and
time, where C is the context length (typically 200 points, corresponding to 400s). The voltage and
current values are projected into an h-dimensional space using a linear layer, while the time dimension
is embedded using a standard positional encoding. The encoder output, a C × h tensor, effectively
captures degradation features that influence battery aging.

The decoder is a Transformer decoder with the same 6-layer, 128-dimension, 8-head structure. To
handle long sequences efficiently, the decoder does not process the entire current profile directly. In-
stead, the input sequence is divided into T = L/n tokens, each of length n = 64, which are projected
into an h-dimensional space before being passed into the Transformer layers. The decoder performs
both self-attention on its input tokens and cross-attention on the encoded degradation representation,
ultimately generating a predicted voltage discharge curve.

While the original Dynaformer framework is designed for voltage discharge prediction, it could poten-
tially be modified to directly estimate the remaining battery capacity (qmax). Instead of producing a
full time-series voltage trajectory, the decoder can be adapted for a single scalar regression task by
using the encoder’s learned degradation state as input to a dense output layer predicting qmax. Since
prior research has shown that the latent representations of the encoder correlate strongly with physi-
cal degradation parameters such as internal resistance and maximum charge capacity, this approach
provides a direct and efficient way to estimate battery health.

The mathematical foundation of Dynaformer uses the attention mechanism that allows focus on the
most relevant parts of the input sequence:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V (4.8)

where Q, K, and V represent the query, key, and value matrices, and dk is the dimensionality of the
key vectors.



4.3. Predicting the Capacity of Batteries 21

To efficiently handle long time series data, Dynaformer incorporates an approach similar to Vision Trans-
formers, dividing the input sequence into smaller sub-sequences, each treated as a single token:

Input sequence → {s1, s2, . . . , sT } (4.9)

where each sub-sequence si ∈ Rn. The original sequence of length L is divided into T = L/n tokens,
each of length n.

The key advantages of the Dynaformer architecture include:

• Aging inference and discharge prediction: The Dynaformer can simultaneously predict ageing
and discharge curves, which usually requires two models.

• Efficient processing of long time series: By dividing input sequences into tokens, Dynaformer
reduces the complexity from O(L2) to O(L2/n2).

• Interpretable latent space: Analysis shows that the first two principal components of the en-
coder’s latent representation strongly correlate with physical degradation parameters, giving in-
sights into its SoH.

• Robust generalization: Dynaformer exhibits strong performance and robust performance across
varying scenarios and current profiles, even on unseen data complexities.

• Transfer learning capabilities: The model can be pre-trained on simulated data and fine-tuned
with limited real battery data.

Experimental validation has shown that Dynaformer outperforms competing NN architectures [69]. The
architecture could valuable for aviation as Dynaformer’s ability to handle complex current profilesmakes
it suitable for modeling real-world usage patterns in aircraft systems and its transfer learning can be
used for adaptation to specific battery types with minimal additional data collection.

4.3.6. Monte Carlo Dropout for Uncertainty Estimation
This subsection examines Monte Carlo (MC) Dropout, which provides an approach to approximate
Bayesian inference in neural networks for various applications. This method uses dropout, which is
mostly used as a regularization technique, to estimate prediction uncertainty by simulating the sampling
from a posterior distribution over network weights [70].

Dropout is a technique for preventing overfitting in NN. While applicable to any neural network architec-
ture, several studies in battery degradation have demonstrated its effectiveness in recurrent networks.
Both Xu et al. (2205) [68] as well as Dal Ronco et al. (2024) [67] used dropout in their LSTM architec-
tures to improve generalization as well as Biggio et al. (2024) [69] in the Dynaformer architecture.

The mathematical framework of MC Dropout interprets dropout as a variational approximation to the
posterior in a Bayesian neural network. For a neural network with weights W , input x (such as battery
voltage, current, and temperature measurements), and target y (battery capacity or RUL), the predictive
distribution is approximated by:

p(y|x,D) ≈ 1

T

T∑
t=1

p(y|x,Wt) (4.10)

Where D represents the training data, and Wt denotes the weights with randomly applied dropout
during each of the T forward passes, Figure 4.4 this dropout is illustrated in NN.
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Figure 4.4: Standard Neural Network vs dropout Neural Network [71]

Implementation of MC Dropout for neural network prediction involves:

1. Training a neural network with dropout layers
2. Keeping dropout active during inference (contrary to standard practice)
3. Performing multiple forward passes
4. Computing statistics of the resulting predictions:

• Mean prediction: µ = 1
T

∑T
t=1 ŷt

• Prediction variance: σ2 = 1
T

∑T
t=1(ŷt − µ)2

The variance σ2 serves as an estimate of prediction uncertainty, which can be used to construct confi-
dence intervals. For prediction these intervals typically take the form:

CI95% = µ± 1.96 · σ (4.11)

MC Dropout is compatible with any neural network architecture, but it works naturally with networks
like LSTMs since dropout layers are already often incorporated for regularization purposes. This dual
functionality of dropout for training regularization and uncertainty estimation makes it an all-rounded
approach for BMS.

However, MC Dropout has limitations as well, which include:

• Potential underestimation of uncertainty in regions far from training data [68]
• Sensitivity to dropout rate selection
• Cannot distinguish between aleatoric and epistemic uncertainty
• Challenges in generalizing to domains with significantly different patterns than those in the training
data [68]

4.4. Transfer Learning for Electric Aviation Applications
This section discussed transfer learning that can be used to finetune Battery degradation models. This
is important as models are often trained using data collected from controlled test environments (sec-
tion 4.2) and they do capture all degradation effects specific to certain batteries/applications. As a
result, predictive models trained solely on this ”artificial” data will often underperform in use.

Transfer learning offers a powerful solution to this challenge [72, 73]. It refers to the process, visualized
in Figure 4.5, of reusing models trained for certain tasks for another task with limited data availability.
For aviation, a model can be trained on a conventional battery dataset to learn general degradation be-
haviour. Once new becomes available, the model can be fine-tuned to incorporate application-specific
characteristics.
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Figure 4.5: Visualization of the transfer learning process.

This approach is mostly used for NN architecture. During transfer learning, only the later layers need
to be retrained or updated, which can be done with a small amount of new data.

Ensemble models are also able to have transfer learning, however it is less straightforward due to their
non-parametric structure where they do not have explicit feature hierarchies that can be selectively
retrained. Several approaches have been proposed in literature for this transferability, however they
are not widely used in practice [74, 75].

4.5. Conclusion on Battery Degradation & Ageing
This chapter reviewed the fundamentals of battery ageing, relevant datasets, and the main modelling
approaches used for predicting degradation in electric aviation. Physics-based and circuit models allow
the derivatin of battery degradation without data but they struggle with scalability and accuracy under
real-world applications. This makes data-driven methods more suitable for operational use.

Tree-based ensemble methods offer strong predictive accuracy, robustness, and useful uncertainty
quantification. Neural networks can also reach great predictive strength, but can decrease explainability
and be too advanced for some implementations.

Transfer learning can play an important role in adapting models trained on laboratory collected data
to real world data. Overall, data-driven methods, and in particular ensemble techniques„ appear most
promising for reliable battery health prediction in electric aviation.



5
Airline Planning Operations

This chapter explores electric airline planning. In contrary to traditional airline planning, future electric
aircraft bring new challenges to the table that require updated models and strategies. First the key
planning objectives and time horizons are outlined of airline planning operations, then conventional
and electric aircraft requirements are compared. The Fleet Assignment Model (FAM) is introduced and
how it can be adapted to account for battery health and operational limits. Finally, solution methods
are discussed to solve the updated planning problem efficiently.

5.1. Optimizing Airline Operations: Balancing Sustainability and
Profitability

Aviation operates at the intersection where ambitious climate impact reduction goals must be balanced
with economic competitiveness, as airlines operate with thin profit margins. [76]. In Table 5.1 the
objectives of airline planning optimization are outlined.

Table 5.1: Key Objectives of Airline Planning Optimization

Objective Definition and Application

Cost Minimization Reducing operational costs through efficient resource allo-
cation, including aircraft, crew, fuel, and maintenance re-
sources.

Revenue Maximization Strategically deploying capacity to match demand patterns
and maximize yield.

Resource Utilization Ensuring high utilization rates of expensive assets while
maintaining operational flexibility.

Regulatory Compliance Meeting safety requirements, labor regulations, and envi-
ronmental standards.

Passenger Experience Creating schedules that provide convenient connections
and travel times for passengers and fitting flight service.

Operational Robust-
ness

Building schedules that can withstand disruptions with min-
imal impact on operations.

Environmental Sustain-
ability

Reducing emissions and environmental impact through ef-
ficient operations.

Most research and development in goes to improvements in aircraft or airline technology that only
makes incremental and modest contributions to reducing emissions. Electrifying aviation can make a
much larger difference by more than halfing the climate impact, surpassing the environmental gains

24
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possible through current optimization methods by far [3, 8].

5.2. Strategic Planning Horizons and Future Scenarios
This section gives and outline of strategic planning horizons in airline planning and is based on the
Airline Planning and Optimisation course by Dr.ir. dos Santos [77]. The full picture of Airline Planning
spans decades and the addition of electric aircraft to current fleets would require massive change in
current plans and airlines would need to adapt their strategies to new technologies and regulatory
changes.

In the long term of 10+ years, airlines need to make strategic decision for their fleet composition, infras-
tructure investments, and when and if to adopt electric aircraft. For the Medium-term planning of 1-10
years the focus is on fleet updates, network development, and evaluating the addition of hybrid-electric
aircraft. In the short term of 1 month to 1 year, airlines optimize flight schedules, fleet assignments,
and maintenance.

Many different strategies are possible in the adaptation of electric aircraft in aviation. Airline that decide
to transition parts of their fleet to electric aircraft will need to invest in electric aircraft and infrastructure,
gaining a competitive edge but facing high initial costs. It would also be possible to use a hybrid
strategy where gradually integrating such aircraft for short-haul flights would be possible while relying
on conventional aircraft for longer flights. Followers will wait for the technologies to mature and market
conditions to stabilize. Each approach carries its own planning challenges,

5.3. Evolving Modeling Needs: From Conventional to Electric Air-
line Planning

This section outlines the change of modeling needs of traditional airline planning to the inclusion of
electric airline planning and how certain aspects will need to change to incorporate electric aircraft.
The research of this section is based around the work of Zhou et al. (2020) [78], Lohatepanont et al.
(2009) [79] and Hoogreef et al. (2023) [80].

Table 5.2: From Traditional to Electric: Evolving Requirements in Airline Planning Models

Modeling Area Conventional Aircraft Electric Aircraft

Demand Forecasting Based on historical passenger
flows, pricing elasticity, and season-
ality.

Pricing might differ for electric air-
craft and therefore demand might
differ.

Network and Schedule
Design

Optimizes connectivity, passenger
flow, and aircraft utilization.

Must include charging downtime
and infrastructure constraints, limit-
ing turnarounds and flexibility.

Fleet Assignment and
Routing

Assigns aircraft to flights based on
cost, capacity, and range.

Requires dynamic range tracking as
planning progresses due to battery
degradation and variable energy us-
age per route.

Maintenance and
Crew Scheduling

Includes regular maintenance inter-
vals and legal rest times.

Adds battery health monitoring and
scheduled recharging, which affect
crew and aircraft availability.

Operational Robust-
ness

Uses slack time and recovery strate-
gies to handle disruptions.

Needs additional buffers for charg-
ing delays and more buffers for un-
expected battery degradation in air-
craft

As shown in Table 5.2, numerous changes need to bemade to the operations of airlines. In the following
sections, we focus on adapting the FAM to account for these new constraints. In particular the focus
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on incorporating battery degradation.

5.4. Fleet Assignment Model
The section discusses the Fleet Assignment Model (FAM), an important part of airline operations that
has the goal to assign aircraft types and tails to scheduled flights. Traditionally, the FAM has focused
on factors like aircraft operating costs, available fleet size, turnaround time, and connectivity within the
flight network. For fuel-powered aircraft, these factors are stay fixed over time. However, the integration
of electric aircraft introduces new challenges that significantly alter the operational landscape, mainly
the battery degradation that throughout time that gradually limits the feasible routes aircraft can operate,
making the FAM more dynamic and complex than before. Still, the objective of the model remains
approximately the same: to determine the optimal aircraft-to-flight assignment plan.

5.4.1. Mathematical Formulation of the Basic FAM
Table 5.3 summarizes the key notation of sets, decision variables and parameters used in the FAM
according to the Airline Planning and Optimisation course by Dr.ir. dos Santos (2022-2023) [77] and
Sherali et al. (2005) [81].

Table 5.3: Notation for the Fleet Assignment Model (FAM)

Category Definition

Sets
N Set of airports
F Set of flights
K Set of aircraft types
Gk Set of ground arcs
NG∗ Set of flight and ground arcs intersecting the time cut
O(k, n) Flight arcs originating at node n in fleet k
I(k, n) Flight arcs terminating at node n in fleet k
n+ Ground arcs originating at any node n

n− Ground arcs terminating at any node n

Decision Variables
fk
i Binary variable: 1 if flight arc i is assigned to aircraft type

k, 0 otherwise
yka Integer variable: number of aircraft of type k on ground arc

a

Parameters
di Distance of flight i
s Number of seats per aircraft
rev Revenue per RPK flown (average yield)
qi Traffic demand in flight i
ACk Number of aircraft in the fleet of type k

Rk Range of aircraft type k

ocki Unit operation cost (/ASK) for aircraft type k on flight i

The mathematical formulation of the Fleet Assignment Model is given as follows:
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Minimize
∑
i∈F

∑
k∈K

ocki · sk · di · fk
i +

∑
a∈Gk

∑
k∈K

gcka · yka (OF)

s.t.
∑
k∈K

fk
i = 1, ∀i ∈ F (C1)

ykn+ +
∑

i∈O(k,n)

fk
i − ykn− −

∑
i∈I(k,n)

fk
i = 0, ∀n ∈ Nk, k ∈ K (C2)

∑
a∈NGk

yka + fk
ã ≤ ACk, ∀k ∈ K (C3)

The objective function Equation OF minimizes the total operating cost, which consists of two compo-
nents: the flight assignment cost and the ground arc cost. The first term represents the cost of assigning
aircraft of type k to flight i, considering the operating cost per ASK, the aircraft seating capacity, and
the flight distance. The second term accounts for the cost associated with ground arcs, such as waiting
time or repositioning on the ground.

Equation C1 ensures that each flight is assigned to exactly one aircraft type, enforcing complete cov-
erage of the flight schedule.

Equation C2 enforces aircraft flow balance at each node in the time-space network. This means that
for every aircraft type k, the number of aircraft entering a node through ground arcs or flight arcs must
equal the number of aircraft leaving it.

Equation C3 restricts the total number of aircraft used across the network for each fleet type to the
available fleet size ACk. It ensures that the number of aircraft active on the network (either in the air
or on the ground) does not exceed operational capacity.

The final two constraints define the nature of the decision variables: fk
i is binary, indicating flight as-

signment, while yka is non-negative, representing the number of aircraft on ground arcs.

5.4.2. Additions to the Fleet Assignment Model
This section discusses several extensions to the FAM are necessary or potentially beneficial for the
inclusion of electric aircraft.

Battery Degradation and Charging
Once batteries degrade, the maximum achievable energy capacity of each aircraft decreases and their
range decreases. Reducing the set of feasible flight assignments for each individual aircraft.

In the FAM, battery degradation is tracked at the level of individual aircraft through its SoH that indicates
the aircraft’s maximum charge compared to its undegradedmaximum charge. This approach eliminates
the need to explicitly model remaining range [82]. Aircraft can only be assigned to flights if they have
sufficient charge to complete the flight. Let SoCk

t (a) denote the SoH of aircraft a of type k at time t.
Then:

fk
i,a = 0 if ∆SoCk

i,a > SoCk
t (a) ∀i ∈ F, k ∈ K, a ∈ Ak (5.1)

Here, ∆SoCk
i,a denotes the estimated state-of-charge consumption for flight i by aircraft a of type k.

This value can be calculated using a simplified version of the Breguet equation (see section 6.2) or,
alternatively, approximated linearly based on flight distance as a proportion of the aircraft’s current
maximum achievable range.

Justification for this linear approximation stems from findings in the conceptual design study by de Vries
et al. (2024) [7], which shows that take-off and landing phases contribute minimally to the total energy
consumption of a flight. Hence, a proportional estimate is used:
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∆SoCk
i,a ≈ di

dkmax(a)

Where di is the flight distance and dkmax(a) is the current maximum achievable range of aircraft a of type
k, adjusted for battery degradation.

After flight execution, the SoC is updated to reflect energy usage:

SoCk
t+1(a) = SoCk

t (a)−∆SoCk
i,a (5.2)

Charging operations restore SoC, subject to infrastructure constraints. The SoC after a charging period
is:

SoCk
t+1(a) = SoCk

t (a) + ∆SoC(a) (5.3)

Where∆SoC(a) is the charge gained during a charging cycle, depending on available power, duration,
and charging efficiency. Optimal charging schedules are determined based on aircraft operational
needs, time windows, and charging station availability.

Battery degradation is modeled through a reduction in the aircraft’s maximum usable energy over time,
impacting both flight feasibility and charge restoration rates. The full model can be implemented using
a rolling horizon framework, in which the SoC, location, and availability of each aircraft are updated
iteratively across planning windows. Further details on this approach are provided in section 6.3.

Optional Extensions for Electric Aviation
In addition to battery degradation and charging, the following optional model extensions could be inte-
grated to better reflect electric aircraft operations:

Maintenance Scheduling [77]: Electric aircraft require periodic maintenance, not only for airworthi-
ness but also for battery diagnostics and thermal management system checks for thermal runaway
prevention. Maintenance periods can be scheduled every fixed number of planning periods (e.g., ev-
ery 6 months) or around certain battery SoH during which the aircraft is unavailable. These intervals
can also serve as reset points for battery performance.

Environmental Performance [83]: The model can be extended to include sustainability objectives.
For instance, an environmental cost function can be incorporated, either as a separate objective or as
a penalty term, based on lifecycle emissions of batteries and the emissions generated to produce the
electricity they fly with.

5.5. Solution Approaches for the Electric Airline Planning Problem
This section discusses optimization approaches for the Fleet Assignment Model with the additional
constraints imposed by the electric aircraft. Mixed-Integer Linear Programming and Dynamic Program-
ming are discussed as solution methods, followed by potential heuristic techniques for computational
efficiency.

5.5.1. Mixed-Integer Linear Programming
MILP is a one of the most common optimization approaches used for solving fleet assignment problems.
The objective in the MILP can be to minimize operational costs or maximize revenue with additional
terms for battery powered aircraft such as battery depreciation according to the set of constraints spec-
ified. MILP guarantees that the solution found is optimal, under the assumption that sufficient compu-
tational resources are available. In this formulation the decision variables are flight assignments and
aircraft on ground arcs.

Optimizers such asGurobi [84] are often used to solveMILP formulations of FAM [77]. These solvers uti-
lize branch-and-bound or branch-and-cut algorithms to explore the solution space. For FAM problems
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MILP is often the most appropriate choice. This is because it provides optimal solutions with detailed
constraint sets and with reasonable scalability. However, there is a limit to the problem size that can
reach optimality in an achievable time. When the problem grows, particularly with the introduction of
electric aircraft related constraints like battery degradation, range limitations or new dimensions like
maintenance and charging the computational effort required to solve the MILP problem increases sig-
nificantly. In such cases, applying heuristics could be considered to achieve a solution in a reasonable
timeframe.

5.5.2. Dynamic Programming
Dynamic Programming provides a powerful alternative to MILP. As it can integrate the solving of multi-
stage decision problems with a time-dependent structure [85, 86]. For this research this could be used
for integration of battery degradation with evolving parameters as the simulation progresses .

DP is well suited for problems where the system evolves over discrete time steps and the state of
each component must be tracked explicitly, which could be the battery SoH. This is similar to rolling
horizon frameworks, where each stage represents a specific planning window, where decisions are
made based on the current state of the system in that window. DP’s recursive structure allows for
the efficient construction of solutions that account for sequential dependencies. However, the primary
limitation of DP is the dimensionality, as the state and action spaces grow exponentially with problem
complexity and therefore often additional methods are necessary to mitigate this issue for large-scale
problems.

5.5.3. Heuristic and Approximate Solution Methods
This subsection discusses approaches that can be used once MILP and DP formulations become too
computationally intensive. These heuristic and approximate methods offer a scalable alternative and
they build on the structure of MILP or DP but trade off exact optimality for faster runtimes. The following
subsections highlight key methods from both families.

MILP-Based Heuristics
MILP-based heuristics are grounded in the linear formulation of the Fleet Assignment Model but use
tailored strategies to reduce problem complexity or solution time.

Column Generation [87] is an approach that tackles large MILP problems by separating it into multiple
parts. The master problem and subproblem. Instead of directly optimizing with the whole variable set,
it iteratively introduces only the most promising variables (columns) into the model. This is particularly
useful when dealing with many aircraft types, itineraries or routing options and is commonly used in
airline operations.

Genetic Algorithms [77] work by simulating natural selection by evolving a population of solutions over
time. Each generation in the optimization applies operations such as selection, crossover, and mutation
to gradually improve solution quality. However, Genetic algorithms do not guarantee optimality, but they
can produce high-quality solutions within limited time.

Simulated Annealing [88] is a solution meta-heuristic that applies a probabilistic search, where at each
iteration the algorithm proposes a small modification to the current solution. When the solution improves
the objective it is accepted and when it could still be used to escape local optimization minima/maxima.

Dynamic Programming and Approximate Methods
DP problems can also use heuristics when they suffer from the curse of dimensionality. Approximate
approaches discussed in Wang et al.(2024) [89] can address this:

Deterministic Dynamic Programming (DDP) breaks down the problem into multiple stages, where
it recursively solves the optimal doecision by applying Bellman’s principle of optimality. It is exact but
only feasible for small state and action spaces.

Approximate Dynamic Programming (ADP) uses function approximators or lookup tables to estimate
value functions instead of computing them exactly to save computational necessities.
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5.6. Conclusion on Electric Airline Planning Operations
The addition of electric aircraft to airline planning operations introduces new challenges that require
extensions or adaptations to traditional models. The FAM must especially be modified to incorporate
time-dependent performance to remain realistic with evolving aircraft states. New constraints and for-
mulations need to be applied to capture the nature of electric aircraft.

MILP is the preferred method for solving such optimization problems due to its ability to handle complex
constraints and guarantee optimality. DP also offers its benefits, mostly in the modelling of the sequen-
tial nature of the battery degradation effects. This offers a highly interesting potential research direction
to model battery degradation using both frameworks and compare results across approaches.



6
Integration of Disciplines

This chapter presents the integration of battery degradation modeling into electric airline planning. The
chapter begins by introducing the technical and operational characteristics of the Elysian E9X electric
aircraft, followed by the use of battery degradation forecasts to calculate range decrease using a mod-
ified version of the Breguet equation. It then outlines a rolling horizon methodology for the continuous
operation modelling. Finally, the chapter introduces two potential case studies.

6.1. Aircraft Model: Elysian Electric Aircraft
The aircraft to be modelled in the research is currently under development by Elysian Aircraft [1], with
whom the research is done in collaboration. Using the extensive research on electric aviation and
electric aircraft design for the E9X Aircract in the Wolleswinkel et al. (2024) [6] and de Vries et al.
(2024) [7] a framework for the important design parameters and assumptions are given for the model
and summarized in Table 6.1.

Table 6.1: Elysian Aircraft Technical Parameters

Parameter Description

Energy Specifications Battery cell energy densities: 300 Wh/kg (conservative), 450 Wh/kg
(baseline), 550 Wh/kg (future-oriented). Initial assumptions: 90%
max depth of discharge (DoD), 90% end-of-life (EoL) capacity. Pa-
rameters to be varied in subsequent sensitivity analyses.

Operational Parameters Standard commercial runway length (2000 m), cruise Mach number
(0.6), cruise altitude (>7000 m), aligned with typical narrow-body op-
erations.

Reserve Energy System Hybrid (fuel-based reserve) scenario primarily adopted due to prac-
tical operational advantages (reduced battery mass, enhanced flexi-
bility, minor emissions only during emergency usage).

Aerodynamics and Propul-
sion

Lift-to-drag ratio (L/D): 23, propeller efficiency: 0.87.

Mass Distribution Operating empty mass: approximately 42%, Battery mass: approxi-
mately 46%, Payload fraction: 12%

Elysian currently is considering three battery energy density scenarios that may occur to evaluate po-
tential aircraft ranges. Each of these three scenarios impacts the operational ability of the aircraft.
The conservative scenario represents current battery technology, and the baseline and future-oriented
scenarios reflect anticipated advancements. Table 6.2 highlights the impact of these scenarios.
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Table 6.2: Battery Cell Energy Density Scenarios and Corresponding Aircraft Range

Scenario Cell Energy Density (Wh/kg) Useful Range (km)

Conservative 300 500
Baseline (1st Gen) 450 800
Future (2nd Gen) 550 1000

The Aircraft also has a Fuel-based reserve system to support the electric propulsion. This approach
is designed to meet regulatory safety requirements, without excessive range ”cannibalization” due to
additional reserve battery requirements that would increase aircraft weight significantly. For modeling
the hybrid approach will be relevant, however it remains an option to test and do a sensitivity analysis
with the battery reserve system possibility.

The E9X will operate at Mach 0.6 for high aero-propulsive efficiency to maximize range. Elysian has
taken battery degradation into account in their calculations. They discuss optimized DoD strategies
and with their battery performance they expect to achieve around 1500 cycles before reaching 90%
SoH. With these flights the expected percentage of flights with flights crossing the 70% DoD is 30%.
They do not explicitly account for the effects of the discharge rates that would be necessary at different
cruise conditions, making it difficult to model degradation impacts for certain cruise speeds. Thus, the
focus could rely more on spreading DoD planning for improved battery health and potentially adding
constraints to the MILP problem for this if the results deem it necessary.

6.2. Breguet Equation for Electric Aircraft Range Calculation
This section discusses the calculation of the initial range of the electric aircraft and after the aircraft
battery is degraded. A modified version of the Breguet equation discussed inWolleswinkel et al. (2024)
[6] can be used to predict aircraft range. The original Breguet equation is designed for fuel-based
propulsion systems and can be adjusted to account for electric-specific parameters. With the provided
framework, this research uses a modified form of the Electric Breguet Range equation.

The maximum achievable still-air cruise range of a battery-electric aircraft is described by the following
equation:

Rmax = ηelecηp
ebat
g

(
L

D

)
max

(
EM

MTOM

)
(6.1)

where ηelec and ηp represent the electric powertrain efficiency and propeller efficiency, respectively. The
term ebat denotes the usable battery energy density (in Wh/kg), adjusted to account for degradation as
expressed through battery State-of-Health (SoH), g is the gravitational constant, and (L/D)max is the
aircraft’s maximum lift-to-drag ratio. Crucially, the EM/MTOM term—the ratio of the energy mass
to maximum take-off mass—is dependent upon the available energy stored in the battery, and thus
directly impacted by battery degradation. This degradation will be taken into account by multiplying the
Battery SoH (percentage battery capacity left) predictions with the initial battery capacity.

6.3. Rolling Horizon Methodology
This section discusses the rolling horizon methodology, that can be used to dynamically account for
battery degradation in operational planning. This enables the adjustment of parameters throughout
the MILP optimization [90, 91]. Using this methodology periodic re-optimization of fleet assignment
can be done and maintenance actions can be planned based on updated battery health information
and performance constraints derived from the electric Breguet equation. This process is visualized in
Figure 6.1 and consists of the following steps:

1. Prediction Horizon: At each stage t, the system evaluates a prediction horizon composed of a
control period and a look-ahead period. Within this horizon, battery degradation forecasts are gen-
erated using recent flight data, such as DoD and Battery age. These predictions inform potential
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future constraints on aircraft performance via the electric Breguet equation.
2. Control Period: This is the immediate timeframe over which the optimized fleet assignment and

maintenance actions are actually realized. Fleet routing is adapted accordingly, with optimization
ensuring that range feasibility is preserved.

3. Look-ahead Period: Beyond the control period, a longer-term plan is established to anticipate
degradation trends and schedule future battery interventions. The MILP model incorporates ex-
pected capacity decline and recalculates projected range using the Breguet-based performance
model to avoid infeasible missions in future stages.

4. Stage Advancement and Iteration: At the end of each control period, actual operational and
maintenance data are collected. This data updates the degradation models and inform the sub-
sequent prediction horizon in stage t+1, maintaining an ongoing feedback loop for ageing-aware
fleet management.

Figure 6.1: Visualization of the Rolling Horizon Methodology [92]

6.4. Simulation and Case Studies
To validate the research on integration of battery degradation forecasts with operational planning, case
studies will be conducted to demonstrate the viability of the impacts of battery degradation in electric
aviation operations. The first case study is a modified version of an assignment of theAirline Planning
and Optimisation course by Dr.ir. dos Santos [77], where regional flight network is setup throughout
Italy. The scale of this problem perfectly matches the scale for the first generations of electric aviation,
posing a great initial testing environment of the model. The second case study will be a more complex
problem, where real flight data will be scraped from the Flightradar24 website [93] according to the
necessities of the outcome of the first case study. The focus will be on answering and analyzing the
research questions and Key Performance Indicators discussed in section 7.2.

6.5. Conclusion on Integration of Disciplines
This chapter demonstrated how battery degradation modeling can be effectively integrated into air-
line planning to create a more realistic framework for electric aviation. Starting from the technical
assumptions of the Elysian E9X aircraft, the chapter connected cell-level battery health forecasts with
mission-level range limitations using a modified Electric Breguet equation.

To translate these insights into actionable fleet management strategies, a rolling horizon methodology
was proposed. This allows battery degradation to be updated throughout iterative optimization. The
final case studies bridge theory and practice, enabling evaluation in both simplified and real-world
scenarios.

In conclusion, this chapter provides the missing link between predictive battery modeling and airline
operations—enabling ageing-aware electric fleet planning that is not only efficient and scalable, but
grounded in the physical realities of battery performance over time.
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Research Proposal

This chapter outlines the research proposal that guides the remainder of the research. It begins by
identifying the research gap based on the preceding literature study, after which the central research
question is formulated along with several sub-questions and a final research objective. The proposed
work aims to integrate battery degradation modeling with uncertainty quantification into a rolling horizon
fleet assignment framework for battery-electric aircraft. The outcomes of this research are expected to
provide a foundational methodology for battery degradation-aware electric fleet planning, supporting
future developments in sustainable and efficient airline operations.

7.1. Research Gap Analysis
A wide range of literature was examined to identify the current state of research on battery-electric
aviation. While many studies address either battery degradation or airline operations, few attempt to
combine these domains—particularly in the context of electric passenger aircraft. As summarized in
Table ??, each of the most relevant studies contributes to specific areas, but none jointly capture the
dynamic interaction between battery ageing and operational decision-making at the fleet level.

Coverage of Key Topics Across Literature and the Research. Symbols indicate: 3 = addressed, – = mentioned or partially
adressed, no mark = not adressed.

Electric
Aviation

Battery
Degradation

Uncertainty
in

Degradation

Operational
Airline
Modelling

Range
Estimation

van Oosterom et al. (2023) [10] 3 – 3

Paek et al. (2019) [44] 3 3 –
He et al. (2022) [48] 3 3

Hoogreef et al. (2023) [80] 3 3 3

Chan et al. (2025) [94] 3 3

Wolleswinkel et al. (2024) [6]
& de Vries et al. (2024) [7] 3 – – 3

This Research 3 3 3 3 3

The papers by Wolleswinkel et al. (2024) [6] and de Vries et al. (2024) [7], authored by members
of Elysian—who are also collaborators in this research—lay the foundation for the technical feasibil-
ity and conceptual design of large battery-electric aircraft. Their work highlights several design and
performance challenges but does not address these predictive operational models that account for
battery degradation over time in detail. To date, no research integrates both degradation modeling

34



7.2. Research Proposal 35

and operational planning in a manner that systematically propagates battery degradation effects into
aircraft performance metrics, such as range, within fleet optimization or scheduling frameworks. While
recent advances validate the technical feasibility of large battery-electric passenger aircraft, a critical
gap remains in modeling how battery degradation with its uncertainty quantification impacts aircraft
performance and fleet-level operational decisions. Addressing this gap is essential to unlock the full
environmental and economic potential of electric aviation.

7.2. Research Proposal
Taking the complete Literature Study into consideration, the overarching research question is:

”How can battery degradation and ageing be systematically incorporated into an elec-
tric fleet assignment model to optimize realistic operational and economic perfor-
mance over time?”

This study aims to develop a fleet assignment framework for battery-electric aircraft that explicitly ac-
counts for battery degradation and ageing processes over time. The resulting model will support strate-
gic and operational decision-making regarding aircraft deployment, battery replacement, and long-term
performance forecasting. A rolling horizon methodology will be employed to adjust fleet assignments
based on the evolving battery health of the aircraft, thereby enabling ageing-aware optimization of
future electric airline operations.

To address this research question, the following research (sub-)questions are proposed:

1. How can battery degradation be modeled to accurately estimate electric aircraft perfor-
mance and range over time?
Metrics: State of Health (SoH), Achievable Range

2. What are the main cost drivers of battery systems in electric aircraft, and how do different
replacement strategies impact their lifecycle cost per flight hour?
Metrics: Lifecycle Cost per Flight Hour (LCC/FH)

3. What are optimal battery replacement thresholds based on aircraft mission profiles and
economic trade-offs?
Metrics: End-of-Life (EoL) Threshold

4. How can predictive models of battery degradation, including uncertainty quantification, be
optimally integrated into a rolling horizon fleet assignment framework?
Metrics: Computational Performance, Optimal Prediction Horizon, Planning Outcomes

5. What is the impact of ageing-aware electric fleet assignment on airline-level performance
metrics CASK and RASK?
Metrics: Revenue per Available Seat Kilometer (RASK), Cost per Available Seat Kilometer (CASK)

6. How do utilization strategies affect battery longevity and long-term fleet economics in elec-
tric operations?
Metrics: Battery Cycle Life, % of Flights with >70% DoD, Long-Term Cost Efficiency

Together, these questions span the data-driven modelling of battery degradation, its integration into op-
erational optimization, and the evaluation of system-level and economic impacts. The scope is aligned
with the context of electric regional aircraft operations, with specific reference to the 90-passenger
concept developed by Elysian Aircraft.

7.3. Research Objective
On the basis of the identified research gap and literature study, the objective of this thesis is:

”To develop a rolling horizon fleet assignment model for battery-electric aircraft that
integrates battery degradation and ageing. The model aims to support optimal and
realistic operational planning and battery replacement strategies, with a focus on
maintaining aircraft performance and maximizing long-term profits.”
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Research Planning

This chapter outlines the structured planning and timeline for the research presented in chapter 7 It
includes key dates for the research process.

Table 8.1: Research Planning Timeline

Calendar Weeks & Key Dates Phase Title Description

CW 7–15
Start: 11 Feb 2025

Literature Review & Re-
search Proposal

Conduct a comprehensive review of electric aviation, battery
ageing, and fleet modeling. Formulate the research gap, ob-
jectives, and approach.

CW 16–21 Methodology Development Design and implement the core model: battery degradation
prediction with uncertainty quantification, electric range esti-
mation using the Breguet equation, MILP-based fleet assign-
ment, and rolling horizon integration.

CW 22–23 Module Testing & Verification Test and validate each model component.

CW 24–26 First Case Study Apply the completemodel to the fictional Italian regional airline
scenario. Simulate scheduling, assess model, operational
feasibility and gain insights for improvements.

CW 27–29
Midterm: 14–20 Jul 2025

Iterative Refinement & Pre-
pare for Midterm Meeting &
Report Writing

Enhance model performance and robustness based on the
first case study. Improve degradation accuracy, potentially
build another prediction model and refine optimization results.
Spend time on report writing

CW 30–35 Research Break

CW 36–38 Iterative Refinement & Re-
port Writing

Resume work by further improving core modules and aligning
development with research question needs. Continue writing.

CW 39–42 Second Case Study Setup
and Testing

Prepare a real-world dataset from Flightradar and test the
model on the the dataset to gain insights.

CW 43–45 Model Evaluation and Im-
provement & Sensitivity
Study

Assess model outcomes on real data. Run scenario testing
and quantify sensitivities to input parameters.

CW 47–49
Green Light: 1–7 Dec 2025

Final Integration & Improve-
ments & Continue Writing

Final model adjustments and prepare data and results for re-
porting. Prepare for Green Light presentation.

CW 50–52 Final Presentation Prepara-
tion & Final Reporting Adjust-
ments

Final minor technical reporting adjustments and final presen-
tation preparation.

CW 1–2
Finalisation: 5–11 Jan 2026

Thesis Defense Thesis Defense and ensuring all documents are submitted.
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Conclusions

This thesis proposal addresses a key research gap at the intersection of battery degradation modeling
and operational fleet planning for electric aviation. As the aviation sector moves toward decarbonization,
electric aircraft are gaining attention as a viable solution for short- to medium-range operations. Yet,
despite progress in conceptual design and feasibility studies, there is limited understanding of how
battery degradation and ageing dynamically influence aircraft range, fleet scheduling, and long-term
economic performance in airline operations.

A comprehensive literature review revealed that while battery capacity degradation and electric aircraft
conceptual design are active areas of research, most studies remain confined to their isolated technical
domains. There is limited integration of battery health modeling with fleet-level optimization frameworks.
Furthermore, recent degradation studies increasingly leverage data-driven methods for accurate pre-
diction and uncertainty quantification of battery health. However, these have yet to be systematically
connected to operational planning problems in electric aviation.

Recent studies, such as Wolleswinkel et al. (2024) [6] and de Vries et al. (2024) [7], have challenged
long-standing assumptions about the limitations of battery-electric aircraft, demonstrating that larger
passenger capacities and longer ranges may be feasible than previously thought. However, these
works focus primarily on aircraft-level performance and design parameters, and do not address how
battery degradation propagates through time into operational decision-making frameworks.

This research aims to fill that gap by developing a rolling horizon electric fleet assignment model that
incorporates data-driven battery health forecasts, uncertainty quantification, andmission-specific range
estimation. The proposed framework will support operational decisions by realistically simulating how
battery degradation affects fleet performance, airline strategies, and costs.

To evaluate the proposed framework, the research will apply it to two case studies: one fictional and
one based on real-world flight data. These studies will assess how degradation and ageing-aware fleet
assignment affects aircraft utilization, battery replacement strategies, and airline-level performance
metrics under realistic conditions. The resulting methodology aims to support strategic decision-making
for electric fleet operations and contribute to the broader transition toward sustainable aviation.
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