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The decarbonization of short-haul air transport has gained increasing attention,
with electric aircraft emerging as a promising alternative to conventional short-haul
aviation. However, given the substantial investment anticipated for the necessary
infrastructure, a strategic and globally coordinated selection of airports is imper-
ative. The aim of this paper is to address this problem and determine the best
possible selection of airports within a given network. To this end, we develop a two-
stage mixed-integer optimization model that incorporates airline decision-making in
response to infrastructure deployment. The first stage determines which airports
to electrify under budget and technical constraints, while the second stage models
airline routing choices based on cost-minimization. The problem is reduced to a
single-stage mixed-integer programming framework and solved using a cutting-plane
procedure together with a column generation approach. We tested our algorithm in
two infrastructure expansion scenarios in Germany. For each scenario, we consider
the results for electric aircraft with ranges of 300 km and 1480 km. The results in-
dicate that the differences in emission savings between the two range scenarios are
marginal. Simultaneously, the optimal solutions demonstrate robustness to fluctua-
tions in kerosene and electricity prices. Additionally, based on the given assumptions
and parameters, using routes that are partly operated by electric and conventional
aircraft does not appear to be economically viable for short-haul air traffic from an
airline’s perspective.

1. Introduction
Aviation is a key enabler of global connectivity, facilitating the movement of people and goods
over long distances. It plays a vital role in international trade, tourism and global collaboration.
Concurrently, the industry is also a major contributor to climate change: Aviation is responsible
for around 2.5% European Union Aviation Safety Agency [11] of global carbon dioxide (CO2)
emissions, while within the European Union (EU) the share is roughly 3.8% to 4% [4]. CO2,
produced by the combustion of aviation fuel, is a major greenhouse gas that contributes to global
warming [22]. In addition, jet fuel combustion at high altitudes produces water vapor, which
forms condensation trails that contribute to cloud formation. These clouds trap heat by reflecting
solar radiation back to the Earth’s surface, further increasing the warming effect [32].
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Therefore, reducing the environmental impact of the air transportation sector represents a
significant contemporary challenge. In response, the Advisory Council for Aeronautics Research
in Europe (ACARE) launched Flightpath 2050 in 2011 [10]. This initiative aims to reduce CO2
emissions from European aviation by 75% compared to year-2000 levels by 2050. As achieving
this target depends on advances in technology, sustainable fuels, and operational improvements,
recent years have seen substantial research efforts aimed at enabling a more sustainable air
transport system. A significant part of this is dedicated to research in the field of electric
aviation. Electric aircraft offer several advantages: In addition to lower operating costs [2] and
significantly quieter operation [31], their most crucial advantage in terms of sustainability is the
absence of direct CO2 emissions during operation [2]. However, their main limitations lie in their
restricted range and seating capacity, which currently constrain their applicability to short-haul
routes, which refers to flights with a distance of less than 1500 km [40]. Nevertheless, in the near
future—at least for short-haul flights—electric aircraft could become a viable option offering a
more sustainable alternative to traditional aviation [1].

One of the most notable electric aircraft is the Eviation Alice, developed by the company
Eviation. Its range is approximately 460 km, depending on the configuration specifics of the
aircraft such as seating capacity and fully electric versus hybrid propulsion [12]. Another notable
example is the ES-30, developed by the company Heart Aerospace with an expected operation
range of 200 km to 800 km [16].

A key indicator for the rising popularity of electric aircraft is the growing interest from airlines.
Several companies, including UrbainLink Air Mobility and Mesa Airlines, have announced their
plans to add these aircraft to their fleets [28, 38]. In addition, Norway recently became the first
country to declare the goal of making all short-haul flights purely electric, beginning in 2040 [8].

However, the successful future integration of electric aircraft requires overcoming several chal-
lenges. In addition to the mentioned technological limits, there are also considerable planning-
related issues that must be resolved: At the airport level, infrastructure will need to be reor-
ganized and expanded to meet the growing demand for electricity [33]. Meanwhile, on a global
scale, it is important to determine where electric aircraft should be deployed and how to design
an efficient charging network to support their integration. This requires significant investment
in infrastructure.

Thus, the problem we focus on is to make the best use of a given budget to develop the infras-
tructure at various airports, enabling the use of electric aircraft so that the resulting emissions
are minimized. Due to their limited range and seat capacity, electric aircraft are better suited
for direct short-haul connections than traditional hub-and-spoke networks [5]. A shift towards
decentralized route structures is therefore essential to fully realize their operational and envi-
ronmental benefits. Hence, instead of predefined flight legs that must be served, we consider
passenger demand for each airport pair, i.e., so-called origin-destination demand, representing
the number of passengers to be transported between two respective locations. This allows any
route within the network to be selected, thereby facilitating the optimal use of electric aircraft.

In the process, it is crucial to account for the fact that airlines independently decide which
routes to offer and how to utilize any infrastructure expansions–their objective is to minimize
their own operating costs.

This leads to a two-stage formulation: in the first stage, the leader determines infrastructure
expansion to minimize emissions; in the second stage, the follower selects the most cost-efficient
routes based on the given infrastructure, which is modeled as a multi-commodity flow problem.
Within the bilevel optimization problem, the multi-commodity flows are modeled using a path-
based formulation. To efficiently handle the exponential number of path variables, we employ
a column generation approach [6]. Moreover, we introduce a set of cutting planes in order to
reformulate the problem as a single-stage mixed-integer program. For the resulting solution
approach, special attention has to be given to correctly combining the column with the cut
generation. The source code and data is available at [18].

Overall, the present paper makes the following contributions:
(i) We propose a two-stage optimization model designed to support the selection of airports for
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expansion of the infrastructure to accommodate electric aircraft. The first stage captures
the strategic decisions on airport infrastructure investment for electric aircraft operations by
framing airport selection as a facility location problem. The second stage approximates the
operational decisions of airlines regarding cost-efficient routing in the network established
by the first-stage decisions, incorporating origin-destination demand between airport pairs
by means of a multi-commodity flow formulation.

(ii) We develop a tailored solution methodology designed to efficiently address representative
instances of the proposed bilevel optimization model, combining advanced decomposition
techniques with problem-specific enhancements.

(iii) We demonstrate the benefits and practical insights of the proposed modeling approach
using a case study inspired by real-world data focused on short-haul air traffic in Germany.
In this context, we illustrate how the model can support decision-making by evaluating the
impact of different budget levels for infrastructure expansion.

The remainder of the paper is structured as follows: After discussing relevant prior works in
Section 2, we present the formulation of the proposed optimization model along with the cor-
responding solution methodology in Section 3. Section 4 reports the results of computational
experiments and the application of the model to a real-world case study, respectively. Finally,
Section 5 concludes the paper by summarizing key findings and outlining directions for future
research.

2. Related Work
Studies have demonstrated that transitioning to electric aviation holds considerable potential for
contributing to the achievement of the aforementioned emission targets [15, 42]. Much of the
literature published to date—most within the last few years—deals with the technological aspects
of electric aircraft in the fields of aircraft design and propulsion systems. This includes research
on propulsion architectures, energy storage solutions, aerodynamics and power management. A
comprehensive overview is provided by Madonna et al. [24].

Different challenges arise at the level of operational and infrastructure planning, respectively.
These include the planning and development of infrastructure at a single airport as well as the
design of a global charging network. Justin et al. [19] address peak power consumption and
electricity costs by optimizing charging schedules based on an existing flight plan. In a first step,
they determine the permissible combinations of charging stations and quantities of exchangeable
batteries required to execute the flight plan. These configurations are then utilized to optimize
the charging schedule under two distinct strategies, one aiming to enhance energy efficiency
and the other to reduce operational costs. The approach by van Oosterom and Mitici [37]
develops a recourse model to optimize the charging infrastructure for a given airport network,
also utilizing a battery swapping system. Their model aims to minimize infrastructure acquisition
costs (charging capacity and batteries) as well as operating costs (electricity expenses and flight
delays due to battery charging). The model is tested on a flight network consisting of 7 hubs and
36 airports in Norway, using a given flight schedule and the existing configuration of the Eviation
Alice electric aircraft. The work of Trainelli et al. [36] pursues a similar research direction,
introducing the ARES optimization model, which determines for a given flight schedule the
optimal sizing of future infrastructure to support electric aircraft operations by minimizing the
combined total cost of, in particular, electricity consumption, battery acquisition, and charging
equipment.

In further work on infrastructure planning, Kinene et al. [20] focus on the global planning of in-
frastructure development. They introduce the Electric Aircraft Charging Network for Regional
Routes (EACN-REG) framework and formulate a one-stage optimization model as a location
problem that seeks to maximize regional connectivity while minimizing the number of charging
stations in the network. Rather than designing the network to meet specific passenger demand,
their approach focuses on identifying origin-destination pairs that are technically servicable with
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respect to aircraft range and charging constraints in order to cover the maximum possible pop-
ulation by the resulting network.

At the modeling level, our problem consists of a facility location problem and a multi-commodity
flow problem. Individually, both are well-known and extensively considered problems. Introduc-
tions can be found in Owen and Daskin [27] and Salimifard and Bigharaz [30], respectively.

The joint consideration of facility location and flow optimization frequently arises in trans-
portation network design, and our problem therefore bears similarities to several variants dis-
cussed in the literature. As early as 1984, Magnanti and Wong [25] introduced a foundational
modeling framework, widely recognized as the uncapacitated fixed-charge network design prob-
lem, to which various applications in this area can be traced back. It consists of a discrete
choice variable and a part that models the flow decisions. This type of problem often occurs
as a bilevel problem, where the upper-level represents the network design decisions made by
planners or policymakers responsible for expanding and improving transportation infrastructure,
and the lower-level captures traveler behavior, specifically travelers’ decisions regarding whether
to travel and their choices of mode and route. For example, Liu and Chen [23] deal with the
Mixed Transportation Network Design Problem. In their formulation, the upper level seeks to
optimize overall network performance by deciding on both the expansion of existing links and
the addition of new candidate links, while the lower level models how travelers distribute across
the network based on predicted travel times.

To address the computational challenges of mixed-integer bilevel programs (MIBLPs), several
exact solution techniques have been developed in the literature. One common approach is single-
level reformulation, where the bilevel structure is converted into a single-level problem using
the Karush-Kuhn-Tucker conditions or strong duality. For instance, Zeng and An [41] propose
a reformulation-based method combined with decomposition to solve MIBLPs. Another widely
used strategy is branch-and-bound or branch-and-cut, which systematically explores the solution
space while integrating valid inequalities to tighten the formulation. This is exemplified in [34],
where the authors implement the branch-and-cut solver MibS capable of solving closed-form
mixed integer bilevel problems with discrete decisions at both levels .

A comprehensive overview of those problems, specifically in the context of urban transport
network design, is provided by Farahani et al. [13], who present different problem variants and
methodological approaches found in the literature. For general bilevel problems [21] provides a
useful overview.

3. Optimization Model and Solution Approach
We consider an undirected multigraph G = (V,E). Let V represent the airports, and E the
connections between them, differentiated by aircraft type. Let F = {1, . . . , F} be the set of
different aircraft types. We denote by Ee the set of edges that are associated with electric
aircraft. In the following, we refer to the edges Ee as electric edges, and to the edges E \ Ee

as conventional edges. For each pair of nodes (v, w) with i, j ∈ V, i ̸= j, let an undirected
origin-destination (OD) passenger demand dvw be given.

For each f ∈ F , we know the range rf (in km) and seat capacity sf . Furthermore, for
each flight with an aircraft of type f between nodes v and w, we are given the cost cfvw and
CO2-emissions efvw, which are fixed based on a fully occupied plane. We model the passenger
demand between each node pair (v, w) as an individual commodity, resulting in an overall multi-
commodity flow formulation. To that end, we let Pvw denote the set of all feasible paths between
v and w in G, for each node pair (v, w). Thus, a path indicates the selected route and also the
selected aircraft type. Moreover, P denotes the set of all feasible paths between all node pairs.
Hence, we employ variables xp ∈ [0, 1] that denote the percentage of demand dvw being routed
along a path p ∈ Pvw, and we let êp and ĉp denote the emissions produced and costs incurred,
respectively, if the entire demand dvw is transported via path p.

Finally, we have variables zv ∈ {0, 1} for all v ∈ V to decide whether or not airport v should
be enabled for electric flights, i.e., respective infrastructure investments should be made. The
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total investment is limited by a budget parameter B, which must not be exceeded.
Now, our overall model—also referred to as the leader problem—can be stated as follows:

min
∑
p∈P

êp · xp (1)

s.t.
∑

p∈Pvw

xp = 1 ∀v, w ∈ V : v ̸= w (2)

∑
p∈P :

Ee∩δ(v)∩p ̸=∅

xp ≤ M · zv ∀v ∈ V (3)

∑
v∈V

cv · zv ≤ B (4)∑
p∈P

ĉp · xp = APSP(z) (5)

xp ∈ [0, 1] ∀p ∈ P (6)
zv ∈ {0, 1} ∀v ∈ V (7)

The objective function (1) minimizes the total emissions over all paths. Constraint (2) en-
sures that the total demand for each commodity is fulfilled. For sufficiently large M (cf. (13)),
constraint (3) ensures that electric aircraft only operate at airports with the necessary infras-
tructure. Constraint (4) sets an upper bound on the investment budget for global infrastructure
development.

The leader problem is a combination of two well-known optimization problems: Firstly, the
model includes a facility location component that determines which airports to electrify; these
decisions identify the edges on which electric aircraft can operate. Secondly, a multi-commodity
flow formulation is used to determine how aircraft are routed through the network. In fact,
constraint (5) ensures that only solutions in which the path variables are also optimal in terms
of operating costs are allowed. We will refer to the version of the problem with continuous
z-variables as the relaxed leader problem.

The operating costs in the lower level, which in our case correspond to an all-pairs shortest
path problem, will be referred to as the follower problem. We use the following edge-based
formulation:

APSP(z) := min
∑

v,w∈V

dvw ·
∑

{i,j}∈E

cij · fvw
ij

s.t.
∑
j∈V

fvw
ij − fvw

ji =


1, i = v

0, i /∈ {v, w}
−1, i = w

∀v, w ∈ V

∑
v,w∈V

fvw
ij ≤ zi · zj , ∀{i, j} ∈ Ee (8)

fvw
ij ≥ 0

Here, constraint (8) ensures that electric aircraft can only be used on edges if the incident airports
have been expanded with the necessary infrastructure as indicated by the given solution values
of the (upper-level) z-variables. We note that since no capacity constraints are imposed on nodes
or edges, the APSP formulation suffices for our purposes, as the overall cost-optimal solution
can be assembled from the individual shortest paths of each commodity pair.
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3.1. Solution Approach
We propose a column generation framework (cf. (14)) customized to our problem setting. Start-
ing from a subset of all possible routes, the framework dynamically adds only the path variables xp

that are needed during the solution process, allowing efficient handling of the otherwise expo-
nential route space. In order to address the inherent bilevel structure of our model, a set of
constraints is developed that transform the problem into a single-level mixed-integer program
(MIP). A central challenge in this approach is to ensure that these constraints are compatible
with the column generation framework, allowing a correct integration into the overall solution
method. We define the graph resulting from a given electrification selection as

Gz := (V,Ez), where Ez := E \
{
{v, w} ∈ Ee : zv · zw = 0

}
;

thus, G0 = (V,E \ Ee) corresponds to the graph without any edges associated with electric
aircraft. The set of all v-w-paths in Gz is denoted by Pvw(Gz). Since the solution of the leader
problem has to be cost-optimal due to constraint (5) on the one hand, but has no restrictions on
the capacity of the aircraft types on the other hand, there are only two relevant aircraft types
for each edge. One is the cost-optimal conventional aircraft, and the other is the cost-optimal
electric aircraft (if admissible). These may vary from one edge to the next. Thus, we may and
do assume that the graph Gz is simplified accordingly, and that consequently, there are at most
two edges between each pair of nodes.

With this in mind and given the fact that whenever an electric aircraft can fly some route,
there is always at least one conventional aircraft capable of flying this route as well, we can define
the following: For each pair of nodes v and w connected by both an electric ee and conventional
edge ec, we define the cost benefit that the electric edge provides with crvw = max {cec − cee , 0}.
If no electric edge exists between v and w the cost benefit is defined as zero. In addition, for
every path p ∈ G, we can define a corresponding path p′ ∈ G0 that visits the same nodes but
only uses conventional edges. Using these definitions, we can address the all-pairs shortest path
constraint and the resulting bilevel formulation by introducing a suitable set of constraints. Since
our approach relies on a column generation framework and solves the pricing problem through
dynamic programming, any constraints that we introduce must be compatible with the dynamic
programming procedure.

We introduce the following set of constraints that replace constraint (5) by eliminating paths
whose costs exceed that of optimal paths under a given electrification scenario:∑

p∈Pvw

ĉp · xp ≤ ĉp′ − dvw
∑

{i,j}∈p′

crij · ωe
ij∀v, w ∈ V : v ̸= w,∀ p′ ∈ Pvw(G0), (9)

where the auxiliary variables w are defined as

ωe
vw = zv · zw ∀v, w ∈ V, v ̸= w. (10)

Using the McCormick inequalities [26], we get the exact linearization

ωe
vw = zv · zw ⇔ 0 ≤ ωe

vw ≤ zw,

zw + zv − 1 ≤ ωe
vw ≤ zv. (11)

Note that the constraints (9) essentially correspond to an optimal-value reformulation (cf. [21])
of the bilevel follower constraint (5). Consequently, replacing (5) by (9) (and including (11)) in
the original formulation yields an equivalent model. For the sake of completeness, we formalize
this result and provide a short proof:

Proposition 3.1. Let v, w ∈ V, v ̸= w, z ∈ {0, 1}n, and p ∈ Pvw(Gz). Then, it holds that

p ∈ SPvw(Gz) ⇔ ∀ p′ ∈ Pvw(G0) : ĉp ≤ ĉp′ − dvw
∑

{i,j}∈p′

crij · zi · zj ,
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where SPvw(Gz) denotes the set of shortest paths from v to w in Gz with respect to the operating
costs c.

Proof. Let p /∈ SPvw(Gz). Then there exists a path p′ ∈ Pvw(Gz) with ĉp′ < ĉp. Under the
assumptions made, one can construct the unambiguous path p′s ∈ Pvw(G0) from p′ by replacing
every edge e = {f, g} ∈ p′ ∩ Ee with the unique {f, g}-edge e′ ∈ E \ Ee. Thus, it follows that

ĉp > ĉp′ = ĉp′
s
− dvw

∑
{i,j}∈p′

s

crij · zi · zj .

Conversely, let p ∈ SPvw(Gz). Suppose there exists a path p′s ∈ Pvw(G0) with

ĉp > ĉp′
s
− dvw

∑
{i,j}∈p′

s

crij · zi · zj .

Then, by the same construction as above, there exists another path p′ ∈ (Gz) with ĉp > ĉp′
s
−

dvw
∑

{i,j}∈p′
s
crij · zi · zj = ĉp′ . However, this contradicts the fact that p is a shortest v-w-path

in Gz.

To efficiently manage the vast number of possible routes, we employ a column generation
framework, dynamically generating relevant path variables xp during the solution process. To
that end, we associate the dual variables πvw ∈ R for each node pair v, w ∈ V , v ̸= w, with
the respective constraint (2), φv ∈ R≤0 for each edge v ∈ V with ρ ∈ R≤0 with (4), as well as
εp ∈ R≤0 for each constraint already generated for paths p ∈ Pvw(G0).

In the pricing problem, improving paths are sought in the graph G to generate alternative
route compositions. An introduction to column generation is provided in [7]. Our corresponding
pricing problem is formulated as follows:

max
v,w∈V

max
p∈Pvw

πvw +
∑

p′∈Svw

ĉp · εp′ +
( ∑

v∈p:
{e∈Ee: e∈δ(v)}∩p ̸=∅

1{e∈Ee}(φv)
)
− êp

Thus, the resulting pricing problem is of the shortest path type, and can be solved very efficiently
using Dijkstra’s algorithm.

For a path p to be considered for addition, the dual variables ϕv must be included as cost
contributions in the pricing problem for every node v with at least one incident electric edge to
the path p. However, if a path p traverses a node v via electric edges, the dual variables φv for
its associated constraint needs only be accounted for once. Therefore, it is necessary to keep
track of whether a node has already been reached via an electric edge or not. This could either
be addressed by duplicating the graph and distinguishing between nodes reached via an electric
edge and those that are not, or by adjusting constraint (3) as follows:∑

e∈Ee∩δ(v)

∑
p∈P :
e∈p

xp ≤ M · zv ∀v ∈ V. (12)

In this case, the Big-M value M can be appropriately bounded from above:

M ≤ max
v∈V

∑
e∈Ee∩δ(v)

∑
p∈P :
e∈p

xp ≤ max
v∈V

∑
p∈P :

p∩δ(v)̸=∅

2 · xp ≤
∑

(v,w)∈V 2

v ̸=w

2 ·
∑

p∈Pvw

xp︸ ︷︷ ︸
=1

≤ 2 · |V | · (|V | − 1).

(13)

Taking this adjustment into account, our pricing problem becomes:

max
v,w∈V

max
p∈Pvw

πvw +
∑

p′∈Svw

ĉp · εp′ +
∑

a={f,g}∈p

1{e∈Ee}(φf + φg)− êp,
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where the indicator function 1A : X → {0, 1} for a set A ⊆ X is defined as

1A(x) :=

{
1, if x ∈ A,

0, if x /∈ A.

This corresponds to determining the maximum of the optimal values of the independent sub-
problems for each node pair v, w ∈ V with v ̸= w:

max
p∈Pvw

πvw +
∑

p′∈Svw

ĉp′ · εp′ +
∑

a={f,g}∈p

1{e∈Ee}(φf + φg)− dvw ·
∑
e∈p

ea

= πvw − min
p∈Pvw

∑
p′∈Svw

ĉp′ · (−εp′) +
∑

a={f,g}∈p

1{e∈Ee}(−φf − φg) + dvw ·
∑
e∈p

ea

= πvw − min
p∈Pvw

dvw ·
∑

a={f,g}∈p

( ∑
p′∈Svw

(−εp′) · ca
)
+ 1{e∈Ee}(−φf − φg) + ea. (14)

Since this pricing problem (14) depends on the set of constraints of type (9) and these con-
straints are to be generated during the solving process, we proceed as follows. The leader problem
is first solved while considering the constraints (9) generated so far—initially, none. The obtained
solution is then assessed with respect to constraints that were not initially included in the model.
Upon detecting any violations, additional constraints of type (9) are generated for all impacted
paths and added to the leader problem. The pricing problem is updated accordingly and the
restricted leader problem, which has been extended by new cutting plans, must be solved to op-
timality again. This iterative process repeats until no further violated constraints are detected.

To avoid generating a large number of paths in the pricing problem that later become infeasible,
the shortest path problem can be extended to include a resource constraint. On the one hand,
this will lead to a significant increase in computation time for the pricing calls due to the general
NP-hardness of the shortest path problem with resource constraints (SPPRC). On the other
hand, it is possible to prevent a significant number of paths from being generated that are not
taken into account by the follower decision and therefore do not belong to any optimal solution.

The corresponding SPPRC reads as follows: Search for improving paths exclusively among
paths that are more advantageous in terms of operating cost than the best path that uses edges
in A \Ae only, and can therefore be selected without infrastructure expansion.

To that end, let q̂cvw be the cost of the cheapest v−w-path with respect to the operating cost c
in G0. The SPPRC is obtained by reformulating the second part of the original pricing problem.
This leads to independent subproblems for each pair of nodes, which have the form

min
p∈Pvw

dvw
∑

a={f,g}∈p

∑
p′∈Svw

(−εp′) · ca + 1{e∈Ee}(−φf − φg) + êa

s.t.
∑
e∈p

ca ≤ q̂cvw.

4. Computational Results
To evaluate the computational performance and scalability of the proposed optimization method,
we conducted a series of experiments. The algorithm was implemented in C++ using the SCIP
9.2.0 optimization [3] framework, with Gurobi 11.0.0 serving as the underlying linear program
(LP) solver. All computations were performed on a MacBook Pro equipped with an Apple M2
Pro chip (10-core CPU, 16-core GPU) and 32 GB of unified memory. The source code and data
can be accessed online [18].

The instance size is primarily determined by the number of candidate airports, which directly
influences both the number of potential electrification decisions and the number of commodity
pairs. Furthermore, the computational time is influenced by the budget level. For the computa-
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Table 1: Overview of computation times

inst. no. # airports budget [1000× 106e] # cols # rows # nodes time (s)

1. 5 1 65 47 13 0.10
2. 5 1 47 47 8 0.07
3. 5 1 61 47 10 0.08
4. 5 1 67 47 12 0.08
5. 5 1 75 47 20 0.10
6. 10 2 394 192 77 1.31
7. 10 2 461 192 109 1.34
8. 10 2 467 192 109 1.39
9. 10 2 475 192 200 2.07

10. 10 2 479 192 149 1.69
11. 15 3 1492 437 2093 66.59
12. 15 3 1492 437 1466 48.57
13. 15 3 1321 437 984 35.75
14. 15 3 1490 437 1633 54.19
15. 15 3 1424 437 1350 45.43
16. 20 4 3023 782 9613 857.66
17. 20 4 3172 782 13 612 1189.82
18. 20 4 3131 782 11 001 968.11
19. 20 4 3184 782 15 672 1367.21
20. 20 4 3166 782 16 067 1387.14
21. 25 5 4788 1226 - >7200

tional tests, uniform electrification costs were assumed and the budget was set to a level sufficient
to allow approximately one third of all airports to be electrified.

Table 1 summarizes the computation times required to solve problem instances of increasing
size to optimality. The results indicate that the model remains computationally tractable for
instances involving up to 20 airports. However, for the 25-airport instance, the solver was unable
to find an optimal solution within a two-hour time limit.

Two alternative adaptations were tested to enhance computational efficiency, but neither im-
proved the solution time . The first adaptation involved reformulating the problem as a Shortest
Path Problem with Resource Constraints (SPPRC). When applied to the same instances, this
approach did not reduce computational time. Detailed runtime statistics for this formulation can
be found in Table B.1 in Appendix B. The second adaptation replaced the original constraints (5)
with an equivalent formulation derived from the strong duality and dual feasibility conditions
of the subproblem. This duality-based formulation produced similar computational times as the
initial approach and offered no computational advantage.

4.1. Dataset and Scenarios
To ensure that the model closely reflects real-world conditions, we use the operational cost and
CO2 emission estimates provided by Förster et al. [14] based on route characteristics and aircraft
type. Fuel and electricity prices were obtained from [17] and [33], respectively. Since no official
data on passenger demand between specific origin-destination airport pairs is freely available,
we relied on the model developed by Tillmann et al. [35]. This model estimates OD-passenger
demand using various socio-economic and geographic indicators associated with each airport
region.

Unfortunately, nearly no reliable data appears to be published reagarding the infrastracture
cost required for the deployment of electric aircraft. The only such estimate we are aware of
can be found in [39], which provides a general indication of the magnitude of costs, albeit no
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Figure 1: Scenario 1: Impact of varying investment budget on the total produced emissions [CO2].

precise value. They suggest that the cost of infrastructure development at larger airports is
disproportionately higher than at smaller facilities. As it is uncertain whether this assumption
reflects reality, but it can generally be expected that costs increase with passenger volume, we
consider two scenarios: Scenario 1 assumes that expansion costs rise in large discrete steps,
whereas Scenario 2 assumes that infrastructure costs scale proportionally with the estimated
passenger volumes reported in [35].

The application of the model is demonstrated using a case study involving 20 airports in Ger-
many. A detailed list of the considered airports along with their relevant parameters is provided
in Table 2 in appendix A. Since electric aircraft can only serve routes within a limited distance,
their range imposes a significant constraint on feasible airport connections. It is therefore es-
sential to examine how different range assumptions affect the set of airports ultimately selected
for electrification. We focus on two key aspects to analyze: First, how robust the electrification
decisions are with respect to the estimated operating range of an electric aircraft; second, how
the importance of individual airports varies with regard to the centrality to their respective lo-
cations. To that end, we consider both scenarios, each with a pessimistic operational range of
an electric aircraft of 300 km and an optimistic one of 1480 km as specified in [14].

4.2. Evaluation
Our initial investigation will focus on determining which airports are selected under different
budget limits and whether identifiable patterns emerge in the selection. The optimal airport
selection and the corresponding produced emissions for a range of budget limits are determined
for both scenarios. A direct comparison between the budget levels of the two scenarios is not
possible due to the significant differences in investment costs between them. Nevertheless, it is
possible to identify both similarities and differences in the model outcomes.

4.2.1. Scenario 1

Figure 1 illustrates the emissions produced starting with Scenario 1 across varying budget levels
for the defined operational ranges. Starting with a budget of approximately 10×106e, emissions
begin to decrease monotonically for both ranges. Notably, the difference in emission savings
between the two configurations is negligible, and beyond a budget of 70 × 106e, there is no
significant difference at all. This pattern can be further examined by analyzing the marginal
emission savings per additional unit of budget (see Figure 2). Overall, a positive trend emerges:
increasing the budget consistently leads to improved emission reductions, suggesting that each
additional Euro is generally effective. It is important to consider the discontinuous shifts in the
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Figure 2: Scenario 1: Marginal savings of additional budget.

optimal solutions that can be observed with finer discretizations, as the solution only changes
when a better alternative becomes available in the increased budget.

An analysis of the corresponding solutions reveals several key observations. While all airport
pairs can be directly connected using electric aircraft with a range of 1480 km, this is not feasible
with a more limited range of 300 km. A detailed examination of the solutions for budgets between
6 × 106e and 8 × 107e (see Figure 3) shows that, under the 300 km constraint, the airport in
Nuremberg (DN) plays a critical role as an intermediate hub. It facilitates connectivity between
the airport near Stuttgart (DS) in the southwest and the airport in Dresden (DC) in the east,
which cannot be linked directly with electric aircraft. A similar pattern is observed for the route
between Stuttgart (DS) and Bremen (DW), where the airport in Cologne (DK) is used as a
stopover. However, beyond a budget of 8 × 107e, each optimal solution in Scenario 1 for an
operational range of 1480 km establishes a network of airports equipped for electric aviation that
remains fully connected even with a 300 km range. As a result, the selected configurations no
longer differ in terms of emissions beyond this point.

By examining incremental solutions (see Figure 4) at higher budget levels—where the out-
comes no longer differ between ranges of 300 km and 1480 km—it becomes possible to identify
airports that offer particularly high value for early electrification. In this scenario, medium-sized
airports are among the first to be electrified and emerge as particularly valuable candidates for
early infrastructure investment. Notably, the airports that served as essential bridging hubs
for connecting different regions of Germany—specifically for aircraft with a limited range of
300 km—also fall into this category. As a result, once these key airports are electrified, the so-
lutions are close together even at relatively low budget levels. In addition, there are only slight
variations between the solutions regarding the corresponding airport selection: airports that are
electrified early tend to remain part of the optimal configuration across different (higher) bud-
get levels. This stability could be leveraged strategically by prioritizing a gradual expansion of
electric aviation infrastructure at these consistently selected airports.

When revisiting the optimal solution for the budget level of 90 × 106e shown in Figure 3,
and examining not only the airport selection but also the resulting routing decisions, a potential
limitation becomes apparent. Specifically, the connection between Bremen (DW) and Dresden
(DC) requires two intermediate stops—via Cologne (DK) and Nuremberg (DN)—when operating
under the constraint of an aircraft with a 300 km range. From a purely economic standpoint of the
airline, such a routing remains advantageous, as electric flights offer a substantial cost benefit
compared to conventional kerosene-powered operations under our assumptions. However, the
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Figure 3: Scenario 1: Electrification decisions for different investment budgets for the 20 largest
airports in Germany; green triangles indicate airports selected for infrastructure devel-
opment. Visualizations created with Plotly [29].
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Figure 4: Scenario 1: Electrification decisions for different investment budgets for the 20 largest
airports in Germany; green triangles indicate airports selected for infrastructure devel-
opment. Visualizations created with Plotly [29].
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Figure 5: Scenario 1: Number of routes with transfers under different budget levels; range 300km.

number of intermediate stops raises concerns regarding passenger acceptance, particularly with
respect to the willingness to make two transfers in order to avoid a five-hour car journey. The
extent of this issue is further reflected in Figure 5, which indicates the number of routes that
require one or more transfers. The graph shows that, under an emissions-minimizing objective,
a 300 km range for electric aircraft results in itineraries with a substantial number of transfers,
as even with a budget that integrates all airports into the electric network, more than a quarter
of flights require at least one transfer and more than one in eight require at least two.

4.2.2. Scenario 2

In Scenario 2, differences in emission savings persist across a wider range of budget levels, al-
though these differences are insignificant, see Figure 6. Similarly to Scenario 1, a general trend
of decreasing emissions with an increasing budget can be observed. However, in contrast to
Scenario 1, the rate of emission reduction becomes increasingly more pronounced for both oper-
ational ranges as the budget grows. The last observable difference in produced emissions occurs
at a budget level of 450× 106e, at which point approximately half of the available airports are
electrified and the operational range no longer influences emission outcomes.

When first considering the selection of airports across different budget levels for an operational
range of 1480 km in Scenario 2 (Figure 7), a notable difference becomes apparent compared to
Scenario 1: While medium-to-large airports were predominantly selected early in Scenario 1,
Scenario 2 yields a prioritization of airports with the highest passenger volumes in order to
get the maximal emission reductions. For example, Berlin (DB) is already equipped with the
necessary infrastructure at a budget of 170×106e, and by 400×106e, the three largest airports
in terms of passenger throughput are included in the electrified network.

At a budget of 170 × 106e, for instance, the airports in Berlin (DB) and Nuremberg (DN)
are selected under the 1480 km range, but would remain isolated in the flight network consisting
exclusively of electric airplanes if it were to be operated under the limited range of 300 km.
Similarly, at budget levels of 300×106e and 400×106e, the restricted range leads to a fragmented
electric network (see Figure 7), particularly between the southeastern and northwestern regions,
thereby limiting the effectiveness of electrified air transport. For that reason, for the budget of
170 × 106e, Munich Airport (DM) is selected instead of Berlin (DB), as it can connect to the
network via Karlsruhe (SB), while at other budget levels (namely 300× 106e and 400× 106e),
Hannover (DV) is included in place of Dusseldorf (DL) or Dresden (DC), respectively, to ensure
that no airport remains completely isolated.
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Figure 6: Scenario 2: Impact of varying investment budget on the total produced emissions (in
tons of CO2).
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Figure 7: Scenario 2: Electrification decisions for different investment budgets for the 20 largest
airports in Germany; green triangles indicate airports selected for infrastructure devel-
opment. Visualizations created with Plotly [29].
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Figure 8: Impact of increasing fuel prices on the routing decisions of the model

Like in Scenario 1, an examination of the airport selection reveals that, although all routes
between airport pairs within the expansion network are operated exclusively by electric air-
craft, again many routes involve one or more stopovers. Notably, in both scenarios, no hybrid
routing strategies—where electric and kerosene-powered aircraft are combined within a single
itinerary—are used. One might intuitively expect partial electrification on longer routes, such as
the connection between Munich (DM) and Saarbrucken (DR), which could theoretically be served
via an intermediate stop in Karlsruhe (SB). This indicates that from the airline’s perspective,
any potential cost advantage of using electric aircraft on partial routes cannot be realized, as it
is offset by the additional detour, the need for a subsequent or preceding kerosene-powered seg-
ment, and the associated take-off and landing fees (cf. [14]). As a result, such mixed operations
do not appear to be economically viable overall.

To explore this aspect further, we systematically varied fuel and electricity prices to assess the
economic threshold at which replacing only segments of a route with electric aircraft becomes
favorable. This sensitivity analysis was conducted using an operational range of 1480 km, allowing
for meaningful comparisons between direct and multi-leg routes.

The analysis reveals that, under the initial fuel and electricity price settings, (partial) electri-
fication of a path does not occur. This continues to hold true even with significant reductions in
electricity prices while keeping fuel prices fixed. However, the situation shifts when fuel prices
rise. As shown in Figure 8, hybrid routings involving both electric and kerosene-powered seg-
ments begin to appear once the fuel price reaches 2.4e/kg, which is roughly four times the
estimate from [17] we used in the main experiments. At this point, the economic conditions
become favorable enough for airlines to consider mixed operations on certain routes, making the
solutions very resistant to changes in both cost parameters. When the difference in fuel prices is
contextualized with forecasted fuel prices—for instance, those projected in [9], which assumes a
fuel price of up to 1.05e/kg in 2050—a hybrid transport model involving segments operated by
electric and conventional aircraft does not emerge as a viable option for short-haul routes across
any of the evaluated scenarios under the given assumptions and parameters.

5. Concluding Remarks
We modeled the challenging task of identifying which airports should be enabled for electric
aircraft operations and equipped with the necessary infrastructure as a bilevel optimization
problem. The first stage involves making strategic decisions about airport infrastructure expan-
sion, while the second stage determines the most cost-effective aircraft routing. The objective
was to minimize the total amount of emissions produced. To solve this problem, we introduced a
cutting-plane procedure to reformulate the model into a single-level mixed-integer linear program
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that we tackled with a column generation approach.
Our computational results show that emissions differences across various aircraft configura-

tions are generally small, suggesting a limited overall impact. However, these marginal differences
result in a higher number of intermediate stops on certain routes. In contrast, no stopovers are
utilized for switching between aircraft types, meaning that partial routes operated by electric
aircraft are not included in the optimal solutions. The results also reveal that the optimal con-
figurations remain largely stable across different budget levels—a property that can be leveraged
strategically to support a phased implementation. Especially under the realistic assumption that
the expansion of electric aviation infrastructure will occur in multiple stages, this stability allows
for early investments to be directed toward airports that not only remain part of the final, fully
developed network, but are also likely to offer a high-quality solution within the budget available
at the time. Nevertheless, availability of more and better data would be highly beneficial, as the
reliability of the derived solutions and insights is inherently tied to the quality of the underlying
data.

Our current problem formulation provides opportunities for future research and development.
One such extension would be to incorporate a time-based expansion model in order to develop
a phased procedure rather than assuming that near-optimal static solutions at intermediate
budget levels will naturally lead to a good overall outcome. This approach would explicitly
determine the optimal expansion procedure over time and minimize its produced emission within
this time horizon. Another important direction for future research is to complement the airport-
side infrastructure planning with considerations of fleet development on the operator side. Since
airlines are likely to expand their electric aircraft fleets gradually, incorporating a time-based fleet
planning component would allow for a more realistic representation of deployment dynamics. In
addition, integrating fleet planning with routing decisions would enable the model to account for
operational constraints such as limited aircraft availability and flight hour capacity—providing
a more comprehensive and practical foundation for strategic decision-making. All potential
extensions of the model must be considered with careful attention to the likely resulting increase
in complexity, given that our current approach reaches its computational limits on networks with
more than 20 nodes.
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Appendix

A. Considered Airports in Germany

Table 2: Overview for the dataset comprising the 20 largest airports in Germany based on pas-
senger demand estimation from [35], together with the corresponding infrastructure
cost assumptions under Scenario S1 and S2

city ICAO code passenger demand S1 EC [106e] S2 EC [106e]

Munic EDDM 2.7 · 107 50 60
Hamburg EDDH 2.5 · 107 50 60
Berlin Brandenburg EDDB 2.4 · 107 50 50
Frankfurt EDDF 2.4 · 107 50 50
Stuttgart EDDS 2.0 · 107 20 50
Cologne/Bonn EDDK 1.9 · 107 20 40
Nuremberg EDDN 1.8 · 107 20 40
Dresden EDDC 1.7 · 107 20 40
Hanover EDDV 1.6 · 107 20 40
Dusseldorf EDDL 1.4 · 107 20 30
Leibzig/Halle EDDP 1.3 · 107 20 30
Dortmund EDLW 1.3 · 107 20 30
Saarbrucken EDDR 1.1 · 107 10 20
Bremen EDDW 8.7 · 106 10 20
Muenster/Osnabruck EDDG 6.1 · 106 10 20
Paderborn/Lippstadt EDLP 5.3 · 106 10 20
Karlsruhe/Baden-Baden EDSB 5.1 · 106 10 20
Weeze EDLV 4.3 · 106 4 10
Memmingen EDJA 2.5 · 106 4 10
Frankfurt-Hahn EDFH 2.2 · 106 4 10

B. Additional Computational Results

Table 3: Overview of computational times for the overall algorithm, comparing the solution
times when the pricing problem is solved using SP and SPPRC, respectively.

inst. no. |V | budget [106e] fuel cost [e/kg] electricity cost [e/kWh] SPPRC [s] SP [s]

1. 20 2 0.8 0.13 1839.32 521.20
2. 20 2 1.2 0.13 1852.30 545.92
3. 20 2 1.6 0.13 1870.83 559.78
4. 20 3 0.8 0.13 2895.75 2162.60
5. 20 3 1.2 0.13 2926.88 2009.33
6. 20 3 1.6 0.13 2970.52 1626.58
7. 20 4 0.8 0.13 2679.14 1453.86
8. 20 4 1.2 0.13 2733.11 1607.14
9. 20 4 1.6 0.13 2794.82 1877.23
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