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Abstract—Innovative Air Mobility (IAM), depends critically on
the strategic placement of vertiports to enable safe and efficient
operations. This paper presents a Hub Location Problem (HLP)
framework for passenger vertiport siting that integrates demand
estimation, operational conditions, and cost structures. Potential
demand for the IAM air taxi is derived from mobile network
data. Demand for taxi is estimated using logistic regression,
with the likelihood of taxi passengers shifting to air taxis being
calculated based on socioeconomic profiles and travel times.
A case study in the Madrid region illustrates the ability of
the framework to capture realistic demand and infrastructure
requirements, offering a holistic and data-driven approach to the
planning of IAM networks. A sensitivity analysis of the model is
performed, showing that the selected locations are consistent in
moderate user adoption scenarios, but change significantly when
considering very high or very low adoption scenarios.

Keywords—Vertiports, Innovative Air Mobility, Location Op-
timization, Hub Location Problem

I. INTRODUCTION

In recent years, the aviation industry has transformed sig-
nificantly due to advancements in electric Vertical take-off
and landing (eVTOL) technology [1]. These developments are
paving the way for Innovative Air Mobility (IAM), which
will impact aircraft design, air traffic management (ATM),
and multimodal transportation, creating new opportunities.
However, successful IAM implementation depends on ground
infrastructure that ensures safe operations in densely populated
areas [2]. A primary challenge is the lack of suitable landing
sites, or vertiports. Even if eVTOLs were certified today, cities
do not have enough take-off and landing sites for fleet-scale
operations [3]. Studies show that infrastructure is the most
significant hurdle for IAM [2] [4].

Selecting vertiport locations is critical for establishing an
efficient IAM system. Vertiport planning affects IAM perfor-
mance, as it is the foundational infrastructure for operations
[5]. In the field of passenger transportation, various approaches
have been taken. Some focus on improving airport accessibility
by creating vertiport networks near airports for multi-modal
journeys [6]; others analyze urban mobility patterns to assess
where air mobility can meet transportation needs [7]; and some
contributions adopt a comprehensive approach considering
sociodemographic data, travel patterns, and urban planning [8].

Classical site optimization problems can define a region’s
vertiport network. Mandatory Covering Problems (MCP) must
satisfy all existing demand. Maximal Coverage Location Prob-
lems (MCLP) [9] address cases with limited supply. The Hub

Location Problem (HLP) is common in logistics [10] [11],
serving as points for consolidating flows between origins and
destinations [12]. The procedures to calculate model aspects
vary significantly. Objective functions may include revenue
linked to captured demand and non-monetary externalities
like noise or time savings for passengers, often weighted as
“medical costs associated with noise“ or “passengers’ value of
time“ to measure all effects uniformly.

Despite advancements, existing vertiport location selection
approaches have limitations. Frameworks focusing solely on
airport access may overlook urban point-to-point travel de-
mand, limiting IAM services’ reach. Approaches based on
commuting patterns may miss emerging transportation needs.
Some comprehensive contributions lack relevant variables
such as dynamic population data, weather conditions, access
management, infrastructure requirements, and environmental
considerations. Last-mile delivery vertiport placement methods
often lack detailed delivery demand and traffic pattern infor-
mation, leading to suboptimal decisions. Identifying optimal
vertiport locations requires a holistic approach integrating op-
erational and design requirements with advanced data analysis
techniques to optimize placement accurately.

This research presents an optimization tool for locating pas-
senger vertiports, considering realistic demand, local weather,
restricted areas (e.g., airports), energy supply costs, mainte-
nance, building costs, and revenues for operators. Demand
is based on origin-destination matrices from mobile network
data, capturing all travel between zones. A logit model, trained
with mobility surveys, estimates taxi trips in a region, account-
ing for socioeconomic factors and distances, representing po-
tential demand. A choice model based on travel time identifies
trips likely to shift to air taxi services. This approach enhances
previous research by incorporating more factors influencing
vertiport locations, providing a realistic assessment of this new
mobility service’s viability. Finally, a case study in the Madrid
region demonstrates the potential of the model.

The paper is structured as follows: Section II details the
assumptions and optimization model for locating vertiports
for passengers and last-mile delivery. After that, Section III
presents the case study, and the data sources and processing
required to obtain the inputs for the optimization. Section IV
presents and analyzes the main results from the Madrid case
study. Finally, Section V summarizes the research outcomes
and conclusions.



II. METHODOLOGY

A. Assumptions

Forecasting passenger demand for eVTOL aircraft involves
making assumptions based on the industry’s early develop-
ment stage, regulatory frameworks, infrastructure, and market
acceptance. Therefore, we make the following assumptions for
the optimization tool:

• On-Demand network: we assume an on-demand air taxi
service without fixed routes. Hence, passengers can travel
between all possible vertiport pairs.

• Taxi based potential demand: it is assumed that the
potential demand for air taxi is linked with the current de-
mand for taxi or other private road transportation services.
Future eVTOL passenger volumes are estimated through
a market penetration approach, where it is assumed that a
certain fraction of trips currently served by conventional
taxi services could be substituted by air taxis once they
become available.

• Inelastic demand: this assumption is grounded in the
fact that initial users are likely to belong to higher
socioeconomic segments, for whom price sensitivity is
lower compared to the general population. For these
groups, the value proposition of eVTOLs (time savings,
convenience, etc.) outweighs the cost premium relative to
conventional transport modes.

• Discretized demand: the demand is spatially grouped
into a set of discrete nodes that serve as the origins and
destinations.

• Daily time resolution: the optimization uses demand
data for an entire day, variations in demand throughout a
day are not taken into account.

• Minimum IAM travel distance: we assume a minimum
travel distance below which no passengers are willing to
use IAM.

• Free-route Airspace with Restricted Areas: we assume
a free-route U-space, meaning that eVTOLs travel in
straight lines between vertiports, unless that path inter-
sects a restricted area, in which case the eVTOL will
take the shortest possible path avoiding that area.

B. Mode Choice

Given the assumption that all potential demand for the Air
Taxi IAM service comes from current taxi demand, a binary
choice model is needed to calculate the probability of a user
opting to use air taxi or road taxi. We apply a heuristic inspired
by the work of UBER [3]. In this white paper, it is assumed
that when a trip is over 60 % faster by air taxi, the user always
selects the air taxi option, otherwise road taxi is selected.
In this research a daily averaged time is considered, but this
model would work with variations of car time travel along the
day due to congestion, capturing the greater shift to eVTOL
in those cases. Due to the uncertainty in travel time estimates
caused by spatial discretization and modeling error, we instead
use a continuous and smooth sigmoid function, which ensures

that small changes in drone velocity do not result in significant
changes in demand.

PA,kd =

(
1 + e

6
min(1−TTRP,TTRP)

(
tA,kd
tcar

−TTRP)

)−1

. (1)

The value PA,kd represents the probability of using an
eVTOL, based on a sigmoid-like transition model that maps
the ratio between the actual time of arrival by eVTOL (tA,kd)
and the time required for that same trip by car (tcar). The
eVTOL trip time includes the access time from the origin
to the departure vertiport and egress time from the arrival
vertiport to the destination. The function can be modified based
on the Travel Time Ratio Parameter (TTRP). Lower TTRP
values mean that passengers need a greater velocity advantage
from air taxi to select it over road taxi.

C. Mathematical Model for IAM Network

Following work in the literature, the vertiport site selection
is framed as an HLP [11] [13]. In this problem, given an
Origin-Destination (OD) matrix for travel demand, the verti-
ports are chosen such as to maximize or minimize an objective
function (cost, traffic flow, revenue, etc). This approach models
trips as three stages: origin to vertiport, flight phase, and
vertiport to destination. This allows the optimization to capture
the multimodal nature that is expected for IAM transportation.

The problem is framed from the point of view of the
vertiport operator, where the objective is to maximize the profit
with a limited number of vertiports. The first constraint is to
set the number of vertiports to be built to nvert, as shown in
Equation (2). Where N is the number of potential locations
considered in the problem and yk is the decision variable
for vertiport construction. It is 1 if the site is selected and
0 otherwise.∑

k∈N

yk = nvert, zk ≤ yk, ∀k ∈ N. (2)

Decision variable zk, also binary, represents whether a vertihub
has been built at the location. For this variable, the second
constraint in Equation (2) holds. A vertihub is a larger vertiport
which can handle more operations per day than a standard
vertiport. For a vertihub to be built, the location must be
already selected as a vertiport.

For each trip p, the access and exit vertiport have to be
selected. This decision variable is xp

kd, which represents the
fraction of the total potential demand for trip p that goes
through vertiports k and d. Hence, both k and d must be
selected as vertiports if that trip were to be possible. This
must hold true for all trips in the set P of trips in the OD
matrix used for the potential demand. See Equation (3):

xp
kd ≤ yk, ∀k ∈ N, ∀d ∈ N, ∀p ∈ P. (3)

Furthermore, the sum of the fractions of the demand for a trip
cannot exceed 1, ∑

k∈N

∑
d∈N

xp
kd ≤ 1,∀p ∈ P. (4)
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Finally, each vertiport has a maximum number of operations
that it can support per day. Each operation carries a certain
number of passengers which depends on the drone size and the
assumed occupancy rate. We then obtain a constraint of maxi-
mum passengers per day, where the capacity is determined by
the type of vertiport (standard or vertihub).

∑
p∈P

∑
d∈N

P p
A,kdD

pxp
kd + P p

A,kdD
pxp

dk ≤

nA,pass(Cvyk + (Ch − Cv)zk), ∀k ∈ N.

(5)

Where nA,pass is the average number of passengers per drone
for drone model A, Dp is the passenger demand for trip p, Ch

is the maximum number of operations per day for a vertihub
and Cv for a standard vertiport. The objective function for
maximizing the profit for the vertiport operator is presented
below,

max
∑
p∈P

∑
k∈N

∑
d∈N

fp
A,kdwA,kdP

p
A,kdD

pxp
kd

−
∑
k∈N

Vkyk + (Hk − Vk)zk.
(6)

Where Vk are the accumulated costs for a vertiport and Hk

for a vertihub. wkd is the fraction of days where the route from
vertiport k to vertiport d is possible due to favorable weather
conditions. The term fp

A,kd is the income per passenger for
the vertiport operator. We model this with three separate
components,

fp
A,kd = cprices

(
fop

nA,pass
+ fpass +

feE
p
A,kd

nA,pass

)
. (7)

In the first component fop is the charge per operation, fpass
the charge per passenger, fe the charge per [kW] of electricity
used to charge the drone, with the electricity cost subtracted.
Ep

A,kd is the electricity consumed by the eVTOL and cprices
is a factor set by the user.

The calculation for the costs in [EUR/day] is the same for
both vertiports and vertihubs:

Vk =
1

365.25
(nemp,v SAL+MAIv)

+
1

365.25Ta
(CONk +INFv +FkSv) .

(8)

Where nemp is the number of employees, SAL is the estimated
average yearly salary of the employees, MAI is the estimated
yearly maintenance costs, Ta is the payback time in years,
CONk is the connection cost at location k, INF is the
construction and installation costs of the vertiport (including
charging stations), Fk are the estimated floor purchase costs in
[EUR / m2] at location k and Sv is the surface area required
for the vertiport. The values for nemp, MAI, and INF are
different for vertihubs, but the formula remains the same.

III. IMPLEMENTATION AND CASE STUDY

A. Potential Demand Estimation from MND OD Matrices

For the case study, we have selected the province of Madrid,
Spain as the target area for the IAM network. To estimate
the demand we use the daily OD matrices generated by
Nommon using Mobile Network Data (MND) for the Ministry
of Transport of Spain [14]. The spatial resolution of these
matrices is district level, which can range from less than 1
[km] in urban areas to the order of 10 [km] in rural areas.
We use 4 weeks of OD matrices, one week from each quarter
of 2024, and filtered out trips below 10 [km], as we assume
these are unlikely to be candidates for IAM. The OD matrices
contain information on the sex, income and frequency of the
trip. However, the mode of transport is not available.

Therefore, to estimate the demand for taxi we train a linear
logistic regression model on the data from the 2018 Madrid
mobility poll [15]. The model uses as features the following
fields, which are present both on the OD matrices and the poll:

• Travel distance d [km]: the Euclidean distance between
the origin and the destination of a trip.

• Income per capita Ipc[EUR]: the average income per
capita in the district of residence of the passenger. If this
is not known, instead the average of the income capita of
the origin and destination districts are used.

• Whether the trip is frequent or not Bnof [-]: this variable
is equal to 1 if the trip is not frequently taken by the
passenger and 0 otherwise.

We use a linear logistic regression. For binary classification,
the expression is as follows

P (y = 1 | x) = 1

1 + exp(−(w⊤x+ b))
, (9)

where y = 1 when the trip is in a taxi. w are the trainable
weights of the model, b is the trainable bias, and x is the vector
of features. The model is trained for 2000 iterations using the
lbfgs solver using only trips above 5 [km], resulting in a log
loss in the test set of 0.034. The logistic regression model is
then applied to each row of the OD matrix to estimate the
number of taxi trips.

1) Market Penetration as a Function of Income: The frac-
tion of trips in the mobility poll that are in taxi increase
significantly in higher income neighborhoods. However, it is
expected that due to the high initial costs of IAM passenger
transportation, this difference could be greater for air taxi.
Furthermore, we consider that using the entirety of the demand
for road taxi as the demand for IAM is likely optimistic.
Therefore, we introduce a model parameter kmax with value
between 0 and 1 that limits the maximum achievable market
penetration of the model. However, the value is modified
depending on the income level of the passenger, with higher
market penetration values among higher income passengers.
We model this after the market penetration of taxi among all
mobility, as shown in Table I.

This is done by keeping the ratio of market penetration
values of air taxi in the taxi market between income levels

3



TABLE I. PERCENTAGE OF TOTAL TRIPS IN TAXI BY INCOME LEVEL. TRIPS
OF OVER 5 [KM] IN THE 2018 MADRID MOBILITY POLL.

Income level [EUR] Total trips [-] Taxi trips [%]
0-15000 17121 0.46
15000- 20000 29536 0.70
20000-25000 19777 0.93
> 25000 3956 1.39

the same as those for taxi among transportation in general. To
achieve this, we solve a linear system of equations,

N1k
1
max +N2k

2
max + ...+Nmkmmax = Nkmax,

knmax =
fn

fn+1
kn+1
max, n = 1, ...,m− 1.

(10)

Where Nm is the total number of taxi trips of passengers in the
income level m, N is the total number of taxi trips, fm is the
fraction of total trips of passengers in income level m that are
in taxi and kmmax is the maximum possible market penetration
of air taxis within the taxi market among passengers in income
level m. Finally, the rows with the same origin and destination
pair p are grouped into a single row, and the number of trips is
added to obtain the number of potential IAM daily passengers
for p:

Dp =
∑
i∈I

kmmax,iDiP (y = 1 | xi),

I ={i | ODpairi = p}.
(11)

Where Di is the number of total passengers in the ith row of
the OD matrix.

B. IAM Travel Time Estimation

Since we assume a free-route airspace, we calculate the
travel time based on the shortest distance between the access
and egress vertiports, accounting for restricted areas. The
restricted areas are modeled as polygons, based on which a
baseline graph is created, where the nodes are the vertices of
the polygons and the edges are all the straight line connections
between vertices that do not intersect a polygon. Then, for each
route we add the access and egress vertiports as two additional
nodes and add all edges to other vertices which do not intersect
any polygons. After that, the minimum distance between the
two vertiports is calculated using the A* algorithm [16], with
the weight of the edges being the Euclidean distance.

Once the distance dkd between access vertiport k and egress
vertiport d is calculated, we calculate the travel time tA,kd as
shown in Equation (12):

tA,kd = tdelay + 60
dkd
vA

. (12)

Where vA is the cruise speed of drone A in [km/h] and tdelay
[min] is the added time to account for security check, boarding
and exiting the aircraft, and the take-off and landing phases.

C. Car Travel Time Estimation
We estimate travel time by car for any trip between any

of the origins and destinations considered in the Madrid area
by creating a surrogate model of an online navigation tool,
Mapbox [17]. This tool has an API which allows for the
estimation of the travel time by car between two different
locations, accounting for speed limits, as well as the typical
traffic in the area. This tool is sampled with a set of origins
and destinations in the region of interest to create a dataset
of travel times associated to OD pairs. After that, we perform
a symbolic regression to find a function for travel time based
on the following variables:

• d [km]: euclidean distance between the origin and desti-
nation.

• r1 [km]: euclidean distance from origin to traffic center.
• r2 [km]: euclidean distance from destination to traffic

center.
We define the traffic center as the coordinate in the area of

interest with the highest population residing within a 5 [km]
radius. From these variables, we create a library of candidate
functions that we used as features, following the approach
presented by Schmelzer et al. [18]. Then, a linear regression
is performed to find the associated coefficients of the following
function for travel time in minutes in Madrid:

tcar =− 0.0036d2 − 0.000012d3 + 0.0068r1d+

0.0049r2d+ (15 + 0.78d) tanh(0.41d).
(13)

The coefficient inside the hyperbolic tangent function is not
part of the regression but set constant based on a previous
optimization using only the hyperbolic tangent components.
The expression in Equation (13) had a root mean squared error
(RMSE) of 8.3 minutes and a mean percentage error (MPE)
of 14 % in the Mapbox dataset. As shown in Figure 1, the
hyperbolic tangent is key to capture the relationship between
distance and travel time.

D. Cost of Connection to Electricity Grid
The cost of connecting the vertiport and its charging station

to the power grid is modeled with the method proposed by
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Figure 1. tcar against trip distance.
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Cintrano et al. [19] for charging stations for cars. The cost
of connection is modeled as a linear function of the distance
to the nearest electrical substation based on current substation
capacity maps [20]. Substations with a spare capacity below 1
[MW] would require an upgrade, which should also be taken
into account. This results in Equation (14),

CONk = min(dikcc + cu), ∀k ∈ N. (14)

Where dki is the distance between vertiport k and substation
i, ci is the upgrade cost of substation i, and cc is the cost per
[km] of the cabling, which we assume to be constant.

E. Cost of Urban Floor

To estimate the cost of purchasing urban floor for the
construction of a vertiport, we combine price data from unused
parcels provided by the Ministerio de Vivienda y Agenda ur-
bana (MIVAU) [21] and price data of apartments from Idealista
[22] using a weighted average based on the population density
ρ of the district or municipality.

Cland = λ(ρ)Capt + (1− λ(ρ))Cparcel (15)

Where Cland is the resulting land price in [EUR / m2], Capt

is the apartment floor price, Cparcel is the unused land price
and λ is the mixing factor as a function of population density
ρ [people / km2]:

λ(ρ) = max(0,min(1, (ρ− 1500)/2500) (16)

F. Weather Constraints

Daily meteorological data from 2022-2024 was extracted
from the website of the Agencia Estatal de Meteorologia
(AEMET) [23], with information on minimum, maximum and
average daily temperatures, maximum average wind speed in
a 10 minute interval, and precipitation. For visibility data
we used the Automated Surface Observing System (ASOS)
website [24]. We map the visibility data onto the AEMET
stations based on proximity. After that, for each day the
meteorological data and drone specifications are compared
to determine whether the drone can operate that day on
that meteorological station. This is done with all the daily
data available for all stations, which yields the fraction of
suitable days for drone A in each station wA. The data is
then linearly interpolated in space to find the values at the
vertiport locations. The value used in the optimization is then
the minimum out of the access and egress vertiports

wA,kd = min(wA,k, wA,d). (17)

G. Code Implementation

The vertiport location optimization tool has been coded
entirely using the python programming language. The opti-
mization module uses the pyomo library [25] to define the
objective function and constraints. For the mixed integer linear
programming solver, we use the open-source solver SCIP [26].

H. Test Matrix

To test the vertiport optimization tool in a wide variety
of scenarios we design a test matrix which we also use to
perform a sensitivity analysis of model to the user inputs. The
test matrix uses a factorial design, therefore testing all the
possible combinations of the selected variable values, which
are presented in Table II.

The different drones do not only impact the optimization
due to their specifications, but also due to how they modify
the requirements for the vertihub. These drones are based on
existing designs, but their names are changed. The parameters
that are affected and the relevant drone specifications are
compared in Table III. Some key differences are the cruise
speeds and the area needed for the vertiports. The values
for the parameters related to the vertiport and vertihub were
extracted from the vertiport sizing tool developed in the MAIA
project [27].

TABLE II. TEST MATRIX FOR THE SENSITIVITY ANALYSIS OF THE VERTI-
PORT OPTIMIZATION TOOL IN THE MADRID CASE STUDY

Variable Values
eVTOL Multicopter, Winged eVTOL
nvert[-] 5, 10
TTRP [-] 0.4, 0.7
kmax [%] 1, 3, 6, 10, 20
cprices [-] 0.5, 1, 1.5, 2, 4

We have selected 3 different adoption scenarios with
nvert = 10 and TTRP = 0.7:

• 1. Early scenario (Multicopter and Winged): kmax = 3
[%], cprices = 1.5. A lower demand scenario that is more
representative of what could be expected initially due to
skepticism towards the technology. Higher pricing would
be required for the service to be profitable.

• 2. Baseline scenario (Winged): kmax = 6 [%], cprices =
1.5. Meant to represent the demand a few years after the
successful introduction of the service.

• 3. Optimistic future scenario (Winged): kmax = 10 [%],
cprices = 2. A scenario simulating the demand for the
service after over 10 years of successful operations.

TABLE III. VALUES OF THE MODEL PARAMETERS USED FOR THE SENSI-
TIVITY ANALYSIS AND ADOPTION SCENARIOS

Multicopter Winged eVTOL
Drone Specifications
Maximum Dimension [m] 5 12
va [km/h] 100 200
Battery Capacity [kWh] 200 300
Range [km] 100 169
nA,pass 1 3
Vertiports
Sv [m2] 600 3456
INFv [EUR] 608000 837000
Cv [Operations / day] 23.3 17.6
Vertihubs
Sh [m2] 600 3456
INFh [EUR] 1728000 1957000
Ch [Operations / day] 35.0 26.4

5



For reference, in the investigated region, 100 [%] of the
market would be approximately 34600 trips per day. The
remaining model parameters were kept constant using the
values specified in Table IV.

IV. RESULTS

The summarized optimization results of the scenarios de-
fined in Section III-H are presented in Table V.

All the scenarios result in a positive profit for the vertiport
operator except for Scenario 1 with the Winged eVTOL, with
the equivalent for the Multicopter resulting in a net positive.
Comparing these, it can be noticed that the Multicopter
network produces a significantly higher income per passenger
with the pricing scheme we are using for this exercise. This
combined with the higher costs due to the larger vertiport
needed for the Winged eVTOL results in a significantly lower
net revenue, despite capturing more passengers.

Figures 2, 3, and 4 show the selected locations for each
of these cases. In all scenarios, the selected locations are
relatively close to the center of Madrid, which is the largest
city in the investigated area. The capability of eVTOLs to
avoid traffic congestion can partly explain these results, as the
average speed of a car is lower in this area. However, we
assume that the eVTOL will travel at its cruise speed over
these urban areas, which may not be the case in the future
due to regulations.

It can also be observed in 4 that due to the higher potential
demand, one of the vertiports in the city center is upgraded
to a vertihub to allow for more passengers. However, the
locations themselves are not significantly affected, with 8 of
them remaining the same as for Scenario 1 with the Winged
eVTOL. For the Multicopter, the results do differ noticeably,
with more vertiports being placed in the center of the city.
This is likely due to the smaller surface area of the vertiports,
which reduces the cost of constructing vertiports in densely
populated areas.

TABLE IV. VALUES OF THE CONSTANT MODEL PARAMETERS USED FOR
THE SENSITIVITY ANALYSIS AND ADOPTION SCENARIOS

Parameter Value Parameter Value
tdelay [min] 6 fop [EUR] 50
nemp,v [-] 10 fpass [EUR / passenger] 25
nemp,h [-] 20 fe [%] 400
SAL [EUR / year] 24000 MAIv [EUR / year] 30000
MAIh [EUR / year] 60000 cc [EUR/km] 190000
cu [EUR] 200000 Ta [years] 30

TABLE V. SUMMARY OF THE OPTIMIZATION RESULTS OF THE SELECTED
SCENARIOS

Scenario Profit
[EUR/day]

Income
[EUR/day]

Costs
[EUR/day]

Passengers
[-]

Income
per pas-
senger
[EUR]

1 - Multi 1410 11600 10200 84 138
1 - Winged -6420 8480 14900 112 75.7
2 - Winged 1300 17700 16400 234 75.6
3 - Winged 13900 33400 19500 330 101

10 km

Candidate Locations
Selected Locations
Vertihubs

Figure 2. Selected locations for Scenario 1 with Multicopter.

10 km

Candidate Locations
Selected Locations
Vertihubs

Figure 3. Selected locations for Scenario 1 with Winged eVTOL.

10 km

Candidate Locations
Selected Locations
Vertihubs

Figure 4. Selected locations for Scenario 2 with Winged eVTOL.

A. Sensitivity Analysis

To better understand the effect of user inputs on the op-
timization outputs, we completed the simulations of the 200
scenarios based on Table II. In Figure 5 below, the profit is
plotted as a function of the maximum market penetration and
the pricing multiplier cprices. The resulting contours showcase
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Figure 5. Sensitivity analysis of the yearly profit. The reference point marks
the values of cprices and kmax of the baseline scenario.

the different possible profit scenarios depending on the level
of user adoption, with scenarios becoming more optimistic
towards the top right of the graphs. Observing the 0 profit
contour lines, it can be noticed that the contour has an
asymptotic shape, showing that there is a minimum pricing
below which the operation of vertiports cannot be profitable
independently of the potential demand, since the vertiports
have a limited capacity.

Comparing the four top graphs to the four bottom graphs, it
can be noticed that the Multicopter is profitable in significantly
more scenarios, as the positive area of the graphs is greater.
This agrees with the comparison of Scenario 1 in Table V.
Furthermore, the positive area, as well as the profits in the
most optimistic scenarios, increases noticeably when using
nvert = 10, compared to 5. This is likely due to the number
of available routes between vertiports scaling quadratically
with N , while the costs for the operator increase linearly
with N . Finally, it can be observed that TTRP has a very
limited effect on the Multicopter scenarios, as the 0 profit
line remains unchanged. However, the effect on the Winged
eVTOL scenarios is quite noticeable. This is likely due to
the higher cruise speed of the Winged eVTOL (200 [km/h]),
which means that it has a great advantage over cars even for
longer trips, while the Multicopter (100 [km/h]) only provides
a small speed advantage over cars for longer displacements.

Despite the Multicopter producing larger profits, and being
profitable for more scenarios, the number of passengers its
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Figure 6. Sensitivity analysis of the number of passengers. The reference point
marks the values of cprices and kmax of the baseline scenario.

network accommodates is significantly lower. This can be
observed in Figure 6. The Multicopter network for the plotted
scenarios becomes saturated at kmax ≈ 7 [%], while the
network for the Winged eVTOL does not become saturated
even at kmax = 20 [%]. Furthermore, it can also be noticed
that the saturated capacity is greater for the Multicopter
network when cprices > 2, as below that vertihubs are not
profitable.

Since the main objective of the tool is to select the locations,
we also investigate the sensitivity of the selected network
to model parameters. For this we solve the minimum cost
assignment problem to minimize total distance between two
sets of selected locations. We use the set of selected locations
of a reference scenario R = {r1, r2, ...} and other set of
locations O = {o1, o2, ...}, and we find the set of matching
pairs M such that the mean distance between location pairs
is minimized,

dmean =
1

nvert

∑
(i,j)∈M

dist(ri, oj). (18)

Where dist() is an operator for the Euclidean distance in [km]
between the points. Equal sets of locations will have dmean =
0. As the selected locations differ more, dmean will increase.
Figure 7 shows the value of dmean for the scenarios with
nvert = 10 using as reference Scenario 2 for the Winged
eVTOL, and the equivalent scenario for the Multicopter.

Looking at Figure 7, it can be observed that dmean has
very large values for cases with low kmax. This is caused
by the resulting demand being too low for any vertiport to
be profitable, resulting in the model selecting locations with
little or no demand, but that are have lower floor costs, thus
reducing the losses. Furthermore, at kmax = 20 [%] the
selected locations also differ noticeably from the reference
location. This is caused by the demand being high enough that
many vertihubs become saturated. This again leads the model
towards locations with lower floor costs even if they have a
lower demand, since they are still going to be operating near
their maximum capacity. Therefore, the locations are more
sensitive to the assumed potential demand in the form of kmax

than to the pricing.
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V. CONCLUSION

In this work, we have presented a tool for the optimization
of vertiport locations for passenger transportation. The prob-
lem is mathematically framed as an HLP, with the objective
function of maximizing the vertiport operator’s profit. We
approximate the demand for air taxis based on the demand
for taxis, estimated through the use of MND OD matrices.
Travel time by car is modeled using a surrogate model for
a navigation routing system, allowing for better estimates
than assuming the same average speed for all OD pairs.
We also include costs which directly affect the feasibility
of this service, such as the cost of connecting the charging
stations to the power grid, as well as the floor costs and the
operational costs of the vertiport. Furthermore, we also use
daily meteorological data and drone specifications, to take into
account lost demand due to poor weather conditions. Access
from the origin to the departure vertiport and egress from
the arrival vertiport to the destination is considered as extra
travel time for the eVTOL trip. Future research should include
the variations within a day of car travel time, which highly
depend on road congestion and may result in peaks when a
higher number of people switch to UAM. A factor that directly
impacts capacity, an total eVTOL travel time.

The tool is tested in a case study in the province of Madrid,
Spain. A conservative scenario with limited adoption of the
technology (maximum possible 3 % market penetration on
road taxi demand) by potential users predicts losses when
using a large eVTOL with horizontal cruise capabilities, while
the equivalent scenario is profitable for a smaller Multicopter
eVTOL. A sensitivity analysis of the model showed that the
selected locations are similar for moderate levels of adoption,
but can change significantly in very low or very high adoption
scenarios. Future work will focus on including demand elastic-
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Figure 7. Heat map showing the dmean values for the 100 scenarios with
nvert = 10. The reference scenarios are outlined in black.

ity to price in the model through a discrete choice model based
on an intended use poll data. This discrete choice model could
be used to include other powerful factors in modal choice,
such as reliability, safety perception, privacy, access time, or
predictability. Finally, broadening the study to additional areas
will aid in generalizing the methodology and findings.
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