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ABSTRACT

The uptake of electric aircraft appears faster today than predicted. Given the prominent electric aircraft
technologies, short- and medium-haul routes are the ones that will benefit first, with the promise to
revolutionize regional aviation at short notice. This paper proposes an optimization model to support
the strategic design of charging networks for electric aircraft as a key enabling factor to prepare for and
take full advantage of aviation electrification. The model, named Electric Aircraft Charging Network for Re-
gional Routes, defines a network of airports and flight paths to optimally trade-off the number of charging
bases (and associated investment costs) with connectivity and population coverage targets typical of re-
gional routes serving remote regions. Due to computational challenges in large problem instances, we
propose a Kernel Search heuristic and illustrate how it can deliver high quality solutions for large cases
in a shorter computational time than the branch-and-cut algorithms. A real-world application to Sweden
then demonstrates the practical insights of the proposed approach. We find that leveraging the many
currently under-utilized regional airports has connectivity and investment benefits (on average +12.1%
in number of origins covered, +5.8% in population coverage, and —7.3% reduction of travel times). Fur-
thermore, increasing the maximum aircraft range on a single charge implies significantly fewer charging
bases and more feasible travel options, thus favoring network resilience and granting higher flexibility for
later planning stages.

© 2023 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

In the last decades, the rapid expansion of air transporta-

ments), the air transportation industry is on the path to recovery
to pre-pandemic levels (Grewe et al., 2021; Gudmundsson et al.,
2021). Moreover, with post-pandemic stimulus initiatives mostly

tion has boosted global mobility, international trade, and socio-
economic development, while generating long-standing negative
environmental effects. Before the brutal disruption of the trans-
portation sector due to the COVID-19 pandemic, commercial avi-
ation accounted for more than 11.0% of greenhouse gas emissions
of all transport emissions, i.e., 2.4% of the global emissions' (3.6%
in EU28 EASA, 2019), making the mitigation of air transporta-
tion’s environmental burden among the most critical and contro-
versial challenges of our times. Although the COVID-19 pandemic
made the environmental burden less urgent because of the sig-
nificant contraction in demand (and consequently aircraft move-
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1 EESI - The Growth in Greenhouse Gas Emissions from Commercial Aviation
(2019).
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dedicated to advancing the digital and green transition of econ-
omy and society (OECD, 2021), the recovery period provides an un-
precedented opportunity to rethink the aviation industry in a more
sustainable way.

Traditional strategies to contain aviation’s atmospheric and
noise pollution have mostly involved the implementation of CO,
trading schemes (e.g., EU ETS, Nava et al,, 2018; CORSIA, Sharma
et al., 2021), interventions to favor modal shift to other transporta-
tion modes such as high-speed rail,? and restrictions to the num-
ber of flight movements at congested hubs. Yet, these measures
have been proven scarce and insufficient to achieve the ambitious
middle-long decarbonization targets (e.g., D’Alfonso et al., 2016;
Vespermann & Wald, 2011).

2 Reuters - French lawmakers approve a ban on short domestic flights. April 11,
2021.
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In parallel, significant efforts have recently been devoted to
the development of sustainable aircraft technologies, especially to-
wards electric aircraft (that is both all-electric and hybrid air-
craft). Several aircraft manufacturers and startups have embarked
on an intense electrification journey®> and the uptake of electric
aircraft appears faster today than predicted. Some of the pio-
neering aircraft models are Alice—an all-electric aircraft developed
by the Israeli Eviation capable of an operating range of around
800 kilometers—, ES-19 and the ES-30—electric aircraft prototypes
developed by the Swedish Heart Aerospace characterized by an ex-
pected operating range of 200-800 kilometers depending on the
aircraft configuration (all-electric vs. hybrid, and seat capacity) and
time of deployment—, and ZA10—a 12-seater hybrid-electric air-
craft developed by the US based Zunum Aero capable of an op-
erating range up to 1127 kilometers. These models aim to be cer-
tified for commercial aviation in a short time, as early as 2024
(Baumeister et al.,, 2020; Eviation, 2021) with the potential to
forthwith revolutionize regional aviation and short-haul markets
at short notice (Justin et al., 2020)* Current estimates report that
15- to 20-seat battery-powered aircraft capable of an operating
range of 400-500 kilometers will likely enter the market around
2030 (IATA, 2021; Reimers, 2018). The technological maturity of
electric aircraft is also demonstrated by the fact that an increas-
ing number of companies are expressing interest in procuring elec-
tric aircraft to complement their fleet (e.g., Finnair, Mesa Airlines),
with some of them even placing orders (e.g., DHL express, Cape
Air, United Airlines).

Overall, there are compelling advantages to the technological
advancements in electric aviation. First, electric aircraft have the
promise to drastically reduce both CO, and non-CO, emissions.
Second, electric aircraft technology is expected to produce less
noise—with a reduction of about 36%—compared to current best-
in-class jet-fuel aircraft technology (see Schafer et al., 2019). Third,
a significant reduction in maintenance costs because of the greater
simplicity of electric motors compared to combustion engines
(Patterson et al., 2016). On the other hand, the adoption of electric
aircraft comes with a number of challenges. A major concern is re-
lated to battery technology; current technology would require the
use of several sets of batteries over the life-cycle of an aircraft—
causing increased capital and maintenance costs. Additionally, the
first generations of electric aircraft will likely be characterized by
higher weight per unit of stored energy—limiting the size and the
operating range of fully-battery-powered aircraft.”> Third, from a
planning perspective, the operation of electric aircraft poses chal-
lenges spanning strategic infrastructure-related questions, network
design, and tactical scheduling and routing problems. In particu-
lar, a key issue today is the development of assessment methods
and planning tools that capture features of viable electric aircraft
technology in the near- to mid-term, with the aim to support the
strategic planning of dedicated and enabling infrastructures.

The implications of electric aircraft on airline operations are
significant and motivate an assessment of their impact not only
on existing aviation business models and markets, but also on new
aviation markets such as on-demand services (Justin et al., 2020;
Willey & Salmon, 2021). As a middle ground, the fast develop-
ment of small size electric aircraft technologies represents a ma-
jor opportunity to profitably serve thin markets that today can-
not sustain scheduled air services operated using medium- and

3 In the third quarter of 2021, there were more than 215 active projects on
electric-propelled aircraft globally (Roland Berger - Environmentally-friendly air
travel continues to grow. September 10, 2021).

4 On the contrary, the deployment of electric aircraft on long-haul markets will
require longer time (Akerman et al., 2021).

5 Current energy equivalence: 1kilogram of fossil fuel is equivalent to what can
be stored in 10-13 kilograms of batteries (Rohacs & Rohacs, 2020).
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wide-body aircraft. A specific example of thin markets is regional
routes serving remote regions. A number of subsidy schemes are
currently in place in different countries to support connectivity
to/from such regions, such as the Essential Air Services (EAS) pro-
gram in the United States, the Public Service Obligations (PSO) sys-
tem in Europe, the Remote Air Service Subsidy (RASS) scheme in
Australia, the Rural Air Services (RAS) program in Malaysia, and the
Peruvian PSO (Programa de Integracién Amazénica por via Aérea)
scheme (see for a review Fageda et al., 2018). From a welfare-
perspective, these schemes aim to incentivize the provision of air
services while suitably trading-off the conflicting goals of maxi-
mizing accessibility and minimizing public expenses. The charac-
teristics of regional routes make them among the first candidates
to reap the benefits of aircraft electrification. Regional routes typ-
ically range between 200 and 800 kilometers (Fageda et al., 2018;
Graham, 1997), which perfectly fits the expected operating range of
the first commercial electric aircraft. Additionally, small-size elec-
tric aircraft can operate at airports with shorter runways (e.g.,
about 800 meters, TrafikAnalys, 2020) and thus could take advan-
tage of existing, underutilized airports and airfields to foster re-
gional connectivity. Eventually, the deployment of electric aircraft
is expected to lower operating costs, which in turn would con-
tribute to the profitability of thin routes and thus reduce the need
for public subsidy. Additionally, the short-term costs for the use of
electric aircraft are still uncertain, but it is likely that governments
might even be willing to increase subsidies, if this will decrease
the environmental cost of increased air connectivity.

Despite the rapidly growing literature that investigates aircraft
electrification and implementation (see Barzkar & Ghassemi, 2020;
Sayed et al., 2021, for a review), particularly in the realm of Urban
Air Mobility (see Rajendran & Srinivas, 2020, for a review), litera-
ture is way more scant concerning the use of electric aircraft in a
regional context, especially with respect to their strategic planning
or the planning of related infrastructure (e.g., location of charging
bases) (Salucci et al., 2020; Trainelli et al., 2021). Yet, similar to
the set of studies advanced during the last decade to support the
fast-growing adoption of electric ground vehicles (e.g., Hiermann
et al., 2016; Hosseini & MirHassani, 2015; Hung et al., 2022; Kinay
et al., 2021; Mak et al., 2013) investment efforts regarding elec-
tric aircraft are capital intensive and cannot be addressed in iso-
lation. Instead, they need to be planned carefully and in an in-
tegrated network-wide fashion to suitably prioritize interventions
at certain airports. In particular, at focal airport charging bases,—
which we also refer to as charging hubs—that is, airports that are
pivotal to the network’s connectivity due to their central role in
terms of passenger paths (trips), resulting in a significant number
of aircraft movements. These focal charging bases will likely re-
quire a significant amount of power, thus necessitating significant
infrastructure updates to the electricity grid (Schwab et al., 2021;
Trainelli et al., 2021) that need to be addressed beforehand.

In this paper, we propose a modeling framework—referred to
as Electric Aircraft Charging Network for Regional Routes (EACN-
REG)—that defines the network of airports and the location of fo-
cal charging bases, to optimally trade-off the number of charging
bases (and associated implementation costs) with connectivity and
population coverage targets typical of regional routes. Identifying
the focal charging bases within a network of airports to expand air
connectivity needs to be done before the electric aviation industry
can take off. In this respect, the model’s ability to design a net-
work with appropriate focal charging bases constitutes an essential
part of the electric aviation strategic road-map: that is, to coordi-
nate investment efforts to reduce construction lead time at focal
airports, and ultimately provide a strong infrastructure foundation
to support a fast roll-out of electric aircraft technology.

In summary, this paper makes the following contributions:
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1. It develops a novel optimization model to support the strate-
gic planning of electric aircraft networks for regional routes.
The model is formulated as a multi-objective uncapacitated
facility location problem that optimizes regional connectivity
while minimizing the number of charging bases. Instead of
restricting to smooth radius/range coverage-like constraints,
we account for multi-step aircraft operations through a set
of routing feasibility constraints. The formulation of the
routing feasibility constraints requires the calculation of the
shortest-path distance from each airport to a charging base,
which constitutes a novel feature of the model. We tighten
the model formulation through sets of valid inequalities,
which allow solving the model using off-the-shelf branch-
and-cut solvers for small- to mid-size instances in reason-
able computation times.

. It proposes a Kernel Search Heuristic to efficiently solve
large-scale instances. Given the NP-hardness of the original
problem, we develop a tailored Kernel search solution ap-
proach that exploits the structure of the problem. We de-
velop a kernel initialization strategy based on network cen-
trality and extend the basic kernel search (Angelelli et al.,
2007) to allow for the recombination of buckets in multiple
iterations to better capture correlations among items (air-
ports). Through a comprehensive computational study using
randomly-generated instances inspired from real-world data,
we investigate the performance of the proposed heuris-
tic method, showing how it can consistently achieve near-
optimal solutions in less computational time than directly
solving the original problem with branch-and-cut.

. It demonstrates the benefits and practical insights of the
proposed modeling approach considering a real-world case
study. We take Sweden as an exemplary case study for
two main reasons. First, electric propulsion is suitable for
Sweden because of its geographical setup that could ben-
efit from short-haul flights to avoid physical barriers and
connect remote areas more efficiently. Second, Sweden like
other Nordic countries such as Norway and Denmark is well-
positioned as a pioneer in the adoption of electric aircraft.
It is among the world-leading countries in the transition to
renewable energy.® Moreover, it has a well-structured net-
work of short field airports that could be leveraged to ex-
pand regional connectivity. In our case study, we show how
the model can guide decision-making by testing the impact
of the available number of airport candidates on connectiv-
ity and required number of charging bases, and testing the
impact of aircraft range on connectivity requirements.

The remainder of the paper is organized as follows.
Section 2 describes the formulation of the proposed EACN-
REG model. In Section 3, we present formulation strengthening of
the model and a Kernel Search heuristic to tackle the challenges
of solving real-world instances. The results of a computational
experiment using randomly generated data and the application
of the EACN-REG to a real-world case study are presented in
Sections 4 and 5, respectively. We then summarize our contribu-
tions and outline future research directions in Section 6.

2. Optimization model

In this section, we present the formulation of the proposed
Electric Aircraft Charging Network for Regional Routes (EACN-REG)
model.

6 Sweden has undertaken strong medium- to long-term commitment to reduce
carbon emissions of regional aviation significantly, aimed to operate only zero-
carbon domestic flights by 2030.
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2.1. Problem setting

The EACN-REG model aims to design an airport network of
charging bases for electric aircraft operations in the context of
regional routes. Specifically, it selects the airports to be used as
charging bases from a set of candidate airports while consider-
ing a maximum flight range on a single charge, ensuring multi-
step routing feasibility and maximizing service connectivity for the
population area under study. We illustrate the problem with a
small synthetic example (see Fig. 1).

The model takes as input a grid with two main components:
the grid cells that partition the population area defined as a set
K indexed by k, and candidate airports defined as set A/ indexed
by i and j. In practice, these may include currently used commer-
cial airports and regional or military airports/airfields with a run-
away length that can accommodate electric aircraft operations. We
further define the set of edges £ to represent potential directional
flight edges between airports. For example, in Fig. 1, we have a
grid with 28 grid cells (e.g., k; and k;), 4 airports (i.e., 1, 2, 3, 4)
connected by 4 flight edges (i.e., (1,2), (1,3), (2,3), and (3,4)). We
define the flight distance d;; for each edge (i, j)—computed as the
geodesic distance between the two airports. Note that, as further
explained in Section 5, this distance can be adjusted to account
for safety requirements such as energy reserves to divert to an al-
ternate airport and other reserves. We then consider a maximum
travel distance on a single charge (7) to capture the range limita-
tion of electric aircraft. Accordingly, edges with d;; > t, for exam-
ple edge (2,4) in Fig. 1, are not included in set £.

To account for regional connectivity in the model, we define a
set of target destinations (D). In practice, these are major cities
or hubs that population areas k € K need to be connected to. We
also define a set of feasible paths P from any airport to the target
destinations. Paths are defined as a sequence of flight edges. For
example, in Fig. 1, assuming airport 4 as the destination airport
within the final destination cell, we can generate four paths from
the rest of the airports as an edge or a sequence of adjacent edges:
p1 = {(1v 3)s (3’4)}v P2 = {(]a 2)’ (2s 3)? (3,4)}, p3 = {(2, 3), (3v 4)}v
and p4 = {(3,4)}. Note that additional paths are possible. Paths are
used to map possible ways that passengers can travel in the airport
network and do not necessarily coincide with aircraft routings—
which will be defined at later stages of the planning process. In-
deed, flights along a path may be operated by different aircraft.
Then, to account for the connectivity of each origin k, we define
subsets P,‘j of possible paths that passengers from k can travel to
reach destination d. Not all paths represent reasonable travel op-
tions for all origin cells due to the geographical setup and the
ground transportation infrastructure, which may affect ground ac-
cess to the airports and cause inconvenience due to detours. For
example, in Fig. 1, we assume that the population from k; can uti-
lize paths from airport 1 and 2 (i.e., p;, p from airport 1 and p3
from airport 2), while that from k, can only utilize one path (ps3)
from airport 2 because accessing any other airport would take too
much time—compared to directly going to the target destination
by ground transportation or within a reasonable maximum access
time thresholds. The definition of P,f allows us to flexibly capture
various connectivity requirements. In the case of remote regions,
planning authorities typically state a maximum total travel time
as a requirement for connectivity to target destinations (Brathen &
Eriksen, 2018; Williams & Pagliari, 2004)—e.g., 4 hours in Sweden
—thus providing a clear filtering criteria for the paths. The filtering
of paths is part of the pre-processing of set 7 and P¢, which avoids
difficult-to-model constraints and yields strong formulations.

The model has five main variables: (1) a binary variable (y;)
indicating the selection of an airport i as a charging base; (2) a
continuous variable (p;) computing the shortest path distance from
any airport i to an airport being selected as a charging base; (3) a
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Fig. 1. An illustration of the modeling elements.

binary variable (z;;) modeling the feasibility of a given flight edge—
as a function of the location of the charging bases and the travel
range; (4) a binary variable v, indicating if path p can be used
(i.e., all the included flight edges are feasible); and (5) a binary
variable ¢,‘j indicating whether region k is connected to destina-
tion d.

Based on this modeling setup, the EACN-REG optimizes two
main objectives: (1) maximization of regional connectivity; (2)
minimization of the investment-cost for charging bases. These ob-
jectives capture the regional planners’ objective of ensuring con-
nectivity for the population to the main destinations and the as-
pect of limited availability of funds for investment. Additionally,
other objectives could be considered (e.g., in a lexicographic fash-
ion) to select among the possibly many alternative optimal solu-
tions. For example, a planner could maximize the number of fea-
sible paths to provide flexibility in (later) tactical planning phases,
such as flight scheduling and fleet assignment, or select the solu-
tion that minimizes the total travel time across all origins.

The EACN-REG is formulated as a strategic network-based prob-
lem that does not require explicit assumptions regarding the very
uncertain demand (especially in a regional context and markets
that are not currently served by air transportation) and fleet size
and composition. Decisions of where to locate focal charging bases
(with aircraft charging stations) are indeed costly and span a long-
time horizon; at the same time, charging facilities need to be pro-
vided before observing the actual demand. Note that the EACN-
REG focuses on the planning of large charging hubs. Yet, having a
single or a few chargers at each airport (e.g., for safety reasons) can
possibly be accommodated without major investments or network-
wide considerations. Thus, the precise number of chargers at each
airport can be better appraised at a more tactical level of the plan-
ning process, when scheduling and fleet sizing decisions will be
more carefully addressed.

2.2. Mathematical formulation

We now introduce the complete notation for the EACN-REG
model in Table 1 and formulate it mathematically.

(EACN-REG) Objectives :

01 = max M]ZZﬂkﬁbE (1)
deD kek
0, =min U, Z CiYi (2)

ieN

Constraints :

st. pi=SPWi Pjjjen;) VieN (3)

dij+pi+pi—M1A-z) <t V(ije& “)
Vp <z V(i j) €&, VpeP (5)
o< > U Vkek,VdeD (6)
pe”P;:
}Q’G{Ofl},,O,‘ERJr VieN (7)
zi; € {0,1} Y@, j)e& (8)
Ype{0,1} VpeP (9)
¢t e{0,1} Vkek,VdeD (10)

Egs. (1) and (2) form a two-part objective function: Eq. (1) max-
imizes regional connectivity expressed as the sum of the pop-
ulation of covered origins with respect to all destinations, and
Eq. (2) minimizes the total investment costs for charging stations
at airports. Note that for the first objective, alternative connectivity
targets could be flexibly accounted for in our modeling framework
depending on the planning focus. For instance, regions are typically
associated with connectivity targets that could be formulated as
coverage constraints in terms of variable ¢,‘3, including tailored re-
quirements for each k and d, e.g., varying connectivity target times
for the possibility of travel from the population areas to a specific
destination. Similarly, detailed knowledge about airport investment
costs and a given budget could allow the formulation of the second
objective as a constraint and suitably prioritize budget allocation.
Constraints (3) compute the shortest path to a charging base for
each airport. Mathematically, SP(y;, p;) jea;) €an be stated as fol-
lows:

SP(¥i. pjjjen;) = min (M] 1=y, IJIEIiNI}(dij + ,Oj)) (11)

where M! is a large enough parameter. Eq. (11) is non linear but it
can be conveniently linearized, as later illustrated in this section.
Additionally, note that, under a reasonable assumption of symme-
try, such that d;; = dj;, p; represents the shortest path to and from
a given airport—which turns useful in the formulation of the next
constraint.” Constraints (4) compute the feasibility of each edge

7 We could relax this assumption but this would require the definition of two
separate variables, i.e., pi"" and pf, to capture the shortest path from a charging
base to airport i and the shortest path from i to a charging base, respectively.
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Table 1
Model notation.
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Inputs: sets & parameters

N set of airport nodes, indexed by i and j

N; set of airport nodes adjacent to node i, i.e., j € N such that djj < 7 and i # j
& set of flight edges, indexed by (i, j)

K set of population areas, indexed by k

P set of paths, indexed by p

D set of destinations, indexed by d

P,f subset of paths from population area k to destination d
& subset of flight edges in path p

d;; travel distance between i and j

T maximum travel range on a single charge

i cost of activating node i as a charging base

T population living in k

w1, Ua weights of the two objectives in the objective function
Variables

yi€{0,1} =1 if node i is activated as a charging base

z;j € {0,1} = 1 if flight edge (i, j) is feasible

pi € RT value of the shortest path from i to a charging base
¥pe{0,1} =1 if path p can be used

q),f e{0,1} =1 if area k is covered w.r.t. destination d

by taking into account the maximum aircraft range (on a single
charge) and the location of charging bases. An edge (i, j) is feasi-
ble if an aircraft can make a journey through it on a single charge,
that is, the total journey distance from a charging base to a charg-
ing base does not exceed the maximum travel range. Despite for-
mulating the problem at a strategic level and not explicitly solving
the aircraft routing problem, Constraints (4) allow us to suitably
consider the feasibility of multi-step journey/routing on a single
charge. To operate edge (i, j), a given aircraft needs first to get
from a charging base to i, travel through (i, j) and then continue
to a charging base, such that the overall distance traveled is lower
than the range. Given the length d;; of (i, j) and shortest path
distances to/from a charging base from both i and j, Constraints
(4) formulate the minimum total routing distance through (i, j) as
pi + d;j + p;j and leverage big-M parameter M3 to set z;; equal to 0
whenever p; 4 d;; 4 pj > T. Constraints (5) define the feasibility of
any given path from the feasibility of all its edges from the feasi-
bility of all its edges. A path is not usable (i.e., ¥, = 0) if any of its
edges is not feasible. Constraints (6) then force the coverage vari-
ables ¢I‘j equal to zero when there is no feasible path from k to d,
i.e., all paths in P,f are unfeasible. Finally, Constraints (7)-(10) de-
fine the domain of the variables. We now clarify how Eq. (11) can
be reformulated by a set of linear inequalities in Proposition 1.

Proposition 1. Let w;; be one if the shortest path for node i goes
through node j. Let y; be one if no feasible path from node i to a
charging station exists. Let M? be a sufficiently large big-M parameter.
The following linear inequalities can be used to equivalently replace
Eq. (11).

pi<M'(1—y) VieN (12)
pi < dij+ pj VieN,VieN (13)
pi = dij+ pj — M*(1 — wyj) VjeMN,VieN (14)
pi =My VieN (15)
dowii+yit+xi=1 Vie N (16)

JeN;

Proof. See Appendix A.
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Constraints (12)-(16) calculate the shortest path distance from
node i to a charging base, or set it equal to M! if there is no
charging base within that given threshold.® Constraints (12) en-
sure that if airport i is activated as a charging base, its shortest
path value becomes zero. Otherwise, constraints (13)-(14) (along
with (16)) implements the calculation of minje (d;; + pj), that is,
the shortest path from i to an airport activated as a charging base.
This is done recursively, by taking the minimum of the sum of
the distance between i and j (d;;) and the shortest path from j
(pj), across all adjacent nodes to i, ie., je N Specifically, con-
straint (13) imposes an upper bound on p;, forcing it to be lower
or equal to the sum of the distance from i to any adjacent airport
Jj (d;;) and the shortest path from that adjacent airport. Through
parameter M2, Constraints (14) imposes a lower bound on p; that
is equal to the minimum shortest path from i. To further clarify on
the shortest path calculation, a simple illustrative example is re-
ported in Appendix B. Adding variable x; to Constraints (16) and
considering Constraints (15) force p; to be equal to M! if there is
no path to a charging base lower than M!, which occurs, for ex-
ample, in the case of disconnected sub-networks, as illustrated in
detail in Appendix C.

3. Solution methods

The EACN-REG model can be seen as an extension of the clas-
sical maximum coverage uncapacitated location problem—a well
known NP-hard problem (Church & ReVelle, 1974; Cornuéjols et al.,
1991; Daskin, 2011)—with additional complexities due to the short-
est path calculation and coverage constraints through the use of
composite path variables. As such, it is very challenging to solve
for real-world instances via direct implementation of exact branch-
and-cut (B&C) algorithms provided by commercial solvers. In this
section, we discuss methods to solve the EACN-REG for realistic
problem sizes. We first discuss the strengthening of the model for-
mulation in Section 3.1, which, as we shall see in Section 4, allows
to consider exact optimization methods to solve small- to mid-size

8 Note that Constraints (12) and (13) are not strictly needed and could be lifted,
i.e., Constraints (3) could be formulated as a greater than or equal to inequality. In-
deed, Constraints (14)-(16) suffice to set a lower bound on p; equal to the shortest
path to a charging base. Yet, the presentation of the model with these constraints
facilitates the illustration of the shortest path calculation. Additionally, they serve
as valid inequalities and defining an explicit upper bound on p; helps tighten the
model formulation, as better illustrated in Section 3.1.
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instances, and then present a Kernel Search heuristic to solve the
largest instances (Section 3.2).

3.1. Formulation strengthening

3.1.1. Tightening of big-M parameters

First, the big-M parameters need to be accurately set in order
to tighten the model relaxation and accelerate the convergence of
branch-and-cut algorithms. Setting a tight upper bound to p; (i.e.,
M?') enables to tighten the big-M parameters in the formulation
and prevent issues associated with large big-M parameters.’ Let
us note, first, that in our model we leverage the variables p; to
enforce feasibility of edges adjacent to i. Hence, the tightest M!
parameter value can be defined by identifying the smallest value
of p; such that any edge linked to i, i.e., (i, j) and (j, i) is infeasible.
Such value is provided in the following proposition (Proposition 2).

Proposition 2. Given an airport i with no charging base (i.e., y;
0), then any (i, j) or (j,i) is infeasible if and only if p; >t —
minj/eNl_ dij/'

Proof. See Appendix A.

From Proposition 2, we can thus define the tightest node spe-
cific big M' parameters as follows:

M! =7 —mind;; + €

. (17)
JeN;

with € being a small positive number, without cutting off any fea-
sible solution for the key decision variables y; and z;. As p; is
bounded above, we can then define big-M parameters M2 and M3
for each edge (i, j) as follows:

Mz’:du—i-f—mlndﬂr'i‘e (18)
'eN;
M? :dl’j—l-f —mind,-j, —mindj,-/+26 (19)
] Jj'eN; i'eN;

whose validity directly follows from Constraints (14) and (4), re-
spectively.

3.1.2. Tightening constraints

Additionally, we consider the following set of valid inequalities,
which proved effective for enhancing the solvability of the EACN-
REG model:

pi > min <mji\n dij. M}) 1=y, YieN (20)
JjeN;

Zjj < 1- Xi» V(l’ ]) eé (21)

zij < 1= xj, V@i, j)e€ (22)

Constraints (20) enforce a lower bound on the shortest path
value at each airport i—when it is not selected as a charging
base (i.e., y; = 0)—equal to the minimum between the distance to
the closest adjacent airport and the shortest path threshold pro-
vided in Eq. (17). Constraints (21) and (22) link variables z;; and
xi and x;, respectively. Their validity directly follows from Con-
straints (15)—according to which y; is set equal to 1 if and only
if the shortest path value to a charging base from i is higher than
M] —and Proposition 2.

9 Let us consider, for example, Constraints (14). If M2 is very large (i.e., M? > dij +
p;), then the model can set y;, x; = 0 and set some w;; > 0 such that }-; . wi; =1,
while keeping p; very low or zero.
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3.1.3. Binary relaxation

We observe that, due to the structure of the problem, we can
relax variables gb;f and ¥, replacing the associated binaries with
continuous variables bounded between 0 and 1, ie., ¥p €[0,1]N
R* and ¢¢ € [0, 1]nR*. Constraints (6) force ¢d equal to 0 if no
path in P,f is feasible. If, on the contrary, there is at least one
feasible path p (ie, ¥p=1) from k to destination d, then the
model will automatically set ¢,‘j equal to 1 (its upper bound) as
this adds to the objective function. For variables vy, we have that
Constraints (5) set them equal to O if at least one edge belonging
to the path p is not activated. To ensure that ¥, takes an integer
value in the model relaxation when the path is feasible, we then
add the following constraints:

Vp— Y zij=1-1&l

(i,j)egp

VYpeP (23)

which forces ¥, equal to 1 when all its edges are feasible. Sim-
ilarly, we can add the following constraints to set z;; equal to 1
whenever feasible:

d,’j+,01+,0j+Mz1,-Z,'j >T, V@i, j)e€& (24)
where leb. =T —d;;. This, in turn, accelerates the convergence of

the B&C search and in particular the proof of optimality.

3.2. Kernel search heuristic

Kernel Search (KS) is a general heuristic method designed to
solve Mixed Integer Linear Problems (MILP) with binary variables—
modeling the selection of items—as well as other integer and con-
tinuous variables. Angelelli et al. (2007) was first to introduce the
basic KS, and its iterative variant to solve a portfolio optimization
problem. The main idea of the basic KS is to obtain a possibly high
quality solution by not considering all the items at once but rather
starting from a small set of promising items—forming an initial
kernel—and exploring the possibility to add more items by solving
a sequence of moderate size MILP sub-problems. Items not belong-
ing to the initial kernel are partitioned into subsets called buckets.
Then, a sub-problem is solved for each bucket by restricting it to
its items and those in the present kernel, to identify possible new
items to extend the kernel. The iterative variant of the KS includes
an extra iteration(s) that revisits the buckets to further extend the
kernel. Guastaroba et al. (2017) further extended the basic KS to
the Adaptive Kernel Search (AKS) algorithm, with a kernel-update
adaptive scheme that also considers removal of items from the ker-
nel.

Since its original development, KS has been applied to a
wide range of combinatorial problems, encompassing a multi-
dimensional knapsack problem (Angelelli et al., 2010; Lamanna
et al., 2022), facility location problems (Filippi et al., 2021; Guas-
taroba & Speranza, 2012; 2014; Yang et al., 2019), and the in-
dex tracking problem (Filippi et al., 2016; Guastaroba & Speranza,
2012). The literature shows that the KS is a powerful tool for ob-
taining high quality solutions for complex MILPs with a similar
structure as our EACN-REG—that is, mixed-integer linear problems
defined on binary variables modeling item selection, together with
other integer or continuous variables related to the selected vari-
ables (Maniezzo et al., 2021). Indeed, the EACN-REG is character-
ized by the selection of a subset of focal charging airports out of a
pool of airport candidates (defined by binary variable y;) with high
network synergies and interaction captured through other vari-
ables for link feasibility, shortest path, path selection, and popula-
tion area connectivity. The effective performance of KS algorithms
significantly depends on two critical choices (Angelelli et al., 2010).
The first is the building of the initial kernel—the criterion and size.
The idea is to find a criterion such that the items that are more
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likely to belong to the optimal solution are part of the initial ker-
nel as such would accelerate the convergence of the algorithm. The
second is the generation of buckets and the iterating scheme. In-
deed, we would like to have small buckets for quicker updates of
the kernel, but also heterogeneous and large to capture correla-
tion among items. Note that this is a very important aspect in our
model as we allow for multi-step aircraft operations that lead to
interactions among airports.

We now present our kernel search algorithm, referred to as
EACN-KS, by clarifying the construction of the kernel, the buckets,
and summarizing the iterative algorithm.

3.2.1. Construction of the initial kernel

Previous papers (e.g., Angelelli et al., 2007; Filippi et al., 2021)
solved the continuous relaxation of the original problem to in-
form the selection of initial kernel items. In our case, this approach
proved ineffective because of the resulting loose relaxation of the
EACN-REG—under which most of the y; variables are set to 0, espe-
cially when considering large values of 7 (i.e., long ranges). There-
fore, given an initial kernel size 5, we devise a problem tailored
centrality-based approach (INIT (N, P, K,s)) to build the initial ker-
nel (defined as S). For each airport i ¢ N, INIT(N,P,K,S) com-
putes the number of origins k € £ that could be served based on
the paths p € P that go through it, then ranks the airports in de-
scending order and selects the top S as part of the initial kernel.

3.2.2. Construction and exploration of the buckets

In our KS based heuristic, we randomly partition the remain-
ing airports into buckets b of size b (with possible exception of
the last one). We find a good bucket size b, by experimentation.
Additionally, we implement a modified version of the iterative KS
where at the start of each iteration, we re-build the buckets from
those remaining items/airports outside the kernel. This allows us
to capture additional correlations among airports, which could fur-
ther improve the incumbent solution. For example, let us assume
that both airport 1 and airport 3 need to be activated to enable a
given crucial path (e.g., serving a very remote area). Let us further
assume that both airports are not in the kernel and their mutu-
ally exclusive activation does not improve the incumbent solution.
If both airports are in separate buckets—which are sequentially ex-
plored by the heuristic—the correlation between these airports is
not captured and neither airport will be added to the kernel (and
consequently to the optimal solution). Instead, if airport 1 and air-
port 3 belong to the same bucket, they may both be added to
the kernel as their joint contribution could allow serving an ex-
tra region and improve the solution. Hence, recombining buckets
through multiple iterations helps accounting for this aspect.

3.2.3. Iterative algorithm

We now summarize the full iterative procedure in Algorithm 1.
The EACN-KS takes as input the set of all airports A/, the max-
imum number of iterations iter™¥, the kernel size s, the bucket
size b, and the maximum run time TM3_ [n the initialization step,
we build the initial kernel S of very promising airports for the lo-
cation of charging bases using INIT (N, P, K,5), and set the incum-
bent objective value z* and the iteration count iter to zero.

We then extend the initial kernel through a series of itera-
tions (< iter™3) where we evaluate a sequence of buckets. At the
start of each iteration, the set of non-kernel airports ¢/ is parti-
tioned into buckets of size b forming a set of buckets 5. For each
bucket, we solve a restricted version of the original model denoted
as EACN-REG*(S U b, z*), which is obtained by editing the original
model as follows: (1) charging bases can only be selected among
a restricted set of airports given by the union of the kernel items
and items belonging to the bucket under consideration, i.e., SUb—
note that, to capture synergies, the model considers the complete
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Algorithm 1 EACN-KS algorithm.

Input: all airports A; maximum iterations iter™*; kernel size s;
bucket size b; maximum run time TMa*

1: Initialization:

2 Build the initial kernel: S = INIT(N, P, K, )

3 Iteration count: iter <~ 0

4 Objective value: z* < 0

5. while iter < iter™ and runtime < T™¥ do

6 Create set of non-kernel airports: & < N\ S

7 Create set of buckets B < ¢

8 while ¢/ is not empty do

9: Randomly pick b airports from #/ and add to a bucket b
10: Add bucket to the set of buckets: B <~ BUb
11: Remove bucket airports from ¢: U <~ U\ b
12: end while

13: for b < B do

14: Solve restricted model: EACN*(S U b, z*)

15: if EACN*(S Ub, z¥) is feasible then

16: Get activated airports: A={ie SUb:y; =1}
17: Update the kernel: S <~ SU A

18: Update the objective value: z*

19: Store solution (z*, ¥;, pj, Zij, ¢p, Y.
20: end if
21: end for
22: Update iteration count: iter < iter + 1

23: end while
Output: z*, y;, 0, Z; j, Pp, 1//;?

set of the airports A/ and only restricts the set of airports as candi-
dates for charging bases; (2) add a constraint to force z* (which is
given by the incumbent optimal objective value) be a valid lower
bound of the restricted problem. If a feasible solution to the re-
stricted problem is found, we add the activated airports A to the
kernel, update the incumbent objective value z* and store the so-
lution. The currently best found solution is used to warm start the
solution process. After we assess all buckets, we increment the it-
eration count. If the iteration count is less than or equal to iter™ma
(and the run-time of the algorithm runtime is less than or equal
TmaxX) we start the next iteration, which begins with re-building
the buckets from the remaining airports outside the kernel. Note
that having two termination criteria is helpful, since one iteration
involves solving |B| optimization problems, which may be time
consuming.

4. Computational experiments

In this section, we examine the computational tractability of the
EACN-REG and test the performance of our proposed Kernel Search
based algorithm (EACN-KS) using randomly generated networks of
varying size and complexity.

The size of our instances is controlled by the number of can-
didate airports |A|, the number of population areas ||, and the
maximum travel range on a single charge t. All together, they af-
fect the computational complexity of the model. Specifically, the
number of airports significantly impacts the solution space by lin-
early increasing the number of candidates for locating charging
bases and exponentially increasing the number of potential paths.
The number of feasible paths is also significantly affected by 7, as
longer values render more edges between airports feasible, which
in turn results in more travel path options. Ultimately, the num-
ber of population areas directly affects the complexity of achieving
connectivity targets.

We consider a geographic bounding box (area) with a total area
of 450,000 square kilometers, comparable with the geographical
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span of Sweden. Then, we partition the bounding box using grids
of various sizes, either 100 (4500 square kilometers per area) or
200 (2250 square kilometers per area) to obtain the population ar-
eas, and randomly select one of the grid cells as a target destina-
tion. We randomly generate 50 or 100 airports within the bound-
ing box, ensuring that any pair of airports is at least 30 kilometers
apart. Notice that these airport networks are reasonable represen-
tations of the real-world; for example, an airport network size of
50 represents the active (with scheduled traffic) airports in sev-
eral countries (e.g., ~ 47 in Norway, ~ 39 in Sweden, and ~ 40 in
Italy), while 100 suitably proxies the possible network size if cur-
rently active airports are coupled with currently underutilized air-
fields/regional airports that could be leveraged for the operations
of electric aircraft (68 in Norway, 83 in Sweden, 116 in Italy) (Our
Airports, 2021). For the maximum aircraft range, we examine in-
stances with three values of 7 (400, 600, and 800) based on the in-
formation reported by electric aircraft manufacturers (e.g., Eviation,
2021; Heart Aerospace, 2021) and prior studies (e.g., Justin et al.,
2022).

Given the airport network, we calculate the flight distance be-
tween airport pairs as the geodesic distance and consider a cruise
speed of 400kilometer per hours to calculate the correspond-
ing flight times. We then use a simple-paths algorithm based on
a modified depth-first search (Hagberg et al., 2008; Sedgewick,
2001), to generate all the potential paths from any airport to the
target destination with a maximum of two intermediate airports
(i.e., maximum of three adjacent edges). Note that the performance
of this algorithm was sufficiently good for the real-world like cases
considered, taking about 5 minutes for the largest instances that
are also representative of real world cases.'® Consistent with pre-
vious literature (e.g., Paleari et al., 2010), we remove unattractive
paths for a given origin airport by enforcing a maximum threshold
on the routing factor—calculated as the ratio between the path’s
total flight distance and the nonstop flight distance between the
origin and destination airport—equal to 1.4 when t =400 and 1.2
when t = 600/800. We compute ground access times by dividing
the geodesic distance between the centroid of each grid cell and
each airport by an average speed of 60 kilometer per hours and re-
strict to paths whose origin airport is within 90 minutes driving
time from the grid cell centroid.

Overall, we consider 12 scenarios and run 5 instances for each,
leading to a total of 60 instances, which are solved by branch-and-
cut (B&C) with our tightened formulation and the EACN-KS heuris-
tic proposed in Section 3. Due to a lack of data, in our computa-
tional experiments and the following application in Section 5, we
do not differentiate between airports (i.e., we assume ¢; =1, Vie
N) and assume no explicit cost associated with the use of air-
ports not considered as charging bases. Yet, the model could be
trivially extended to account for these aspects. For the B&C, we
solve the two objectives of the model lexicographically: we first
solve for the coverage objective, store the value of the (optimal)
coverage and then solve for the minimum number of airports with
charging infrastructure while enforcing the value of the total cov-
erage as a constraint. For the KS, we consider weights 1 =1 and
Mo = 0.01, which ensure the prioritization of the first objective
(coverage) versus the second one (number of charging bases).!!
Note that, solving the problem lexicographically eases the compar-

10 Furthermore, note that in case the enumeration of path would be problematic,
our set partitioning approach is anyhow amenable to the implementation of column
generation like heuristics or exact branch and price algorithms (similar to Barnhart
et al., 1998a; 1998b).

11" Solving lexicographically for the Kernel Search is not viable as enforcing a cover-
age constraint would lead to in-feasibility in the first steps of the algorithm (i.e., ex-
ploration of the first set of buckets). Additionally, solving B&C sequentially or with
weights neither affected the computational performance nor the optimal objective.
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ison among methods from the computational point of view as it
returns one optimal solution for each instance (instead of a Pareto
front). Prioritizing the coverage is also significant from a practical
point of view as it constitutes a typical planning goal of regional
transportation planners, especially in the case of ensuring regional
connectivity. The sizes of the initial kernel and the buckets—equal
to 5 and 10, respectively—were determined through experimenta-
tion. The kernel search algorithm was implemented using Python
3.6 and the CPLEX MILP Solver (v12.9), on an Intel(R) Core(TM) i7-
8700K CPU with a frequency of 3.70gigahertz and 32 gigabyte of
RAM, enforcing a maximum run-time of 20 minutes and 2 hours
for each individual MILP and the overall algorithm, respectively.

Table 2 summarizes the results of the computational experi-
ments. For each scenario defined by |A], |K| and 7, the table re-
ports the instance number (#), the number of variables (# cols)
and constraints (# rows), and the coverage value (Obj;) (assuming
equal weights for each population area), the number of airports
selected as charging bases (Obj,) and the computational time in
seconds (T(s)). For the B&C, the Lower bound (LB) of the number
of airports selected as charging bases is reported to indicate the
optimality gap. For the KS, we report the results for two differ-
ent implementations, where the first one (EACN-KS(1)) is limited
to one iteration while the second one (EACN-KS) considers a max-
imum of three iterations. Observing the differences between them
highlights the benefits of reiterating among and recombining buck-
ets. For the KS methods, the table also reports the percentage dif-
ference (A%) in their coverage and number of charging bases as
compared to the B&C approach.

The computational results reveal that the B&C approach can ef-
ficiently solve small to medium sized instances to optimality, such
as instances with 50 airports within 9 minutes. By contrast to
when the problem size is increased to 100 airports, the B&C ap-
proach suffers from scalability issues thus attaining feasible but
most often sub-optimal solutions within the two hours thresh-
old. The B&C approach especially struggles with larger instances
that consider long ranges of 600 kilometers, and even more for
800 kilometers, which lead to a significant enlargement of the so-
lution space (~2 to 4 times in the number of rows and cols). De-
spite the strengthening of the model formulation, a closer look
into the convergence of the B&C algorithm reveals a critical issue
with the loose LP relaxation of the EACN-REG—for example, in the
largest instances with 7 = 800 (instances 41 to 45 and 56 to 59),
the lower bound on the number of charging bases is still equal to
0 after two hours—which in turn undermines the effectiveness and
convergence of tree-based enumeration algorithms.

Now let us turn to our KS heuristic. For small-mid size in-
stances (instances 1 to 30), our experiments reveal that using
one iteration through the buckets is not sufficient to consistently
achieve global optimality. The EACN-KS(1) reports sub-optimal re-
sults for the coverage objective in 7 out of 30 instances, with an
optimality gap ranging between —2% and —20%. Additionally, even
when EACN-KS(1) gets the coverage objective right, there are some
instances (e.g., instances 5, 8, 16, and 19) in which it does not
achieve the optimum concerning the number of airports activated
as charging bases. This, in turn, highlights the limitation of per-
forming only one iteration through the set of pre-assembled buck-
ets, as it may fail to capture some correlation patterns among air-
ports, ultimately yielding sub-optimal results. By contrast, when
considering larger instances (instances 31 to 60), EACN-KS(1) ap-
pears to have a significant edge against B&C. In these instances, the
EACN-KS(1) attains optimal coverage'? in all the instances but four
(instances 33, 47, 49, and 50), and reduces the number of bases

12 Recall that, under the B&C approach, we are solving the problem sequentially—
first maximizing coverage and then minimizing the number of charging bases under
a maximum coverage constraint. The first step is trivial and solves in a matter of
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Table 2

Computational experiments.
# NIkl T B&C EACN-KS(1) EACN-KS

#cols #rows Obj, Obj,(LB)  T(seconds)  Obj;(A%) Obj, (A%) T(seconds) Obji(A%)  Obj,(A%) T(seconds)

1 50 100 400 2367 8077 100 14 (14 <60 98 (—2%) 13 (- 77) <60 100 (=) 14 (=) <60
2 2613 8936 100 15 (15)* <60 97 (—3%) 4 (-7%) <60 100 (=) 15 (=) <60
3 2293 7736 92 16 (16)* <60 74 (—-20%) 3(-19%) <60 92 (=) 16 (=) <60
4 1889 6362 68 14 (14) <60 68 (=) 4 (=) <60 68 (=) 14 (=) <60
5 2388 8172 93 17 (17 <60 90 (—3%) 6 (—6%) <60 93 (=) 17 (=) <60
6 50 100 600 3558 12,172 100 9 (9) 225 100 (=) (:) <60 100 (=) 9(=) <60
7 4717 16,869 100 7 (7) 98 100 (=) 8 (+14%) <60 100 (=) 7 (=) 80
8 5029 17,907 99 8 (8)* 109 99 (=) 9 (+13%) <60 99 (=) 8 (=) 230
9 3637 12,662 98 8 (8)* <60 98 (=) 8 (=) <60 98 (=) 8 (=) <60
10 4207 14,804 100 8 (8) <60 100 (=) 8 (=) <60 100 (=) 8 (=) <60
11 50 100 800 7762 28,399 98 4 (4) 486 98 (=) 4 (=) <60 98 (=) 4 (=) 296
12 8078 29,642 100 5(5) 323 100 (=) 5 (=) <60 100 (=) 5 (=) 388
13 6451 23,087 97 4 (45 127 97 (=) 4 (=) <60 97 (=) 4 (=) 116
14 5720 19,977 98 4 (4y 65 98 (=) 4 (=) <60 98 (=) 4 (=) 171
15 5304 18,473 100 4 (47 92 100 (=) 4 (=) <60 100 (=) 4 (=) 114
16 50 200 400 2314 7794 116 14 (14 <60 106 (-9%) 11 (-21%) <60 116 (=) 14 (=) <60
17 2581 8668 198 20 (20 <60 198 (=) 20 (=) <60 198 (=) 20 (=) <60
18 2496 8426 180 17 (17)* <60 172 (-4%) 17 (=) <60 180 (=) 17 (=) <60
19 2494 8291 192 20 (20" <60 181 (—6%) 16 (-20%) <60 192 (=) 20 (=) <60
20 2932 10,084 144 13 (13)* <60 144 (=) 13 (=) <60 144 (=) 13 (=) <60
21 50 200 600 4387 15,224 190 7 (7)¢ 83 190 (=) 7 (=) <60 190 (=) 7 (=) <60
22 4183 14,391 196 8 (8) 139 196 (=) 8 (=) <60 196 (=) 8 (=) <60
23 5156 18,032 198 8 (8) 168 198 (=) 8 (=) <60 198 (=) 8 (=) <60
24 5595 19,899 200 9 (9) <60 200 (=) 9 (=) <60 200 (=) 9 (=) <60
25 5517 19,689 198 8 (8) <60 198 (=) 8 (=) <60 198 (=) 8 (=) <60
26 50 200 800 6126 21,348 193 4 (4) 292 193 (=) 5 (+25%) 116 193 (=) 4 (=) 484
27 8264 29956 200 5 (5) 248 200 (=) 5 (=) <60 200 (=) 5 (=) 326
28 6452 22,943 193 4 (4)¢ 337 193 (=) 5 (+25%) <60 193 (=) 5 (+25%) 379
29 5674 19,595 197 4 (4 129 197 (=) 4 (=) <60 197 (=) 4 (=) 220
30 5146 17,767 198 5 (5) 90 198 (=) 6 (+20%) <60 198 (=) 5 (=) 275
31 100 100 400 12,595 46,162 98 20(13) TL 98 (=) 18 (-10%) 80 98 (=) 17 (-15%) 4222
32 12,837 47,038 98 18(14) TL 98 (=) 17 (—6%) 102 98 (=) 17 (—6%) 2394
33 13,996 51,627 100 18(12) TL 94 (—6%) 16 (-11%) 75 100 (=) 16 (-11%) 1871
34 13,175 48,466 98 17 (14) TL 98 (=) 17 (=) <60 98 (=) 16 (—6%) 158
35 13,124 48,207 100 19 (19 1571 100 (=) 19 (=) 69 100 (=) 19 (=) 1024
36 100 100 600 25278 94,053 100 12 (1) TL 100 (=) 7 (—42%) 281 100 (=) 6 (—50%) 1675
37 30,368 114,252 97 12 (4) TL 97 (=) 9 (—25%) 287 97 (=) 9 (—25%) 1411
38 24,931 92,972 99 11 (4) TL 99 (=) 10 (—9%) 129 99 (=) 8 (—27%) 3239
39 22,990 85,132 99 11 (3) TL 99 (=) 8 (—27%) 453 99 (=) 8 (—=27%) TL
40 29,505 110,991 98 14 (3) TL 98 (=) 8 (—43%) 194 98 (=) 8 (—43%) 1621
41 100 100 800 46,847 178,389 99 8 (0) TL 99 (=) 5 (—38%) TL 99 (=) 5 (—38%) TL
42 46,360 176,225 96 6 (0) TL 96 (=) 5 (=17%) 4866 96 (=) 5 (=17%) TL
43 23,881 86,140 99 6 (0) TL 99 (=) 4 (—33%) 6105 99 (=) 4 (-33%) TL
44 38,486 144,236 98 8 (0) TL 98 (=) 5 (—38%) TL 98 (=) 5 (—38%) TL
45 49,094 186,039 98 11 (0) TL 98 (=) 5 (—55%) TL 98 (=) 5 (—55%) TL
46 100 200 400 15,008 55,087 196 18(12) TL 196 (=) 18 (=) 139 196 (=) 17 (—6%) 2340
47 11,498 41,431 190 22 (22)* 3640 181 (-5%) 21 (-5%) <60 190 (=) 22 (=) 375
48 13,257 48,398 196 18(13) TL 196 (=) 18 (=) 94 196 (=) 17 (—6%) 2066
49 9107 32,149 176 21 (21 84 162 (-8%) 18 (—14%) <60 176 (=) 21 (=) 115
50 12,025 43,502 157 21 (21 141 147 (-6%) 19 (—10%) <60 157 (=) 21 (=) 181
51 100 200 600 26,197 97,004 195  13(1) TL 195 (=) 8 (—38%) 256 195 (=) 7 (—46%) 1651
52 22,449 82,062 199  9(0) TL 199 (=) 7 (—22%) 1368 199 (=) 7 (—22%) TL
53 19,525 70,999 199 9(1) TL 199 (=) 8 (-11%) 535 199 (=) 8 (~11%) 5295
54 15,811 56,244 195 10 (2) TL 195 (=) 9 (—10%) 1769 195 (=) 9 (—10%) TL
55 16,932 60,359 191 8(2) TL 191 (=) 8 (=) 427 191 (=) 8 (=) 3703
56 100 200 800 28,493 104,449 196 6 (0) TL 196 (=) 5 (=17%) TL 196 (=) 5 (=17%) TL
57 30,110 111,218 198  5(0) TL 198 (=) 5(=) 5369 198 (=) 4(-20%) TL
58 20,186 71,517 197 6(0) TL 197 (=) 4 (-33% 4324 197 (=) 4 (—33%) TL
59 211,474 55,358 200 7 (0) TL 200 (=) 5 (—29%) 4115 200 (=) 5 (—29%) TL
60 84,024 23,559 198  5(1) TL 198 (=) 4 (—20%) 2952 198 (=) 4 (—20%) TL

Obj, stands for the coverage objective (with equal weights and one target destination), i.e., }". ¢x; Obj, stands for the number of airports activated as charging bases, i.e.,
Yien Yis A% computed w.r.t B&C solution; Asterisks (*) denote global optimal solutions; TL denotes the maximum run-time of two hours.

significantly (by 26.2%, on average'?). This highlights the benefits tween solution quality and computational times, outperforming

of the KS in coping with large instances. both B&C and EACN-KS(1). Overall, EACN-KS achieves optimal cov-
Next we show how leveraging more iterations and recombi- erage across all scenarios and instances, and returns the small-
nation of buckets in the Kernel search achieves a trade-off be- est number of charging bases in all of the instances but one (in-

stance 28). For small- and mid-size instances (e.g., instances 1 to
30), EACN-KS consistently finds the global optimal solution in short
computation times—overcoming the limits of considering one it-
eration only and matching the performance of B&C. More inter-

seconds. Hence, the coverage level reported under B&C is always optimal. In turn,
this helps assess the quality of our heuristic solution.
13 Considering instances for which coverage is optimal under both methods.
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estingly, the KS achieves superior solutions for the large instances
(i.e., instances 31 to 60), with a significant percentage reduction in
the number of charging bases of —24.4% and —5.2% on average as
compared to B&C and EACN-KS(1), respectively. In our instances,
a closer look into the evolution of the algorithm highlights that
at termination, the kernel size ranges between 12 and 58. These
figures provide information about the maximum size of MILP sub-
problems considered in the Kernel Search because the kernel size
is non-decreasing, i.e., we do not remove items from the kernel.
In turn, this highlights the ability of EACN-KS to effectively de-
compose the large-scale original EACN-REG into a series of sub-
problems of reduced size, with clear benefits in terms of computa-
tional tractability.

In summary, these computational results show that the B&C ap-
proach is not suitable for solving instances of reasonable size: its
performance drastically worsens as the number of candidate air-
ports, as well as the range on a single charge, increases. By con-
trast, the results highlight consistent and strong performance of
the proposed KS approach, ultimately providing an effective and
scalable solution method for the EACN-REG model.

5. Case study

The application of the EACN-REG is now illustrated through a
case study of Sweden—one of the leaders in the transition towards
electric aircraft. The Swedish government, through the Swedish
Transport Administration (Trafikverket), is interested in ensuring
good connectivity for all regions to/from certain major destina-
tions, such as a major city or a hub airport, to foster regional co-
hesion and development (Andersson, 2019). Trafikverket analyses
the travel opportunities of all regions to certain destination(s) and
makes infrastructure recommendations to maximize regional con-
nectivity. The deployment of electric aircraft is a major opportunity
for improving regional connectivity. Specifically, their small seat
capacity and lower operating costs can effectively serve regional
routes, including those with thin demand serving remote regions,
which do not have good connectivity either with ground trans-
portation or commercial airline services due to insufficient pas-
senger demand. These remote regions typically rely on high public
subsidies to have air services (Kinene et al., 2022).

Through this case study, we highlight the strategic planning in-
sights that the EACN-REG model can provide concerning the struc-
turing of a charging network for electric aircraft and the associated
connectivity implications.

As input to our real-world case study, we divided Sweden into
281 (50 kilometers by 50 kilometers) population areas. Each pop-
ulation cell has an associated population that we obtained from
a high-resolution (30 arcseconds) global spatial data set for 2019,
similar to Tatem (2017). Concerning the set of airport candidates,
we consider two alternative settings. In Sweden, electric aircraft
can utilize the current network of 38 airports—that we refer to as
the current network—already with air traffic management and in-
struments (e.g., lighting and technical equipment) to operate com-
mercial traffic. Moreover, we show how regional connectivity can
expand by leveraging a larger network of 83 airports—that we refer
to as the full network—consisting of 45 underutilized airports with
at least one 800 meters long paved runway (TrafikAnalys, 2020). In
line with current aircraft operation requirements (see ICAO, 2021),
we account for alternate airport requirements and contingency en-
ergy by adjusting the definition of arc flight distance parameters
in the model formulation. First, we account for diversions to an al-
ternate airport by estimating the distance to the airport closest to
the flights destination (alt;). In our case, the current network gives
the minimum, median, and maximum distances to alternate air-
ports of 33, 77 and 159 kilometers, respectively, while full network
gives 8, 38 and 154 kilometers, respectively. Second, we account
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for the additional en-route energy consumption caused by wind,
routing changes or air traffic management restrictions—also known
as flight reserve/contingency energy—by increasing the flights dis-
tance by a factor (res) equal to 5%. We thus define an adjusted
distance of each flight arc in our model as follows: d:-j =dij*(1+
res) + alt;. To assess regional connectivity, we consider one target
destination, Stockholm city—which is commonly used when assess-
ing regional connectivity in Sweden (see, e.g., Kinene et al., 2022).
The total travel time between the centroids of the population areas
and Stockholm using a given path was then computed as the sum
of ground access and flight times following a similar approach as
in the computational experiments (Section 4).' Finally, we apply
the following filtering to the input data, based on current prac-
tice and commonly used criteria in air transportation research. In
addition to the thresholds on the routing factor and ground access
time as in Section 4, we consider a total travel time threshold (e.g.,
4 hours) to account for connectivity targets stated by transporta-
tion authorities. In practice, for each population area, we consider
those flight paths that, when combined with the ground access
component, provide a total travel time within a given travel time
threshold. Ultimately, we consider only population outside of the
Stockholm area. We assume that the areas with 2 hours of ground
transportation to Stockholm city already have sufficient connectiv-
ity, and it would be unattractive for them to drive to a nearby air-
port for a flight to Stockholm.

Given the data input specific to Sweden, we conduct a two-part
analysis to (i) investigate the trade-off between population and re-
gional coverage and number of charging bases and (ii) assess the
impact of technological (and safety) features of electric aircraft,
specifically the maximum range on a single charge (t), and the
total travel time threshold. All results in the case-study were ob-
tained by solving the EACN-REG with our kernel search heuristic—
with the same computer and run-time limits as in the computa-
tional experiments in Section 4.

5.1. Coverage and number of charging bases

In Fig. 2, we present the Pareto front curves of the coverage
(on the y-axis) and the number of charging bases (on the x-axis)
for the current network (Curr. Ntw) and the full network (Full.
Ntw). The Pareto fronts are obtained by an approach similar to
the e-constrained method, i.e, by maximizing the coverage objec-
tive (Eq. (1)), subject to a constraint on the number of charging
bases (Eq. (2)). We also investigate two alternative regional con-
nectivity targets, i.e., either maximizing the spatial coverage (i.e.,
unweighted regional coverage, proxied by the number of covered
cells) or maximizing population coverage.'® Fig. 2(a) and (b) report
the results under spatial coverage maximization; while Fig. 2(c)
and (d) refer to population coverage maximization. Notice that the
irregular patterns in Fig. 2(b) and (c) are due to the fact that we
optimize for one objective and then assess the solution based on
the other objective. This in turn highlights the degree of correla-
tion/divergence between objectives—underscoring the importance
to carefully set the connectivity requirements. All analyses consid-

4 We acknowledge the fact that these inputs could be refined. For example,
ground access travel times could be obtained from well known journey planning
search engines, such as google maps and Rome2Rio, similar to Birolini et al. (2019).
Similarly, the estimation of flight times could be improved by explicitly accounting
for take-off and landing, or considering transfer time between connecting flights.
While this may surely improve the practical insights and reliability of the analysis
from an empirical standpoint, it does not significantly affect the illustration of the
EACN-REG'’s applicability and strategic insights from a modeling standpoint, which
is the primary aim of this paper.

15 Practically, these two approaches are implemented by varying input parameter
Ty, setting it equal to 1 in the former case and equal to the population living in k
in the latter case.
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Fig. 2. The trade-off between coverage (Nr. cells or population) and number of charging bases (Nr. Charging bases).

ered a maximum range on a single charge of 400 kilometers and a
total travel time threshold of 4 hours.

As expected, Fig. 2 shows that having more airports as charging
bases enables the coverage of more areas and population. More-
over, the pattern is non-decreasing downward concave, showing
how with a small number of airports (e.g., 10) we can serve the
majority of cells/population, while it takes an increasing number
of airports to achieve maximum coverage, including remote re-
gions. This is also evident from the maps in Fig. 3. This is es-
pecially true in a population weighted (Fig. 2(d)) rather than un-
weighted approach (Fig. 2(a)), further highlighting the difficulty of
serving remote regions. We also notice that leveraging a full net-
work of airports (blue line), which includes the underutilized re-
gional airports/airfields, has two main benefits. First, it allows to
reduce the number of charging bases but achieve the same level
of coverage, e.g., 4 vs. 9 airports to get the same coverage in terms
of number of cells (Fig. 2(a)), and 2 vs. 6 (Fig. 2(d)) to get the same
coverage in terms of population. Second, it can achieve more cov-
erage/connectivity than the current network of airports (red line):
for example, with the current network, locating charging bases at
9 airports would provide coverage for 5.57 million people (and
84 population areas) but if the full network is leveraged, 15.7%
more people (and 19.1% more population areas)—totaling 6.45 mil-
lion people—would have coverage but with 5 (44.4% less) airports.
Overall, these results show how leveraging a more widespread net-
work of airports can boost connectivity, both in terms of efficiency
and scope.

Comparing Fig. 2(b) and (d), clearly illustrates that ensuring
spatial coverage of areas based on uniform weights is not fully
correlated with maximizing the population covered. This, in turn,
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highlights the flexibility of the EACN-REG model to accommodate
and assess the outcome of different planning priorities.

Fig. 3 then highlights the incremental coverage of population
areas with the increase in the number of airports activated as
charging bases. In Fig. 3(a), it can be seen that locating a charging
base at only three airports (i.e., Norrkdping, Gdvle-Sandviken, and
Anderstorp) can provide coverage to 73 areas and 5.8 million peo-
ple (i.e., 81.9% of maximum coverage) in the south and central part
of Sweden—the most densely populated area other than Stockholm.
With 6 airports as in Fig. 3(b), 6.7 million people and 56.2% more
areas would be covered. Then, with 9 airports as charging bases
(Fig. 3(c)), we could achieve almost full coverage, except remote ar-
eas specifically in the north (e.g., in Kiruna) and Gotland—Sweden’s
large island—with 211,000 people (3.0% of the population). These
areas would require two additional charging bases: for example,
one at Gdllivare airport to increase coverage in the north and an-
other either on Gotland (i.e, at Visby airport). Overall, this analysis
demonstrates that the full benefits of electric aircraft can better be
achieved by leveraging the many currently under-utilized regional
airports. Additionally, using the population as a measure of geo-
graphic importance for the population areas allows to achieve bet-
ter trade-off between the population covered and the number of
charging bases than using equal weights of geographic importance.
Yet, this may be against a more equitable coverage of areas, at the
expense of remote regions.

5.2. Travel time threshold and maximum aircraft range

In this part, we assess how the different maximum ranges and
the consideration of different travel time thresholds would af-
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(a) 3 airport

(b) 6 airports.

(c) 9 airports.

Fig. 3. The location of the airports selected as charging bases and the covered population areas—using the full network of candidate airports under a population coverage
maximization approach. The white area represents uncovered population areas; gray area represents the Stockholm area and those unreachable areas based on the considered
empirical setting; hatched area represents population areas with zero population; light-green area represents covered population areas; red dots represent the airports
activated as charging bases; black dots represent the other airports used; gray crosses represent unused airports; and solid black lines indicate edges along selected paths.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 3

The impact of the total travel time threshold and maximum range on a single charge t on the coverage, num-
ber of airports selected as charging bases, and mean and standard deviation of the minimum total travel times

of selected paths across all origins.

TIT 1t Curr. network Full. network
Cov Cov Nr.Chg TIT TIT Cov Cov Nr.Chg TIT TIT
Pop Nr.cells  Apts Mean Std Pop Nr.cells  Apts Mean Std
180 400 6.62 165 24 1139 319 7.02 193 19 109.2 335
600 6.67 183 13 1158 341 7.05 203 10 105.6  38.1
800 6.67 183 6 1152 345 7.05 204 10 103.1  37.8
240 400 664 173 23 1182 356 7.06 207 16 117.2 403
600 6.70 211 13 1266 432 7.07 227 11 1158 469
800 6.70 211 5 1273 442 7.07 227 11 113.0 465
300 400 664 173 23 1182 356 7.06 207 16 117.2  40.2
600 6.70 211 13 1279 448 7.07 227 11 115.7 469
800 6.70 211 5 1273 442 7.07 227 10 1131 46.7

fect the coverage, number of airports activated as charging bases,
and travel-times from each origin to the destination. We explore
three total travel time thresholds—3, 4 and 5 hours—and three val-
ues of the maximum range on a single charge 7—400, 600, and
800 kilometers. These values of t are both in line with the pub-
lished values by promising aircraft manufacturers (Eviation, 2021;
Heart Aerospace, 2021) and literature (e.g., Justin et al., 2022).16
The results are shown in Table 3 and Fig. 4. Table 3 presents, for
each airport network (i.e., current network and full network) and
each combination of total travel time thresholds (TTT) and t, the
covered population (Cov Pop) and number of areas (Cov Nr.cells),

16 We also conducted additional analyses to test a lower viable maximum aircraft
range of 300kilometers as a means to account for more stringent safety concerns
(e.g., than with 400 kilometers), but the EACN-REG was infeasible for our specific
case study.

number of airports selected as charging bases (Nr.Chg Apt), and
the mean (TTT Mean) and standard deviation (TTT Std) of the min-
imum total travel times across all origins—computed considering
the most convenient viable path from each origin. Fig. 4 presents
the total travel times (on the y-axis) of all feasible paths of each
served origin (on the x-axis) for two airport networks.

First, let us discuss the impact of varying the total travel time
threshold. Increasing the total travel time threshold would allow
the coverage of more areas and population, with less airports se-
lected as charging bases. We notice that above a certain travel time
threshold (4 hours for the case of Sweden), no improvement in
coverage would be achieved (regardless of the range). In turn, nei-
ther the current nor the full network of candidate airports would
be sufficient to cover a set of very remote regions (i.e., the gray
areas other than Stockholm depicted in Fig. 3): this would only be
possible by either increasing the access time threshold (i.e., more

1311



A. Kinene, S. Birolini, M. Cattaneo et al.

European Journal of Operational Research 309 (2023) 1300-1315

300

300

250

200

Total Travel Time (TTT) in minutes
Total Travel Time (TTT) in minutes

501 7

250

200

150

1001 "

Total Travel Time (TTT) in minutes.

0 50 100 150 200 0 50

Pop. area ids (sorted by the minimum TTT)

(a) Curr. Ntw. (7=400 km,
TTT=3 hrs)

100

Pop. area ids (sorted by the minimum TTT)

(b) Curr. Ntw. (=400 km,
TTT=4 hrs)

150 200 0 50 100 150

Pop. area ids (sorted by the minimum TTT)

200

(c) Curr. Ntw. (=600 km,
TTT=4 hrs)

300

Total Travel Time (TTT) in minutes
Total Travel Time (TTT) in minutes

Total Travel Time (TTT) in minutes

0 50 100 150 50

Pop. area ids (sorted by the minimum TTT)

200 0

(d) Full Ntw. (=400 km,
TTT=3 hrs)

100

Pop. area ids (sorted by the minimum TTT)

(e) Full Ntw. (r=400 km,
TTT=4 hrs)

200 0 50 100 150 200

Pop. area ids (sorted by the minimum TTT)

150

(f) Full Ntw. (=600 km,
TTT=4 hrs)

Fig. 4. The total travel times of all selected paths of each served origin when considering the two airport networks current network (Curr. Ntw.) and full network (Full Ntw.),
a maximum travel range t (i.e., 400 and 600 kilometers), two total travel time thresholds TTT (i.e., 3 and 4 hours). Each black dot represents a possible path for an origin.

than 90 minutes) or considering the establishment of new airport
candidates. From Table 3, considering the full network (current net-
work), an increase in the total travel time threshold by 1 hour al-
lows coverage of 0.4% (0.3%) more population and 10.1% (11.8%)
more areas but with fewer airports. Indeed, a higher total travel
time threshold allows for the coverage of more people (and ar-
eas), especially those furthest from the destination, by allowing
the use of additional paths with longer travel times. This increase
in coverage, the number of paths, and the minimum total travel
time across origins is presented in more detail using Fig. 4. For
example, with the current network and a range of 400 kilometers,
a total travel time threshold of 4 hours in Fig. 4(b), compared to
3 hours in Fig. 4(a), covers more areas (indicated by the right-
shift dotted vertical line), which use additional paths with the
longer travel times—indicated by the increase in the number of
dots above 3 hours). Indeed, a similar comparison for the full net-
work (Fig. 4(d) and (e)) shows the same pattern but with higher
coverage and more possible paths for each area.

Moving now to the investigation of the impact of the maximum
aircraft range, we observe from Table 3 that increasing it from 400
to 600 kilometers requires the use of less charging bases (ranging
—31%-—47%) to achieve slightly more coverage (ca. 1%) for a given
travel time threshold. On the other hand, we notice that a range
higher than 600 kilometers (e.g., 800 kilometers) does not signifi-
cantly improve the coverage. Additionally, an increase in the range
is found to have remarkable connectivity benefits. First, it will re-
duce the minimum total travel time across origins by making more
direct paths possible. Second, it increases the number of viable
paths, thus giving more flexibility to later planning stages concern-
ing flight scheduling and fleet assignment. This latter aspect is ev-
ident from a comparison of Fig. 4(e) and (f) by the significant in-
crease in the number of dots).

Lastly, considering the average changes in coverage and TTT
Mean between the current network and the full network across the
nine scenarios in Table 3 suggests that leveraging the many cur-
rently under-utilized regional airports has connectivity and invest-
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ment benefits (on average +12.1% in number of regions covered,
+5.8% in population coverage and —7.3% reduction of travel times).
These analyses have elaborated the trade-off between various
design aspects to be considered when strategically planning for the
adoption of electric aircraft. As the results have shown, the pro-
posed EACN-REG model can provide effective decision support to
policymakers and transportation/regional planners in this task.

6. Conclusions

Following the recent technological advancements and grow-
ing attention towards sustainability, electric aviation appears today
as an effective and concrete means to decarbonize aviation. Yet,
the wide-scope adoption of electric aircraft cannot happen with-
out proper supporting infrastructures, which in turn need to be
planned upfront even with limited traffic in the early years.

This paper contributes to these efforts by developing a novel
optimization model—referred to as Electric Aircraft Charging Net-
work for Regional Routes (EACN-REG)—to support the strategic plan-
ning of electric aircraft charging networks in a regional context.
The EACN-REG defines the network of airports and flight paths to
optimally trade-off the number of charging bases (and associated
investment costs) with connectivity and population coverage tar-
gets.

From a technical standpoint, the EACN-REG is formulated as a
multi-objective uncapacitated facility location problem, with ad-
ditional complexities due to the short range and multi-step op-
erations of electric aircraft, which make it very difficult to solve.
Hence, we have developed a tailored Kernel Search heuristic—
which effectively scales to large instances by decomposing the
problem in a series of MILP of reduced size. Computational ex-
periments using real-world-like randomly generated instances have
demonstrated the greater performance of our heuristic method
compared to exact branch-and-cut algorithms, being able to con-
sistently achieve near-optimal solutions in shorter computational
time for all the instances considered.
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An extensive real-world case study of Sweden has highlighted
the practical insights that can be derived from the application of
the EACN-REG model. Results have shown how the model can ef-
fectively inform planners and policymakers, highlighting the bene-
fits of considering an extensive set of airport candidates as a key
advantage of small electric aircraft, and testing the implications of
range increases and total travel time thresholds. We acknowledge
that, although we obtained the range inputs from reliable official
sources published by aircraft manufacturers, the actual ranges are
subject to some level of uncertainty especially regarding develop-
ments in battery technology. Nevertheless, the proposed method-
ology provides valid methodological foundations to investigate this
uncertainty (e.g., by testing various scenarios) and assess the im-
pact of ranges to the connectivity provided by this new technology.

In conclusion, the EACN-REG provides a valid foundation for
future modeling efforts in the area of electric aircraft network
planning. However, there are plenty of opportunities for contin-
uing research in the area. First, future research efforts could be
devoted to integrating the strategic perspective of the EACN-REG
with more tactical and operational decisions. This would require
suitable methods to estimate demand in thin markets as a key in-
put to support the sizing and operations of both aircraft fleets and
charging facilities. Second, an interesting direction for future re-
search is to delve further into the cost of operating the charging
facilities and the aircraft, and explore how this might impact the
optimal trade-off with regional connectivity and the overall sys-
tem cost and design. Note that accurate assessment of these costs
would require consideration of tactical aspects such as aircraft
flight schedules: this may be addressed with a two-stage model-
ing framework and also require more detailed (not yet known) in-
puts on electric aircraft operations. Third, it is acknowledged that
the adoption of electric aircraft will not happen all of a sudden. In
this respect, the development of a stochastic multi-stage approach
that explicitly accounts for and supports the progressive roll-out
of electric aircraft also makes a promising avenue for future re-
search. Fourth, it might be interesting for future research to assess
the integration and complementarity of regional electric aviation
with the use of electric vertical take-off and landing (eVTOL) air-
craft for last-mile/access-egress, or even for short routes between
airports.

Appendix A. Proof of statements

Al. Proof of Proposition 1

Proof. Let us consider the three possible cases: (1) a charging base
is located at i, i.e,, y; = 1; (2) no charging base is located at i and
the closest charging base is located at a distance lower or equal
than M', ie, y;=0 and 3jeA;:d;j+p; <M!'; (3) no charging
base is located at i and the closest charging base is farther than
M, ie,y;=0and VjeN;:djj+ p; > M!.

Case 1. If y;=1, Constraint (11) would give p;=
min(0, minjey; (djj + p;)),  which is zero because
(dij + pj) > 0 Vj e V,, by definition. On the other hand,
the Constraints (12)-(16) would also give p; = 0 because
of the zero upper bound imposed by Constraints (12).

If y=0 and 3JjehN;:dj+pj<M', Con-
straint (11) gives p; = min(M!, minjej\fi(d,»j +05)),
which is minjey; (dij + p;). For the linear represen-
tation, Constraints (13) gives a tighter upper bound
(ie, pj <minjey:(djj+p;)) than M' that is given
by Constraint (12). Hence, from Constraints (16), it
has to be that the only w;; set equal to 1 is for the
Jj = argminjc,-d;j + p; which makes Constraints (14) en-

Case 2.
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force an equality p; = minjey: (dj; + pj)—in combination
with Constraints (13).

If y,=0 and Vjel:d;+p;>M' Constraint
(11) gives p; =min(M', minj. (d;j + p;)), which is
M. The linear representation in Constraints (12)-(16)
also give M!': Constraint (12) gives a tighter upper
bound (i.e., M!) than min;e, (dij + p;) that is given by
Constraints (13); in this case, Constraint (16) sets the
auxiliary binary variables w;; =0 and x; =1 such that
Constraint (15) is lifted to make p; = M'. Note that set-
ting w;; = 1 for j € A; would simply activate Constraints
(14) (i.e., p; = d;j + p;), which results into no feasible
region between p; < M' and p; > minje (djj + pj). O

Case 3.

A2. Proof of Proposition 2

Proof. Let us note that 7 > minj,; d;y, Vi € NV, as we filter out in-
feasible edges with a distance higher than the maximum range.
Additionally, if no charging base is located at i, it follows that
P > minj/eNi d;j from Constraints (12)-(16), resulting in two pos-
sible cases, based on the value of T with respect to the minimum
adjacent distance.

Case 1. If 7 <2minyy djp, then all adjacent edges to i
are infeasible, since we cannot have a return trip
from any adjacent node to i. Formally, this can be
demonstrated from the edge feasibility constraint (4).
First, note that t <2minyy;d;y implies that p; >
T —minycy dip. In fact, it can never be that p; <
T —minyy diy when 7 <2miny,. d;y as this would
be conflicting with p; > minjy d;y. We now show
that when p;> 7 —miny, d;y, all edges adjacent
to i are infeasible. Let us first assume that p; >
T —minyy diy, which can be rewritten as p; =71 -
minj,eNi dij +€ (where € >0). Then, for any jeWN;
we have dij+7 —minj .y diy +€+pj— M (1 -z;) <
7, which reduces to d;; — minj .y, d;jy +€ + pj - M3(1 -

z;j) < 0. Then, since d;; —minj . d;y > 0 for je N, € >

0, and p; > 0, it follows that dj; —minj .y, d;jy +€ >0

from which it must be that z; = 0.

If ©>2miny.y dip, it can either be that p;>7—

miny ey, diy Or pj < T —minyy, dip. In the former sub-

case, we obtain that all adjacent edges are infeasible,
following a similar reasoning as above in Case 1. By con-
trast, to complete the proof, we need to show that if

Pi<T— minj,ENi d;jr, then there is at least an edge (i, j)

that is not necessarily infeasible. Similar to above, we

can rewrite p; =T — minjy; d;y — € (where € > 0) and

from Constraints (4) we obtain dj; —minjy; d;jy — € +

pj—M3(1—z;) <0 for any j e Nj. For the j such that

dij = minj . d;jr it becomes —e + p;j — M>(1 - z;;) < 0.

So, if a charger is located in j—which implies p; = 0—

then z;; can be either 1 or 0.

Case 2.

O

Appendix B. Illustration of shortest path constraints and edge
feasibility

Here, we illustrate the relationship between location of charg-
ers and edge feasibility. Assume a simple network of 7 candidate
airports (i.e., m,n,i, j, k, 1, q) (represented in Fig. B.1, where three
of them (m, i, and q) are selected as charging bases).

The constraints (12)-(16) set charging bases from candidate air-
ports through binaries y;, and compute the value of the shortest
path p; from each airport to an airport set as a charging base.
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Table B.1
Illustration of the constraints for Fig. B.1. The lifted constraints are indicated with *.
Node  Constraints Solution
(12). pi = M'(1 = yi) (13). pi<dij+p;  (14). pi=dij+ pj —M*(1 —wy)  (15). py = M x; (16). Yjen; Wij +Yi+ xi =1

m pmSMl(]_.Vm)[:O] Pm <4+ pa[=6] Pm Z4+pn—M2(1—Wmn)* meMle[:O] Winn + Wi +Ym + Xm =1 Ym =1
Pm<5+pl=5]  pm=5+pi— M (1 - wp)x om =0

i pi <M'(1-y)[=0] pi <2+ pn[=4] 0i =2+ pn— M2 (1 — wip)% pi = M x;[=0] Win +Wij +Wim +yi+ xi=1  yi=1
pi<2+pi[=41  pi=2+p; M1 -wyx pi=0
pi<5+pml=51  pi =5+ pm—M*(1—wWim)*

q pg <M'(1-yg)[=0] Pg=1+pl=21  pg=1+p—M(1-wy)x Pg =M xg[=0]  Wg +yg+xq=1 Yg=1

Pg=0

n P <M (A —y)[=M']  pn<4+pul=4]  pn =4+ pn—M* (1 —Wyn)* Pn =M xu[=0]  Wam + Wy +Yn+ xn =1 Wy =
on<24+pi(=2]  pn=2+4pi— MA(1—wy)[=2] pn=2

1 o <M (1-y)[=M"] o <2+ pjl=4] 1 =2+ pj— M2(1—wyj)x o1 =My [=0] Wii+we+yi+ =1 Wy =
pr=1+pl=11  pr=1+p—M(1-wyl=1] o=

j pj =M'(1—ypI=M'l  p; <2+ pil=2] pj =2+ pi—M(1—wj)l=2] pj=M'x[=01  wi+wp+wip+yi+xi=1 wj=
Pi<2+pl=6]  pj=T+p—M(1—wp)x pi=2
Pj =2+ p[=3] pj =2+ pr = M2(1 —wj)x

k P <M (A -y)l=M'  pe <2+ pj[=4] O =2+ p - M1 —w)[=4]  pe =My [=0] Wij+ Y+ Xk =1 wy; =1

Pe=4

Fig. B.1. Illustration of the relationship between location of chargers and edge fea-
sibility. Assume a maximum range on a single charge t = 6. The activated airport
is colored light-red. Edge (j, k) is infeasible. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

First, we illustrate the calculation of the value of short-
est path for any node i (i.e., p;), given the values of y;. For
any airport selected as a charging base, the value of short-
est path is zero. Take airport m as an example. The fact that
ym = 1 directly implies wyn, Wy, x; = 0 from Constraint (16). Con-
straints (12) and (15) thus become py; < 0 and pm, > 0, respectively,
hence setting pm = 0. The calculation of the value of shortest path
for airports i and q follows a similar manner. On the other hand,
the calculation of the value of shortest path for any airport not se-
lected as a charging base proceeds as follows. Take airport n as an
example, i.e., y, = 0. First, note that Constraint (12) is lifted, i.e.,
on <M. Then, given that the two adjacent airports of n (i.e., m
and i) are selected as charging bases, we obtain that ym,y; = 1, and
Pm, p; = 0. In turn, Constraints (13) become p, <2 (in relation to
i) and pp < 4 (in relation to m), which means that p, <2 because
2 <4 < M. Constraint (15) is deactivated by x, =0 since setting
it to one would create an infeasible system of inequalities (i.e.,
on > M from Constraint (15) and p, < 2 from Constraints (13)). By
Constraint (16), ¥n, Xn = O then yields wnm + wp; = 1. Finally, from
Constraints (14), it has to be that wy, = 0 and w,; = 1, enforcing
pn > 2 and ultimately yielding p, = 2. The calculation of the value
of shortest path for airports j, [ and k follows a similar manner, as
illustrated in Table B.1.

Second, we illustrate the computation of the feasibility of an
edge using Constraint (4) that takes into account the maximum
range on a single charge t. In Fig. B.1, edge (j,[) is feasible; we
have that p; +dj + o =2+ 2+ 1, which is < 6, hence there is not
need to activate big-M parameters and z;; can be either 0 or 1. It
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is easy to see that the same holds for all the other edges except
(j, k). Given the charger setting, there is no aircraft routing (i.e.,
a sequence of arcs linking two charging bases) through arc (j, k)
with an overall length lower than the maximum range, such that
it is impossible to operate arc z;;. Mathematically, for (j, k) we ob-
tain that p; +dj + py =2 +2+4 is > 6. Hence z;, needs to be 1
to satisfy Constraint (4).

Appendix C. Illustration of need for yx; variables

Here, we illustrate the importance of auxiliary variable y;. Con-
sider a simple network as in Fig. C.2, with airport d in the major
destination to be reached. Assume candidate airports n and m form
a sub-network, which cannot be linked to the destination due to
range limitations.

In this case, the practical solution is to neither locate charg-
ers at n nor m. However, without auxiliary variables yx;, this is not
possible and the model would be forced to locate a charger at n
and/or m. To clarify, let us assume no use of x; and that no charger
is located in the m — n sub-network (i.e., yn = ym = 0). In turn, this
implies that wyn = wpnp = 1 by Constraints (16), ultimately yield-
ing the following system of equations (Constraints (13) and (14)):

,On§4+,0m
om <4+ pn
On =44 Pm
Pm >4+ pn

(C1)

which is impossible to solve. Hence, the model would either locate
a charger in n or m to verify all the constraints. The use of vari-
ables x, and xm, avoids such unpractical solutions. Indeed, in case
the shortest path is larger than M, it allows to set xn = xm = 1
such that y, = ym = Wnm = Wi = 0.

Fig. C.2. Simple network with a disjoint sub-network. The destination airport is
colored gray.
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